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1. Introduction
Every year naturally and anthropogenically triggered landslides are causing
fatalities or damage on houses, linear infrastructure (roads, train tracks) or
farmland. While only few data is available to describe the total count of fatalities
worldwide, a study of reported fatalities between the years 2004 – 2010 allows a first
estimation (Petley 2012). Globally, information on 2620 landslides causing 32,322
documented fatalities was collected (Petley 2012). While the hot spots of these
landslides and fatalities are located in Asia, in Europe and the United States these
numbers might be considered as comparably low (Petley 2012). Perhaps the
awareness of possible impacts of landslides is considered being low, and this natural
hazard is often underestimated by people and governing authorities, due the limited
affected local areas (Committee on the review of the national landslide hazards
mitigation strategy, board on earth sciences and resources, division on earth and life
studies 2004; Hervás 2003).
Similarly, in Austria damage and fatalities caused by landslides (debris flows and
slides) occurred in the past, while the awareness was considered as rather low.
Events such as in 2005 in Gasen and Haslau or in 2009 in Feldbach or in the
province of Lower Austria, with a total number of around 4000 landslide events
brought the possible effects of landslides to the mind of authorities, residents and
the media (Abteilung Feuerwehr und Zivilschutz, Amt der NÖ Landesregierung
2010; BMLFUW 2010; Damm et al. 2010; Hornich and Adelwöhrer 2010; Schwarz
and Tilch 2008). These events increased the demand for tools (e.g. landslide
susceptibility maps) to consider not only debris flows, avalanches and floods but also
sliding and rock fall processes in provincial spatial planning (Pomaroli et al. 2011;
Rudolf-Miklau 2007). This describes an ongoing transformation from post-disaster
recovery practices to introducing pre-disaster mitigation strategies in Austria
(Alexander 2002; Petschko et al. 2014c).
Generally, landslide susceptibility describes the likelihood of a landslide event
occurring in an area on the basis of the local terrain conditions (Brabb 1984).
Implementing these new tools in spatial planning would be beneficiary aiming at the
avoidance of the hazard by preventing development in undesirable locations or
undesirable types of development (Cascini 2008; Pomaroli et al. 2011; Sapountzaki et
al. 2011; Schwab et al. 2005). Furthermore, they might contribute to a better
understanding and awareness regarding landslide susceptibility including the
existence of remaining susceptibility even after installing mitigation measures
(Committee on the review of the national landslide hazards mitigation strategy,
board on earth sciences and resources, division on earth and life studies 2004).
With this thesis I want to contribute to the research in the field of providing
landslide susceptibility maps prepared for implementation in spatial planning
strategies. This includes the evaluation of effective methods for landslide inventory
mapping, the assessment of the quality of landslide susceptibility maps questioning
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the appropriateness and limitations of these maps for use in a planning framework,
and exploring approaches to accommodate the needs of map users.

1.1 Motivation
Landslide susceptibility maps have a huge potential for being implemented in
spatial planning strategies. They provide spatially comprehensive and coherent
information on the landslide susceptibility of an investigated area (Brabb 1984;
Glade et al. 2005; Guzzetti et al. 2006; Guzzetti et al. 2000; Varnes 1984). However,
only few examples are known to date, where landslide susceptibility maps have been
prepared for large, heterogeneous regions in a comparable manner and implemented
in spatial planning strategies (e.g. Bălteanu et al. 2010; Van Den Eeckhaut et al.
2007; Piacentini et al. 2012; Wills et al. 2011).
Furthermore, these maps are resulting from modelling and immediately create a
decisive reality for the users of the map (Egner and Pott 2010). The users of the map
might not know about the uncertainties behind the rather definite looking
boundaries between different landslide susceptibility classes. This leads to a
perception of the maps as a reality, a partitioning of the land according to
susceptibility classes more or less prone to future landslides (Egner 2012). However,
all models are always only a simplification of the reality and uncertainties can only
be minimized but never be eliminated. In other words, “all models are wrong, but
some are useful” (Box 1979). Therefore, there is a demand for a detailed analysis and
communication of the quality of the landslide susceptibility map. Quality in terms of
the input data (landslide inventory), the model performance and reliability of the
(usually) classified susceptibility map.
Hence, the motivation of this study is:








Gaining knowledge on the past occurrence and distribution of landslides
within a large study area
Detecting possible future affected areas/slopes within a large heterogeneous
study area where more detailed (geotechnical) analysis is necessary or
strongly recommended
Providing a landslide susceptibility map comparable for an entire province,
optimized for its implementation in spatial planning, aiding easy
interpretation and well informed decisions of a municipality
Assessing and visualizing uncertainties of the landslide susceptibility map
that might be informative or decisive during the planning process
Supporting the transformation from the reaction to events, to the avoidance
of damage and better preparedness to possible landslide events with userfriendly map products prepared on a planning scale but for large regions

As study area the province of Lower Austria (19,186 km²) was selected. In this
province, a wide range of landslide processes occurs, e.g. debris flows, rock falls,
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earth slides as defined after Cruden and Varnes (1996). Provincial reports highlight
that earth and debris slides regularly cause damage on houses and farmland
(Schweigl and Hervás 2009). The landslide size and density varies throughout the
province.
Therefore, aiming at better preparedness and avoidance of damage due to landslide
events, a project called “Method development of landslide susceptibility modelling for
Lower Austria (MoNOE)” was initiated by the Geological Survey and the
Department of Spatial Planning and Regional Policy of the Provincial Government of
Lower Austria. The objective was, to provide landslide susceptibility maps for the
processes earth and debris slides and rock falls for the entire province on a scale of
1:25,000. These maps will be implemented in the spatial planning procedure of every
municipality of Lower Austria, as first information on possible landslide
susceptibility where more detailed slope stability analysis is necessary. This project
gave room and the opportunity for the present thesis analyzing and presenting the
modelling and generation of landslide susceptibility maps for earth and debris slides
on a scale of 1:25,000 for Lower Austria. Lower Austria portrays a very interesting
study area given the size, the analysis scale and the possible implementation of the
results in spatial planning strategies.

1.2 Thesis outline
Being a cumulative dissertation this thesis is containing both, a monographic part
presenting the framework of the thesis showing how the different publications and
manuscript are all part of a greater research question, and the publications and
manuscript themselves. In the monographic part the theory and state of the art of
landslide susceptibility research, the hypotheses of this study, a description of the
study area and the materials used are described in detail giving a framework for the
research. While the focus is more on the theoretical background and presentation of
the research objective, the methods, the results and a synthesizing discussion of the
different methodologies, results and hypotheses closed by conclusions of the entire
research done and research perspectives are also presented. A more extensive
discussion of the different methodologies used within all the analysis steps is
furthermore provided in the respective publication or manuscript in the annex.
The individual articles published in international journals, books or as conference
proceeding contributions are collected in the synopsis of the publications and
manuscripts in the annex. As the publications present the methods and results of the
studies in full detail, a respective reference to this work was included writing these
passages in the monographic part. Although the publications were coauthored by
other researchers, the referenced passages were written and analyzed solely by the
author of this thesis. More detailed descriptions of the contributions of the different
authors are given for each publication the annex. All together forms the dissertation
and portrays the scientific contribution of this research.
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2. Landslide and susceptibility
mapping – theory, state of the
art and research gaps
2.1 Landslide types and processes
Landslide is only one out of several terms which are used nearly simultaneously in
literature to describe masses moving down a slope. While the term landslide is the
most popular expression (Dikau 1996), the terms mass movement, mass wasting,
slope failure, or slope movements might also be found in literature (Brunsden 1985;
Crozier 1986; Cruden 1991; Terzaghi and Peck 1967; Varnes 1978). Throughout this
manuscript the term landslide is used describing a “movement of a mass of rock,
debris or earth down a slope” (Cruden 1991) or maybe more generally worded “a
downward and outward movement of slope forming materials under the influence of
gravity” (Varnes 1978). Varnes has advocated the term slope movement with the
latter definition.

2.1.1 Landslide classification and features
Landslides of different types occur in a variety of materials and form different
processes. To distinguish between different types the velocity and mechanism of the
movement, the material, the mode of deformation, the geometry of the moving mass
and the water content have to be analyzed (Selby 1993). Unsurprisingly, a large
number of different classifications of landslide types and processes exist, strongly
influenced by the field they emerged from (geology, (geo-) engineering,
geomorphology; Crozier 1986). New landslide classification schemes are still coming
up, however the first classification suggestions were already presented around 80
years ago, amongst others, by (Varnes 1978) Sharpe (1938), Ward (1945), Campbell
(1951), Varnes (1958, 1978), Hutchinson (1968, 1977, 1988), Skempton and
Hutchinson (1969) and Crozier (1973) (as summarized by Crozier (1986)). Newer
classification schemes were proposed by Cruden and Varnes (1996), Dikau et al.
(1996) and most recently by Hungr et al. (2013).
The classification most generally accepted in the international landslide community
and also applied in this study is the one proposed by Varnes (1978) and published
abbreviated by Cruden and Varnes (1996). It distinguishes between different types
of material (bedrock and predominantly coarse or fine soils) and types of movement
(fall, topple, slide, spread, flow and complex). Combining these, for example to “earth
slide”, 16 different types of landslides are classified (Tab. 2.1). The material types
describe the material before its displacement by a landslide (Cruden and Varnes
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1996). Bedrock is defined as intact, hard material that was found in its original
place. In contrast, debris and earth, both summed up to soil, are containing 20 to 80
percent of coarse and more than 80 percent of particles smaller than 2mm
respectively (Cruden and Varnes 1996; Dikau 1996).

Tab. 2.1

Abbreviated classification of landslides (Cruden and Varnes 1996; Varnes 1978)

Type of Movement

Type of material
Bedrock

Engineering soils
Predominantly coarse

Predominantly fine

Fall

Rock fall

Debris fall

Earth fall

Topple

Rock topple

Debris topple

Earth topple

Slide Rotational
Translational
Spread

Rock slide

Debris slide

Earth slide

Rock spread

Debris spread

Earth spread

Flow

Rock flow

Debris flow

Earth flow

Complex

Combination of two or more principal types of movement

Slides are characterized by the presence of a surface of rupture or relatively thin
zones of intense shear strain (Cruden and Varnes 1996). They can be distinguished
according to the shape of the shearing plane in “translational slides” and “rotational
slides” (Fig. 2.1; Varnes 1978). While “rotational slides” show a semicircular shear
surface, the shear surface of translational slides is planar (Dikau 1996). “Rotational
slides” might also be referred to as “slumps” (Selby 1993; Varnes 1978).

Figure 2.1

Schematic of a rotational slide (a) and of a translational slide (b) (modified from
Highland and Bobrowsky 2008, after Varnes 1978).

Landslides show specific morphological features which are decisive detecting and
distinguishing landslides in the field, on aerial photographs, orthophotos or from
digital elevation models (DTMs, Fig. 2.2, Tab. 2.2). These features might be found of
different dimensions (size, depth, number) depending on the current landslide type
and size. They can be found in either, the depletion zone, where the displaced
material lies below the original ground surface, and the accumulation zone, where
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additional material is deposited from the landslide as can be observed by an increase
of the elevation of the original ground surface (Cruden and Varnes 1996).
The overall morphology of the depletion zone is characerized by a concave profile and
planar curvature. It includes the crown, main scarp, minor scarp(s), main body,
surface of rupture and flank of a landslide (Fig. 2.2). Starting from the crown the
depletion zone expands until the toe of the surface of rupture (Fig. 2.2). The
undisplaced material of the crown is located next to the highest parts of the main
scarp (Cruden and Varnes 1996). The main scarp is probably the most distinct
discernible feature of a landslide. Located at the upper edge of a landslide the main
scarp is a steep surface of undisturbed ground giving a glance on the original surface
of rupture (Cruden and Varnes 1996). However, it does not necessarily portray the
initial point of movement in the landslide. This usually remains unknown (Cruden
and Varnes 1996). Minor scarps can be found slope downwards and have a similarly
steep surface as main scarps but are located within the displaced material (Cruden
and Varnes 1996). The boundary between the displaced material and the original
surface is termed the surface of rupture (Fig. 2.2; Cruden and Varnes 1996).

Figure 2.2 Schematic illustration of a complex slide (rotational slide evolved into an earth flow)
illustrating commonly used labels for the parts of a landslide (modified from Highland and
Bobrowsky 2008, after Varnes 1978)

In contrast to the depletion zone, the accumulation zone generally shows a convex
profile and planar curvature. However, this general form can be disturbed by
transverse and radial cracks and ridges. The feature most distant from the main
scarp that represents the lower end of the displaced material of the landslide is
termed the toe (Varnes 1978). The accumulation zone expands from the toe of the
surface of rupture to the landslide toe (Cruden and Varnes 1996; Fig. 2.2).
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For more detailed information on characteristic features of each landslide section
please refert to Table 2.2 (Rib and Liang 1978). Only a selection of landslide types
(rotational and translational slides, rock and debris slides and soil (earth) flow) is
presented in this thesis, as only these types were analysed (Tab. 2.2).
In the following rotational and translational slides are characterized in more detail,
providing a basis for the applied landslide mapping criteria. Characteristic for
rotational slides are backwards-tilted surfaces in the upper part of the slide (head)
oriented toward the scarps and forming crevasses (so called Nackentälchen; Cruden
and Varnes 1996; Dikau 1996; Rib and Liang 1978). Within these, small ponds,
which can form from obstruction of overland flow, can be observed in the field or on
remote sensing imagery (Buma and van Asch 1996; Varnes 1978). Using contour
lines (from topographic maps or derived from DTMs) areas of rotational slides are
characterized by irregular, wavy and in the scarp areas closely spaced, curved
contour lines (Rib and Liang 1978). This morphology arises from the movement
mechanism and the evolvement of minor scarps, ridges and cracks. Furthermore,
some material might move downwards the slope in discrete blocks caused by
transverse cracks (Buma and van Asch 1996). Whereas other landslide types might
be bond to the presence of specific material, rotational slides can occur in a broad
range of parent materials (Buma and van Asch 1996).
In contrast to rotational slides translational may be very different according to the
material they occur in. Translational earth slides, or slab slides as termed by Dikau
et al. (1996), occur in soils, weathered from clays, mudrocks and silty clays (Ibsen et
al. 1996). Characteristically, translational earth slides are highly influenced by the
pedological or geological structure. Generally spoken, the surface of rupture usually
evolves along discontinuities or in a shear zone where permeable and impermeable
layers are superimposed on each other (Ibsen et al. 1996). This might occur at a
surface of unweathered or lightly weathered bedrock, a pedogenic horizon or a
structural surface (Ibsen et al. 1996). Ridges or waves might form at the toe of a slab
slide by bucking, wedging or heaving processes when the block of material is
comparably thin (Ibsen et al. 1996). Relative to their length and width and compared
to rotational slides, translational earth slides are usually shallow (Ibsen et al. 1996).
As their movement is strongly related to the water content and therefore the
groundwater level, the movement shows seasonality with faster movement during
wet months (Ibsen et al. 1996).
Another type of translational slides is debris slides. They occur in unconsolidated
material (colluvium or weathered portions of usually densely fractured rock masses)
and are rather shallow (0.5m - 1.5m; Corominas 1996; Varnes 1978). The failure
occurs at the contact zone of bedrock, regolith cover and at discontinuity planes such
as bedding planes or schistosity (Corominas 1996). Water plays a role for the start of
the movement but intense rainfall and earthquakes are more important for the
initiation (Corominas 1996). Therefore, also the aspect of the slope is decisive, as it
has an influence on the moisture conditions (Crozier 1986). Furthermore, the
presence or absence of vegetation cover and the steepness of the slope play an
important role (Corominas 1996).
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Tab. 2.2

Summary of features characterizing and aiding the recognition of selected landslide types (according to the classification used in Dikau 1996), modified
after Rib and Liang (1978)

Landslide
type

Landslide sections
Crown

Main scarp

Flanks

Head

Body

Foot

Toe

Slide
(rotational)

Has cracks that
tend to follow
facture patterns
in the original
rock, in debris or
soil cracks are
mostly curved
concave toward
the slide

Steep, bare,
concave toward
slide and
commonly high;
may show striae
and furrows on
surface running
from crown to
head; may be
vertical in upper
part

Have striae with
strong vertical
component near
head and strong
horizontal
component near
foot; have scarp
height that
decreases toward
foot; may be
higher than
original ground
surface between
foot and toe; have
'en echelon' cracks
that outline slide
in early stages

Remnants of land
surface flatter
than original
slope or even
tilted into hill,
creating at base of
main scarp
depressions in
which perimeter
ponds form; has
transverse cracks,
minor scarps,
grabens, fault
blocks; bedding
attitude different
from surrounding;
trees lean uphill

Consists of
original slump
blocks generally
broken into
smaller masses;
has longitudinal
cracks, pressure
ridges and
occasional over
thrusting;
commonly
develops small
pond just above
the foot

Commonly
transverse cracks
developing over
the foot line and
transverse
pressure ridges
developing below
the foot line; has
zone of uplift, no
large individual
blocks and trees
that lean downhill

Often a zone of
earth flow of
lobate form in
which material is
rolled over and
buried; has trees
that lie flat or at
various angles
and are mixed
into the toe
material; in rock
there is little or
no flow, often
nearly straight
and close to the
foot may have
steep front

Slide
(translational)

Has cracks most
of which are
nearly vertical
and tend to follow
the contour of the
slope

Nearly vertical in
upper part and
nearly planar and
gently sloping in
lower part

Low scarps with
vertical cracks
that usually
diverge downhill

Relatively
undisturbed and
has no rotation

Usually composed
of single or few
units; is
undisturbed
except for
common tension
cracks that show
little or no
vertical
displacement
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Flows or overrides
ground surface

Landslide
type

Landslide sections
Crown

Main scarp

Flanks

Head

Body

Foot

Toe

Rock slide,
debris slide,
mudslide*

Consists of loose
material and has
cracks between
blocks

Usually stepped
according to
spacing of joints
or bedding planes;
has irregular
surface in upper
part and is planar
or gently sloping
in lower pan

Irregular

Many blocks of
rock, debris or soil

Rough surface of
many blocks some
of which may be
in approximately
their original
attitude but lower
if movement was
slow, shows flow
structure

Consists of an
accumulation
zone of rock,
debris or soil;
spreading and
lobate; often
consists of
material rolled
over and buried

Soil flow

Few cracks

Steep and concave
toward slide; may
have a variety of
shapes in outline;
nearly straight,
gentle arc,
circular or bottleshaped

Conical heap of
soil, equal in
volume to the
head region

Spreading and
lobate

*Note: While the term mudslide is used in the European context, the term earthflow is more common in North America.
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Recently a new version of the classification scheme proposed by Cruden and Varnes
(1996) was published by Hungr et al. (2013). This new classification scheme was
done to incorporate up to date findings characterizing the landslide processes and to
introduce general geological and geoengineering terms (Hungr et al. 2013). It
contains 32 different types of landslide processes and gives room for user
customization creating a term best appropriate for the landslide processes dealt
with. Furthermore, the compatibility of the wording with the old classification
system of Varnes (1978) and Cruden and Varnes (1996) was taken care of (Hungr et
al. 2013). This should prevent misunderstandings reading and comparing old and
recent literature (Hungr et al. 2013). However, this is a very recent development,
published after the landslide inventory mapping was done for this study. Therefore,
this new classification is not considered or applied here.
Naturally, distinguishing these idealized landslide forms and types in nature can be
challenging (Crozier 1986). One process observed in the nature might represent
multiple processes according to the classification (Dikau 1996). Therefore, often a
mix of movement and material types is combined to a complex landslide e.g. a
rotational earth slide-earth flow (Cruden and Varnes 1996).

2.1.2 Considerations on systems theory and basic concepts
The theoretical background of this thesis can be aligned with the paradigm of the
systems theory which was introduced to geomorphology with the quantitative
revolution initiated by Arthur N. Strahler (1952; 1950). In the 1950s and 1960s
Arthur Strahler and Richard Chorley recognized the relevance of the general
systems theory based on Bertalanffy (1956; 1950) to geomorphology (Chorley 1962;
Chorley and Kennedy 1971; Strahler 1980; Strahler 1950). The systems approach or
theory reached wider acceptance with publications of Richard Chorley (1962) and
later a book published by him together with Barbara Kennedy (1971). Since, the
systems approach has been dominating the physical geography and geomorphology
(Egner 2010). Nowadays, this theory developed to an implicit theory used by many
physical geographers and geomorphologists, but not reflected, questioned or
analyzed in the daily research practice (Egner and Von Elverfeldt 2009; Von
Elverfeldt and Glade 2011; Von Elverfeldt and Keiler 2008; Scheidegger 1992).
Whereas this “old” systems theory still influences the way of thinking, recently new
trends evolved in this field considering nonlinearity and complexity in
geomorphology (Von Elverfeldt and Glade 2011; Keiler 2011; Phillips 2009a). Both is
briefly introduced and reflected on in this chapter providing a theoretical
background of this research and the perspective of an emerging research field.
Traditionally a system is defined as “a structured set of objects and/or attributes.
These objects and attributes consist of components or variables (i.e. phenomena which
are free to assume variable magnitudes) that exhibit discernible relationships with
one another and operate together as a complex whole, according to some observed
pattern.” (Chorley and Kennedy 1971). Therefore, using systems theory looking at
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the objects of interest we look at interacting elements and transformation processes,
influenced by inputs from the environment and its produced outputs (except in
morphological systems; Egner and Von Elverfeldt 2009; Von Elverfeldt and Glade
2011).
Focusing on physical geography, Richard Chorley and Barbara Kennedy distinguish
four different structural types of inanimate systems (Chorley and Kennedy 1971): (a)
morphological systems; (b) cascading systems; (c) process-response systems and (d)
control systems. Some additions introducing morphologic evolutionary systems to
this classification were done later e.g. by Slaymaker (1991) and Dikau (1998). The
main difference between these system types is the degree of complexity increasing
from morphological systems to control systems (Chorley and Kennedy 1971):
Morphological systems consist of the physical elements of the system, e.g. slope
geometry including amongst others slope angle, slope aspect, permeability or soil
depth (Chorley and Kennedy 1971; Von Elverfeldt and Keiler 2008). The degree and
direction of relationship between these elements can be assessed with correlation
analysis (Chorley and Kennedy 1971). At cascading systems additionally to the
physical elements also the input, throughput and output of the subsystems in form of
energy or mass (e.g. water, sediment) is analyzed (Chorley and Kennedy 1971; Von
Elverfeldt and Keiler 2008). Regulators might influence the flow, or cause storage of
energy or mass. Therefore, the relationship of input and output is of high interest
analyzing cascading systems. The combination of cascading and morphological
systems using regulators or storage (e.g. internal friction angle of slope material as
part of the morphological system) describes process-response systems (Chorley and
Kennedy 1971). A control system describes a process-response system where humans
change the system intentionally and controlled, e.g. influencing the regulators in a
cascading system (e.g. changing the slope geometry to install technical landslide
mitigation measures; Chorley and Kennedy 1971; Von Elverfeldt and Keiler 2008).
All these relatively low-complexity systems interact with higher-level structures of
plants, animals, and human societies (Chorley and Kennedy 1971). A more detailed
definition and description of these system types can be found in Chorley and
Kennedy (1971) and is discussed amongst others by Slaymaker (1991), Dikau (1998),
Hugget (2007), Von Elverfeldt and Keiler (2008) and Von Elverfeldt and Glade
(2011).
In this understanding, describing a system necessitates knowing the parts and the
relationships between the parts (Egner and Von Elverfeldt 2009; Slaymaker 1991).
Furthermore, the surrounding environment has a high influence on the system,
possibly changing the links between the system elements and determining the
systems behavior (Von Elverfeldt and Glade 2011). When this input and output of
mass and energy is balanced, e.g. by self-adjustment or self-regulatory processes of
the elements and variables within a system, the system can be assumed as being in
equilibrium (Bracken and Wainwright 2006; Von Elverfeldt and Glade 2011).
However, this is only one out of many equilibrium concepts in geomorphology as
reviewed by Bracken and Wainwright (2006) and Phillips (2006a; Von Elverfeldt and
Glade 2011). Generally, the aim of a geomorphic system might be described as to
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reach this equilibrium, constantly balancing the interaction with its environment
(Von Elverfeldt and Glade 2011). This equilibrium thinking is still present in
research on geomorphology (Bracken and Wainwright 2006; Von Elverfeldt and
Glade 2011).
Furthermore, in the framework of systems theory the concepts of causality, scales
and reductionism are applied. Causality describes that one cause has one effect,
which is reproducible and repeatable (e.g. changes in the environment cause changes
within the system; Embleton-Hamann et al. 2013). Within scales, the concepts of
“graded time” and “steady time” are leading the way within which linear and causal
relationships and equilibria are assumed (Von Elverfeldt and Glade 2011). Trying to
describe and understand the reality better, looking at the ‘reality’ using subsections
of space and time (the reductionist view) and summing this up to the larger entity is
assumed to be appropriate (Von Elverfeldt and Glade 2011; Sarewitz and Pielke
1999).
This general paradigm of systems theory is the basis for landslide susceptibility,
hazard or risk analysis. Different concepts alongside the systems theory are of
importance for this thesis. These are the concepts of uniformitarianism and the
quantitative, nearly mechanic, understanding of landslide mechanisms. With the
quantitative revolution in the 1950s and 1960s many long known concepts from
other disciplines (e.g. engineering, soil science, geology, and statistics) which
included a quantitative approach found a place in geomorphology (Orme 2002).
Landslide processes are considered to occur in a system that might be defined in
physics as open complex but organized (Huggett 2007). More precisely, in this thesis
systems are looked at as open process-response systems or in case of human
interference as control systems (Chorley and Kennedy 1971; Huggett 2007;
Slaymaker 1991). Therefore, knowing the input to the system, the output can be
estimated using different models (or) describing the system itself as detailed as
possible. Applying this to landslides, knowing the rainfall or earthquake intensity
(as input to the system) and the details of the slope (e.g. mechanics, hydrology,
topography) the output (e.g. sediment) could be defined. According to this basic
concept physically based models are facilitated to describe and model landslide
processes.
“The present is the key to the past” or in other words “the past is the key to the
future” is the core assumption of the concept of uniformitarianism after James
Hutton (1726-1797) (Fig. 2.3; Carrara et al. 1995; Orme 2002). This was later
adapted and published by Charles Lyell (geologist, 1797-1875) which is probably why
nowadays the uniformitarianism is mainly attributed to him (Orme 2002). Using
quantitative methods for analyzing geomorphic processes is the point of intersection
between the uniformitarianism concept and quantitative methods. Many statistical
tests and models were already provided before 1900 (Orme 2002). However,
nowadays geomorphologists still rediscover those methods, as for example rather
recently in landslide susceptibility modelling. This concept is an important basic
principle for many statistical or also physically based modelling approaches which
are very frequently used by geomorphologists (e.g. Carrara et al. 1995). It is
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facilitated by analyzing the characteristics of past geomorphic processes to learn
about possible future processes and effects.
The “mass movement theory” or concept dating back to 1773 has its foundations in
Coulomb’s equation on slope stability (Fig. 2.3; Orme 2002):
(1),
where τ is the shear strength, c is the non-directional cohesion per unit area, the
effective normal stress on the slide plane is σ and φ is the internal friction angle
(Crozier 1986; Orme 2002). This equation was refined (e.g. Collin 1846; Mohr 1872;
1871; Orme 2002) and found wider acceptance in the science of soil mechanics in
writings of Terzaghi, Fellenius and Krey (e.g. Skempton 1979; Terzaghi 1925).
However, some years went by, until this rather mathematical concept of describing
the internal mechanics of landslides was introduced in geomorphology in the 1960s
(Fig. 2.3, Leopold et al. 1964; Orme 2002).

Figure 2.3 The rise and fall of selected concepts in geomorphology and related fields (own adaption
after Orme (2002))

While limitations of the systems theory approach were outlined already earlier
(Scheidegger 1992; Schumm and Lichty 1965) systems theory has only recently been
studied in more detail with a tendency towards a theory of nonlinear complex or
chaotic systems (as described amongst others by (Bak 1996; Dikau 2006; Von
Elverfeldt 2012; Keiler 2011; Lam 2000; Murray et al. 2014; Phillips 2011; Phillips
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2009a; Phillips 2009b; Phillips 2006a; Phillips 2006b; Phillips 1999; Phillips 1992a;
Phillips 1992b). These new additions are changing the focus from systems in
equilibrium states towards systems in nonequilibrium states showing nonlinear,
complex, chaotic, emergent and/or self-organized behavior (Hergarten 2002; Phillips
1992a; Phillips 1992b; Schumm 1991). They give a different, maybe additional,
picture on how geomorphic processes work and comment on inconsistencies in the
old approach.
Von Elverfeldt and Glade (2011) discuss some discrepancies in detail providing an
outlook on possible ways to meet these challenges. These inconsistencies include the
undefined way to delineate a system or the contradictions of the systems approach
with the causality (cause-effect relationships) concept. The exact way of
distinguishing between parts within and outside of a system remains unclear and
the identification of all parts of a system is challenging (Brunotte 2002; Von
Elverfeldt and Keiler 2008). A possible solution to this challenge is describing the
system boundaries according to differences in the flux of energy and mass between
inside and outside the system (Christopherson 2006; Von Elverfeldt and Keiler
2008). However, the delineation of system boundaries in contrast to the environment
is impossible describing geomorphic systems as open systems, with interactions
between the (sub-) systems (Von Elverfeldt and Glade 2011; Von Elverfeldt and
Keiler 2008). The majority of geomorphic systems are considered to be open systems,
as energy and mass are constantly exchanged within the system and external with
the environment (Von Elverfeldt and Keiler 2008; Huggett 2007; Schrott 2002).
Furthermore, they are nested and connected as the output of a system may be the
input of another system (Schrott 2002). This is troublesome for selecting the way of
thinking in systems, as their delineation is challenging. Additionally, the traditional
understanding of causality is violated within systems theory as interactions and
more than one possible effect out of one cause are possible (e.g. morphological
convergence of forms Brunsden and Thornes 1979; Von Elverfeldt 2012).
Besides, newly to geomorphology introduced concepts of nonlinearity, chaos and
complexity alter the main interest of geomorphological research as for example
emergence might occur, meaning in short after ARISTOTLE “The whole is more
than the sum of its parts” (Von Elverfeldt and Keiler 2008; Embleton-Hamann et al.
2013; Phillips 1999). This suggests, that applying a reductionist approach, or trying
to define all the elements of a system is not enough. Therefore, the focus of
geomorphological research should be moving away from analyzing these external
influences on the system (such as triggers of landslides) to analyzing the internal
(maybe even self-organizing) processes within the system itself (Von Elverfeldt and
Glade 2011). This transition from the idea of a (steady-state) equilibrium, zonal and
mature forms and external causality of geomorphic processes to the recognition of
multiple potential characteristic or equilibrium forms and self-organized system
(re)action is generally seen as a broadening of approaches, not as a replacement of
former ideas (Von Elverfeldt and Glade 2011; Phillips 2009a).
Whereas this new developments in geomorphic systems theory summarized as
second-order systems theory (Egner and Von Elverfeldt 2009) are of high interest
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aiming towards a better understanding e.g. of landslide processes, it has to pointed
out that this thesis is grounded in the previously described “traditional” systems
approach (after Chorley and Kennedy 1971).

2.1.3 Landslide triggers and predisposing factors
Slope stability is commonly described distinguishing three stability states: (1) stable,
(2) marginally stable and (3) actively unstable (Crozier 1986). The transition from
one stability state into the other is influenced by preparatory, triggering and
predisposing factors, while controlling factors define the movement form, rate and
duration (Fig 2.4; Crozier 1986; Glade and Crozier 2005). This transition from a
stable or even marginally stable state to an actively unstable state is caused by
changes in the distribution of resistance (shear strength) and shear stresses within
the slope (Crozier 1986).

Figure 2.4 Slope stability states and destabilizing factors (based on Crozier, 1986)

The amount of shear strength and shear stress is dependent on the type of material,
more specifically on its cohesion and internal friction angle (Crozier 1986). While the
cohesion gives a measure for the shear strength independent of any weight imposed
on the shear surface, the internal friction angle gives the shear strength resulting
from the weight of the material acting on the shear plane as normal stress (Crozier,
1986). Therefore, the weight not only provides shear strength, it also produces shear
stress depending on the shear plane angle (Crozier 1986). Additionally, the pore
water pressure is of importance for slope stability. Under saturated conditions, e.g.
resulting from a (ground)water table above the shear plane, the pore water pressure
is positive leading to a reduction of the resistance within the slope (Crozier 1986). In
contrast to this, the pore water pressure is negative in unsaturated conditions due to
the tension coming from the attached water. Therefore, in unsaturated conditions
the pore water pressure provides an increase in shear strength (Crozier 1986). In
short, besides the type of material the availability and amount of water within the
slope is decisive for its stability. The different reasons for high or low water
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availability, permeability and void space are discussed in detail in literature, e.g.
Crozier (1986), Selby (1993) or Glade et al. (2005).
Thresholds of slope stability play an important role in this transition of stability
states. Schumm describes geomorphic thresholds as “a threshold of landform
stability that is exceeded either by intrinsic change of the landform itself, or by a
progressive change of an external variable” (Schumm 1979). The core of this concept
is that abrupt changes in the system are not always related to a change in an
external variable but the geomorphic threshold might be exceeded by normal
development of a landscape (Schumm 1979). In detail he distinguishes between
extrinsic and intrinsic thresholds: (a) Extrinsic thresholds describe the point at
which the response of the system to an external influence, or relatively fast acting
preparatory factors, occurs (Schumm 1979). This external influence (e.g. change in
climate or land-use) might change progressively and without its presence the
threshold would not be crossed and no change within the system might occur
(Schumm 1979). (b) Intrinsic thresholds might be exceeded by slow preparatory
factors such as long-term progressive weathering (Crozier 1986; Glade and Crozier
2005; Kirkby 1973; Schumm 1979). These describe changes occurring without a
change in an external variable (Schumm 1979).
In detail, predisposing factors are distinguished from preparatory ones by their
static opposed to a dynamic behavior (Glade and Crozier 2005). Predisposing factors
influence the margin of stability inherently and act as a catalyst to allow other
destabilizing factors to act more effectively (characteristics of different slope
material e.g. weathering mechanism and speed, bedding and dipping; Glade and
Crozier, 2005). The dynamic preparatory factors are defined as factors that reduce
the margin of stability of a slope over time without actually initiating movement and
placing the slope in a marginally stable state (Crozier 1986; Glade and Crozier
2005). Preparatory factors affected by weathering, climate change and tectonic uplift
may act slowly over time. In contrast, factors such as deforestation or over steeping
due to erosion may act relatively quicker over time (Glade and Crozier 2005).
Triggering factors (e.g. rainfall, earthquakes, additional water supply) initiate the
movement of the slope by transferring the slope system from a marginally stable
state into an actively unstable state (Crozier 1986). However, the action of a
triggering factor can only partially be attributed to the actual cause of a landslide
(Crozier 1986). Many more destabilizing (preparatory or predisposing) factors may
have reduced the shear strength and/or piled up the shear stresses so that the
trigger factor was just the last bit missing to initiate landslide movement (Crozier
1986).
More detailed summaries and examples of destabilizing mechanisms and factors can
be found manifold in literature (e.g. Brunsden 2001; Brunsden 1993; Crozier 1986;
Dikau 1996; Selby 1993). These include natural processes and triggers and
anthropogenic influences on slope stability, i.e. the slope material and water supply.
The natural processes are summarized here (Tab.2.3). For specific anthropogenic
influences refer to section 2.1.4.
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The ability of landforms to change, known as sensitivity to change, is varying
spatially and temporally (Brunsden 2001). Therefore, stability is a function of
temporal and spatial distributions of forces changing the balance of shear stress and
shear strength (Brunsden 1990). Only if triggering events meet a marginally stable
system, which is highly influenced by predisposing and preparatory factors, an event
might be triggered (Fig. 2.5). This variability in disposition and triggering events is
decisive for the occurrence of a landslide event (Zimmermann et al. 1997).
Tab. 2.3

Classification of preparatory and triggering processes of landslides (after Brunsden 1993)

External process group

Causal processes

Description

Weathering: physical, chemical
and biological

Physical
properties
Chemical
properties

Changes in
particle size
Cation exchange,
cementation
Internal layers
and basal surface,
development of
weak
discontinuities

Horizonation

Specific effect on
stability state of the
slope system
(examples only).
Changes in:
Density, unit weight
strength, strength,
permeability, vertical
and spatial strength
variation, total
stress, critical depth,
friction, cleft water
pressure

Regolith
thickness

Weathering >
erosion,
accumulation in
hollows and foot
of slope, soil
ripening

Geometrical
change

Relief, height,
length, angle,
aspect

Unloading

Removal of lateral
support,
expansion,
swelling,
fissuring, strain
softening, stress
concentration

Ground subsidence

Undermining

Mechanical
eluviation of fines,
solution, leaching,
removal of
cement, seepage
erosion,
backsapping,
piping

Strength, physical
support,
consolidation, water
concentration, pore
water pressure

Deposition of fluvial, glacial and
mass movement

Loading

Solifluction,
mudsliding,
rockfall, deltaic
addition, talus
accumulation

Water content,
weight, strength,
stress

Erosion fluvial, glacial and
coastal, material removal from
the face or base of slope

New material added to face or
top of slope
Undrained

Total stresses,
permeability,
strength
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loading

Underconsolidation,
pore pressure

Shocks and vibrations, seismic
activity

Vertical and
horizontal
movements

Shocks of varying
frequency,
magnitude,
intensity,
duration,
disturbance to
intergranular
bonds and
cements, watertable change

Horizontal stress,
strength, excess
pressures

Air fall of loess, tephra

Mantling with
fine regolith.
Addition of fine
components to
soil

New slope created
with strong
discontinuity
beneath

Strength, water
content, water
pressures

Water regime change,

Perched water
tables, surface
saturation

Piping flooding,
lake bursts

Water pressures

“Wet” rainfall
years, intense
precipitation,
snow and ice
melt, drawdown

Excess pressures,
water-table, pore
pressure, weight

geomorphological or
meteorological

Water table and
pressure change

Complex “follow on” or run out
processes after initial failure,
bank collapse, seismic slope
failure

Liquefaction,
remoulding,
fluidization, air
layer lubrication,
cohesionless
grain flow

Strength, water
distribution,
consolidation, friction

Figure 2.5 Disposition triggering concept, modified following Kienholz et al. (2004), translated and
modified after Zimmermann et al. (1997). (Note: arrows indicate direction of increasing
values).
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2.1.4 Human impact on landslides and their mapping
Human drivers of landscape change are significant in most biomes of the world
(Spencer et al. 2009). Amongst these, the observed human impact on landslides and
their mapping is twofold. On the one hand, there is the globally reported human
impact on landslide activity (preparatory or triggering factors). On the other hand,
human activity may influence the visibility of landslides in the field or on remote
sensing imagery.
Besides natural processes, also human interference and activity may generate
preparatory or even triggering factors causing slope instability. Brunsden (2001)
distinguished between morphological, material and hydrological controls which are
influenced by anthropogenic activity (Tab. 2.4).
Tab. 2.4

Anthropogenic preparatory and triggering causes of landslides (after Brunsden (2001))

System
specification

Morphological
control

Material
control

Construction

Structure

Fabric

Pile,
Rock
anchor,
Pin,
Retain,
Reinforce

Chuman,
Shotcrete,
Compact,
Grout

Preparation
process

Cut / fill

Blasting
Vibration

Forcing
functions

Planning, Dynamic growth of city and infrastructure,
Maintenance and control

Specification
change

Load, Unload,
Slope form

Permeability
strength

Bulk
strength
voids

e.g. direct
trigger

Critical stress

Critical
strength

Critical stress and
strength

e.g.
landslide
response

All forms of
slide

Rock falls
and slides

All forms

Erosion
strength
voids

Hydrological
control
Ground
water
Tunnel,
Drain,
Supply,
Sewer

Surface
water
Catch,
Store,
Drain,
Supply

Height,
Pressure,
Internal
erosion,
Weep hole,
Efficiency,
Chemistry

Volume
erosion

Rotation
Non-circular

Debris
flow

Human impact on landslides as a source of vibration, undercutting of possibly
unstable slopes due to construction of buildings or roads, filling landforms or loading
of material on the slope, the additional supply of water or drainage of water into a
different area or land use change (e.g. deforestation) was reported and analyzed all
over the world (e.g. Andrecs et al. 2007; Bai et al. 2010; Beguería 2006a; Bonachea et
al. 2010; Borga et al. 2005; Bruschi et al. 2013; Van Den Eeckhaut et al. 2010;
García-Ruiz et al. 2010; Glade 2003; Goetz 2012; Guthrie 2002; Krejci et al. 2002;
Larsen 2008; Preuth et al. 2010; Regmi et al. 2014; Zezere et al. 1999).
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On example of anthropogenic interference in a slope system is the construction of
buildings or roads. Any construction may have large effects on the hydrological and
soil mechanical slope characteristics which might ultimately cause a slope failure
(Fig. 2.6). Multiple changes listed in Table (2.4) occur during construction work:
slope undercut and fill, additional supply of water from the roof, or a potential
leakage of underground services and vegetation clearance (Fig. 2.6).

Figure 2.6 Factors influencing slope stability of a building site on a hillslope (After Worley
Consultants Ltd. 1987 in Selby 1993)

Human impact on geomorphic processes including landslide initiation was
previously analyzed quantitatively (1) from exploratory analysis of landslide
inventories (e.g. Glade 1996; Zezere et al. 1999), (2) from geoarchives (sediments
cores (lakes, estuaries (Bonachea et al. 2010; Glade 2003)), (3) by statistical analysis
of the proximity to or presence of construction works (infrastructure, roads, houses;
e.g. Chung and Leclerc 2003; Tien Bui et al. 2012; Yalcin et al. 2011) or land
use/cover change (e.g. Beguería 2006a; Guns and Vanacker 2012), or (4) by
introducing a human impact proxy such as the GDP (general gross product;
Cendrero et al. 2006), population density (Remondo et al. 2005), building density,
road density or land price in the landslide susceptibility analysis (Zhao et al. 2010).
These studies revealed all different kinds of human impact on landslide initiation
and showed some ways of incorporating these in regional analysis. Furthermore, it
was pointed out that after stopping the anthropogenic interference its effects on the
slope stability remain detectable for many years (Beguería 2006a). This may occur,
although the roots of newly upcoming vegetation were found to provide a stabilizing
effect on slope stability, or although technical stabilizing methods were installed (e.g.
Glade 2003). Therefore, considering the possible effects of human impact besides
natural predisposing and preparatory factors influencing the slope stability in the
planning process is of high importance.
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Additionally, human impact influences the persistence of landslide morphology and
therefore the visibility of landslides either in the field or on any kind of remote
sensing imagery. Due to farming or building activity the morphological footprint of
landslides might be not visible anymore after a short period (e.g. within a year; Bell
et al. 2012). This influence of anthropogenic activity on the visibility and persistence
of landslide morphology was reported e.g. by Fiorucci et al. (2011), Guzzetti et al.
(2003), Matthews et al. (1997) and was analyzed in Lower Austria within this study
(refer to Bell et al. 2012). This influence renders the assessment of the (relative) age
of landslides with dating methods almost impossible (Lang et al. 1999).
Furthermore, it portrays a limitation concerning the completeness of landslide
inventories which is discussed in more detail later.
More details on anthropogenic interference types on slope stability in the study area
Lower Austria are presented in section 4.4.

2.2 Landslide inventory mapping
Landslide inventories are storing the location of landslides in an area and give
information on previous landslide occurrence in a region (Guzzetti et al. 2000).
Therefore, a landslide inventory is the simplest form of landslide zonation,
considering that many new landslides might occur as a reactivation of old landslides
(Crozier 1986; Deadman 2014). The drawback is though, that the inventories are not
showing possibly future affected areas outside of mapped landslides (Fell et al. 2008;
Guzzetti et al. 2000; van Westen et al. 2008).
Aside from that, landslide inventories are prerequisites for analyzing landslide
processes, their activity, magnitude and frequency, predisposing and preparatory
factors, landslide susceptibility, and also contribute to related vulnerability and risk
analysis (Fell et al. 2008; Ghosh et al. 2012; Guzzetti et al. 2000; Soeters and Van
Westen 1996). Furthermore, their availability is crucial for assessing the success and
predictive power of the applied models used to derive landslide susceptibility, hazard
or risk maps (Beguería 2006b; Chung and Fabbri 2003).
Independent from the planned purpose of the landslide inventory, its quality
regarding complete or substantially complete spatial and temporal information on
landslide occurrence in the past (Malamud et al. 2004), amount of stored information
(e.g. date of occurrence, trigger, caused damage), positional accuracy of the mapped
landslide and correctness in the assigned landslide type/age/extent is decisive for its
usability (Ardizzone et al. 2002; Galli et al. 2008; Glade et al. 2005; Guzzetti et al.
2012; Petschko et al. 2014a; Soeters and Van Westen 1996; van Westen et al. 2008).
However, the positional accuracy of single landslides is the minimum and maybe
most important information stored in an inventory (Aleotti and Chowdhury 1999;
Fell et al. 2008; Malamud et al. 2004). Wrong locations of landslides clearly affect
the reliability of the modelling or model performance results (Malamud et al. 2004;
van Westen et al. 2008). This is of importance if the resulting e.g. susceptibility
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maps are applied within land use development plans or zonings (Petschko et al.
2014a).
In general two different types of landslide inventories are distinguished: event and
historical landslide inventory (Malamud et al. 2004). An event inventory portrays all
landslides that occurred after a specific trigger event and allow the analysis of
rainfall thresholds or other triggering events (e.g. earthquakes; Guzzetti et al. 2000;
Malamud et al. 2004). Historical inventories are cumulative inventories containing
all landslides that are visible on the analyzed (multi temporal) imagery (Malamud et
al. 2004). Usually the date or time and circumstances of the triggering of each of
these landslides are unknown (Guzzetti et al. 2000). Furthermore, the landslides
might be several hundred or even thousands of years old (Guzzetti et al. 2000).
The general principle of inventory mapping/detection methods is the mapping of
discernible features (Tab. 2.2) that remain after a landslide has occurred (Carrara
and Merenda 1976; Guzzetti 2005; McCalpin 1984; Wieczorek 1984). The wide and
growing availability of geographical information system (GIS) software and the
constant development of new technologies revolutionize methods for landslide
inventory mapping permanently (Guzzetti et al. 2012). Guzzetti et al. (2012) and
Van Westen et al. (2008) gave a profound overview on different landslide inventory
mapping techniques, which is why here only a brief selection of the most important
and maybe promising methods is presented: Landslide inventories may be assembled
by the evaluation of historical archives, literature research or inquires at local public
organizations or private consultants (CNR-IRPI-Turin 1998; Glade et al. 2001;
Guzzetti et al. 2000; Ibsen and Brunsden 1996; Pereira et al. 2014; Röhrs and Dix
2010; Rossi et al. 2010b; Schwenk 1992). Furthermore, inventories may be mapped
in the field using geomorphological field mapping (Brardinoni et al. 2003; Brunsden
1993; Brunsden 1985; Carrara and Merenda 1976; Zezere et al. 1999), GPS or more
advanced tools such as GPS equipped binoculars (e.g. Santangelo et al. 2010).
Preparing a landslide inventory more effectively for larger areas was enabled with
the availability of desktop mapping methods analyzing remotely sensed satellite,
SAR (synthetic aperture radar) or LiDAR (light detection and range) data including
aerial photographs (Guzzetti et al. 2012; Tarolli 2014; van Westen et al. 2008).
Naturally, these desktop mapping methods are accompanied by field campaigns
reviewing the mapping results. These mapping methods include geomorphological
mapping on aerial photographs (Carrara et al. 2003; Duman et al. 2005; Mantovani
et al. 1996; Van Westen and Lulie Getahun 2003; Zanutta et al. 2006) and on high
resolution remote sensing imagery such as (stereoscopic) optical satellite imagery
(e.g. Ardizzone et al. 2013; Fiorucci et al. 2011), imagery derived from ground based
or space borne SAR (synthetic aperture radar; e.g. Cigna et al. 2012; Colesanti and
Wasowski 2006; Herrera et al. 2010; Rott and Nagler 2006) and airborne or
terrestrial laser scanning data (ALS, TLS; e.g. (Jaboyedoff et al. 2010; McKean and
Roering 2004; Petschko et al. 2014a; Schulz 2004; Tarolli 2014). Most recently
however, the traditional geomorphological mapping is complemented by semiautomated detection of landslides and change detection on the basis of high
resolution satellite data (e.g. Barlow et al. 2006; Fiorucci et al. 2011; Harp et al.
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2011; Mondini et al. 2011a; Mondini et al. 2011b; Tarolli 2014; Whitworth et al.
2005), by object-oriented approaches analyzing digital elevation models (DTM) and
optical satellite data (Martha et al. 2012; Martha et al. 2010), by analyzing
movement using DInSAR and sub-pixel offset techniques (differential SAR
interferometry; (Singleton et al. 2014; Wasowski and Bovenga 2014) and by change
monitoring using multi temporal ALS and/or TLS LiDAR data (Burns et al. 2010;
Ventura et al. 2011).
The advantage of SAR or LiDAR data is the independence from the weather and
vegetation conditions, as the presence of clouds or forest does not affect the data
acquisition of the terrain underneath (e.g. Anders and Seijmonsbergen 2008; Bell
2007; Chigira et al. 2004; Eeckhaut et al. 2007; Glenn et al. 2006; Haneberg et al.
2005; Schulz 2004; Singleton et al. 2014). The list of references shows that the area
wide availability of airborne LiDAR DTMs rose significantly recently. This started a
revolution in geomorphology and mapping landslides using LiDAR DTMs were
identified as one of the most promising methods available (Anders and
Seijmonsbergen 2008; Guzzetti et al. 2012; Tarolli 2014). It allows a new level of
spatial coverage paired with high precision in the positioning accuracy of the
landslide feature which is beneficiary mapping a historical landslide inventory
(Guzzetti et al. 2012; Petschko et al. 2010). Besides visual interpretation of LiDAR
DTM derivatives more advanced methods were developed performing semiautomated or object-oriented detection of landslides or landslide features (scarps)
according to their distinct morphology (e.g. van Asselen and Seijmonsbergen 2006;
Booth et al. 2009; Dalyot et al. 2008; Van Den Eeckhaut et al. 2012; McKenna et al.
2008; Tarolli et al. 2010).
Although higher spatial and temporal resolution of landslide inventories can be
achieved with new data it might never be possible to consider an inventory as fully
complete. The quality of a landslide inventory is influenced by the subjectivity
involved in the mapping and limitations associated with the available data (e.g.
archive, aerial photograph, satellite imagery, LiDAR), the mapping approach
(mapping in the field, digitizing analogue or digital data sources, or (semi-)
automated mapping) and with anthropogenic activities influencing the persistence
and visibility of landslide morphology (Ardizzone et al. 2002; Bell et al. 2012;
Cardinali et al. 2000; Fiorucci et al. 2011; Guzzetti et al. 2000; van Westen et al.
2008; Van Westen et al. 1999). Therefore, Malamud et al. (2004) introduced the
concept of a substantial complete inventory representing a randomly incomplete
inventory. Accordingly, substantial complete inventories may not be complete in
time or spatially, but they portray the characteristics of all landslides in the
analyzed region properly (Malamud et al. 2004). In short, it is assumed that a
representative set of landslides is available without a mapping bias, e.g. in one
geological or land cover unit (e.g. forest).
A possible source for mapping errors is the possibility of morphological convergent
geomorphic forms. While the morphology might look like a landslide (scarp) the
process resulting in the form might have been very different including natural and
anthropogenic processes (Antonini et al. 2002). An example for morphological
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convergence is the misinterpretation of old quarries for landslide features. This may
often only be solved by checks on supplementary imagery or in the field or by
information provided from the local people (Ramml et al. 2014; Fig. 2.7). Often the
old quarries were also used as a dump for debris which might give the impression of
a landslide toe on the imagery (Fig. 2.7).

Figure 2.7 Example for morphological convergence of an earth slide with a small old quarry for
construction stones close to a village visible on LiDAR derivatives and in the field. Source:
DTM: Provincial Government of Lower Austria; Photo taken by Petschko, 2012.
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2.3 Landslide susceptibility modelling
The term landslide susceptibility has been defined many times in literature (Brabb
1984; Crozier and Glade 2005; Dai and Lee 2002; Fell et al. 2008; Guzzetti 2005;
Guzzetti et al. 1999; Remondo et al. 2003; Santacana et al. 2003; Soeters and Van
Westen 1996). In this study we use the definition most closely related to statistical
analysis of landslide susceptibility. Brabb (1984) defines landslide susceptibility as
the likelihood of a landslide occurring in an area with given local terrain attributes.
Or as Guzzetti (2005) described, it “is the probability of spatial occurrence of slope
failures, given a set of geo-environmental conditions”. The time frame including the
frequency of the occurrence of landslides is explicitly not taken into account (Fell et
al. 2008). Therefore, these maps can only answer the question Where? but not When?
landslides might occur which is opposed to landslide hazard analysis including
landslide magnitude and frequency.
Within the landslide risk management cycle (after Alexander 2002; Alexander 2000)
landslide susceptibility analysis may be seen as initial step highlighting areas highly
prone to landslides where detailed analysis of the hazard or even risk may be
aspired (Corominas et al. 2013; Van Westen et al. 1997). It is a crucial step in the
pre-disaster preparation phase as a landslide susceptibility map shows areas which
might be affected by landslides (Crozier and Glade 2005; Fell et al. 2008). While a
large number of landslide susceptibility mapping approaches are tested and
developed constantly, the number of studies analyzing landslide hazard, especially
on regional scale is limited (Corominas et al. 2013). The biggest challenge in hazard
analysis is the estimation of the occurrence time of future landslides (Corominas et
al. 2013; Soeters and Van Westen 1996; Van Westen et al. 2006; Zêzere et al. 2004).
Assessing the landslide susceptibility can be done with a large range of methods
generally grouped in heuristic, statistical and deterministic (physically based or
geotechnical) methods (Soeters and Van Westen 1996). Usually, the estimation of the
possible future location of landslides is based on the conditions (e.g. local terrain
attributes) of past landslides (Carrara 1993; Varnes 1984). However, the way how
this information is included in the analysis differs significantly between the
methods. Heuristic methods are based on the expert opinion of a geomorphologist to
classify the susceptibility/hazard either by geomorphic analysis or by qualitative
map combination (Soeters and Van Westen 1996). The expert identifies the
explanatory factors for the landslides in the area and also assigns weights to each
factor according to its importance (Brabb 1984; Cascini 2005; Crandell et al. 1979;
Dai and Lee 2002; Evans and King 1998; Hungr et al. 2005; Nilsen et al. 1979; Van
Westen et al. 1997). Therefore, heuristic methods include a high degree of
subjectivity, which lowers the reproducibility of the method, although an expert
performed the zoning (Van Westen et al. 1997).
Statistical methods are considered as more objective, as the importance of each
explanatory variable is assigned by the statistical relationship of the variable with
the landslide distribution (Fell et al. 2008; Van Westen et al. 1997). The result gives
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a probability of landslide (initiation) occurrence. Taylor et al. (1977) identified
probabilities as “the only rational basis for assessment” as “there is no such thing as
a 100% safe slope, whether natural or man-made” (Crozier 1986). A large range of
bivariate to multivariate methods such as logistic regression (LR), frequency ratio,
weights of evidence and machine learning techniques such as artificial neuronal
networks or support vector machines deriving the relationship between landslides
and the explanatory variables has been applied amongst others by Carrara et al.
(1995), Chung and Fabbri (2003), Chung and Fabbri (1999), Claessens et al. (2006),
Davis et al. (2006), Van Den Eeckhaut et al. (2009b), Van Den Eeckhaut et al.
(2006), Dikau (1996), Den Eeckhaut et al. (2010), Felicísimo et al. (2012), Lee et al.
(2007), Nefeslioglu et al. (2008), Neuhäuser et al. (2012), Piacentini et al. (2012),
Pradhan (2013), Pradhan and Lee (2009), Remondo et al. (2003), Rossi et al. (2010a),
Santacana et al. (2003), Schicker and Moon (2012), Sterlacchini et al. (2011),
Vorpahl et al. (2012), Yesilnacar and Topal (2005), Yilmaz (2009) and Zezere (2002).
These include a number of studies comparing different statistical and/or machine
learning techniques mainly based on model performance measures. Furthermore,
the applicability, usability, required input data and interpretability was considered
in some comparisons (Van Den Eeckhaut et al. 2009a; Guzzetti et al. 2006; Rossi et
al. 2010a). These models rely strongly on the input data: its positional accuracy,
geomorphological relevance, the completeness and availability of the explanatory
variables and their spatial and temporal scale.
Deterministic or also called physically based models aim to portray all soil
mechanical and hydrological processes within the slope which is why these slope
stability models were considered as white box models (Carrara 1983; Soeters and
Van Westen 1996). Problems associated with using these models is the dependency
on a large amount of data, lack of knowledge on processes within the soil and
oversimplification of the processes of slope stability (Soeters and Van Westen 1996;
Van Westen et al. 1997). The models currently found in literature range in the detail
of considering slope mechanical and hydrological processes and possible feedbacks
and influences from vegetation and rainfall (e.g. Bathurst et al. 2006; Baum et al.
2005; Van Beek and Van Asch 2004; Duncan 1992; Goodman and Shi 1985;
Kuriakose et al. 2009; Nadim et al. 2005; Potts 2003; Thiebes et al. 2013). Prominent
models are SHALSTAB (shallow slope stability model (Dietrich et al. 1998)),
SINMAP (stability index mapping, (Pack et al. 2005; Pack et al. 1998)), SHETRAN
(Ewen et al. 2000), TRIGRS (Transient Rainfall Infiltration and Grid based Regional
Slope Stability (Baum et al. 2002)), STARWARS and PROBSTAB (storage and
redistribution of water in agricultural and re-vegetated slopes coupled with
probability of stability (Van Beek 2002; Van Beek and Van Asch 2004)), CHASM
(combined hydrology-slope stability model (Anderson et al. 2008)), and GEOtop-Fs
(Simoni et al. 2008). Furthermore, first methods including physically based models
into statistical models were tested by Goetz et al. (2011).
While this large range of different landslide susceptibility modelling methods exists
and is applied simultaneously, recommendations on which model is preferable for
what study area or aimed analysis output are rare. The model comparisons usually
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only show low differences of the model performance measure balancing between
insignificant or overfitted results. Instead, recommendations are given dependent on
the analysis scale and only on the three general groups of methods (heuristic,
statistical or physically based; Fell et al. 2008).
Summarized, aiming at objective and reproducible results for large study areas
(>10,000km²) at medium scale (1:100,000 – 1:25,000; Fell et al. 2008) statistical
approaches are favorable for landslide susceptibility modelling. Objective and
reproducible results are particularly important implementing the final susceptibility
map in spatial or land use planning strategies. Selecting a specific statistical
susceptibility model may be based on the several model comparisons available in
literature (references please see above). However, it has to be kept in mind that the
model performance might not only depend on the model itself. It may differ between
study areas depending on their heterogeneity or homogeneity of topography and/or
geotechnical characteristics and on the specific sample used for the modelling
(Petschko et al. 2014c). Also, a combination of results from different modelling
approaches was tested in literature resulting in improved model performance
measures (Choi et al. 2012; Rossi et al. 2010a). However, this procedure was stated
to be serious contradictory with the philosophy of the approaches (Gokceoglu 2012).
Furthermore, it was considered questionable due to multicollinearity of the results
obtained from the different models (Gokceoglu 2012). Therefore, one model has to be
selected. This model selection may be based on the model’s capability to generalize,
the interpretability of the results, data handling, requirements and usability at a
specific study area size and geomorphic plausibility of the results (Cascini 2008;
Guzzetti et al. 2006). The capability to generalize includes a low tendency to
overfitting, which occurs when the model is trained too close to the modelling sample
and the comparison with new data reveals the failure of the model to generalize.
This is shown by a mismatch of the new data with the distribution of the highest
susceptible classes.
Previous studies showed, while more flexible machine learning algorithms often tend
to overfit, linear models (e.g. logistic regression, generalized linear models (GLM))
cannot portray possible nonlinearity in the relationship between landslide
occurrence and the explanatory variables (Brenning 2005; Goetz et al. 2011;
Nefeslioglu et al. 2008). Other methods, such as the weights of evidence model have
the disadvantage of the need to classify the explanatory variables which might
introduce an unwanted bias into the modelling (Schicker and Moon 2012).
Generalized additive models were identified as a compromise between the flexibility
of machine learning approaches and the ability to generalize of linear models
(Brenning 2008; Goetz et al. 2011). GAMs are an extension of a GLM by a smoothing
function in the regression equation and therefore can portray the nonlinearity and
non-monotonic relationship between landslide occurrence and explanatory variables
(Brenning 2009; Goetz et al. 2011; Hastie and Tibshirani 1990; Vorpahl et al. 2012).
Furthermore, GAMs are less prone to overfitting than machine learning, random
forest or regression tree approaches (Brenning 2009; Goetz et al. 2011; Hastie and
Tibshirani 1990; Vorpahl et al. 2012). Therefore, GAMs are considered as the more
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appropriate model form, rather than GLM, although the model performance is only
slightly better (Goetz et al. 2011; Marmion et al. 2009; Vorpahl et al. 2012). GAMs
are not new to spatial modelling, as they have been used widely in ecology (Vorpahl
et al. 2012; Yee and Mitchell 1991; for a review refer to Guisan et al. 2002) and
geomorphology (Marmion et al. 2009). In landslide susceptibility modelling the GAM
has recently been introduced and applied with satisfactory results of model
performance measures (Brenning 2008; Goetz et al. 2011; Jia et al. 2008; Park and
Chi 2008; Vorpahl et al. 2012; Zhao et al. 2010).
In statistical modelling a subsample of landslide and non-landslide points/grid cells
has to be drawn instead of using all grid cells of the landslide polygons and outside
the landslides. Different approaches regarding the amount of sampled grid cells per
landslide and the location of these can be found in literature (Nefeslioglu et al. 2008;
Regmi et al. 2014). Their main difference is the location: either within the entire
landslide polygon or main scarp (e.g. Atkinson et al. 1998; Dai and Lee 2002;
Fernández et al. 2003; Regmi et al. 2014), from a zone in the vicinity of the landslide
almost representing pre-failure conditions (so called seed cells, e.g. Bai et al. 2008;
Suzen and Doyuran 2004) or from a derived pre hillslope gradient within the main
scarp (Van Den Eeckhaut et al. 2006). Naturally, all of these approaches have a
significant effect on the resulting landslide susceptibility map and its allowed
interpretation. Nevertheless, not all landslide susceptibility studies state on how the
sampling of how many grid cells was performed (Nefeslioglu et al. 2008). Moreover,
all these methods assume to know the point of the initiation of the landslide.
However, as discussed by Regmi et al. (2014) there are many possible locations of the
first movement e.g. at the slope toe, slope head or the center of the slope.
Independently from where the landslide initiates it can expand in any direction
(upslope, downslope, sidewise; Regmi et al. 2014). This is impossible to map on
remote sensing imagery, especially analyzing large regions (Regmi et al. 2014).
Another issue where lots of different information is available is the appropriate
sample size used within statistical susceptibility modelling. The answer to this
question lies more within the applied model and model design than there would be a
general solution. This was shown by positive examples of fitting a susceptibility
model with a small sample size (e.g. Demoulin and Chung 2007; Van Den Eeckhaut
et al. 2006). However, extensive tests with k-fold cross-validation within this study
applying GAMs identified a minimum sample size of around 400 landslide and nonlandslide samples (Petschko et al. 2014c).
Corominas et al. (2013) provide an extensive overview on preparatory, predisposing
and triggering factors of landslides applied in landslide susceptibility or hazard
assessments as listed in Tab. 2.5. Modelling landslide susceptibility at least
information on the topography should be available. Furthermore, spatial information
on the local geology, soils, geomorphology, hydrology, land use and other
anthropogenic factors and on possible triggers such as earthquakes and weather
(rainfall, snowfall) is beneficiary, if available in an appropriate resolution and
quality (Tab. 2.5, Corominas et al. 2013).
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Tab. 2.5

Overview of predisposing, preparatory or triggering factors of landslides and their
relevance in landslide susceptibility and hazard assessment for different landslide types
(R = rockfalls, S = shallow landslides and debris flows, L = large, slow moving landslides).
The relevance is indicated as C (crucial), H (highly important), M (moderately important),
and L (less important). The type of factor is indicated as either P (preparatory and/or
predisposing factor) or T (triggering factor) (Corominas et al. 2013)

Group

Parameters

Topography

Elevation, internal
relief

Geology

Soils

Hydrology

Geomorphology

Relevance for landslide susceptibility and
hazard assessment

Type of Landslide
factor
type
P T
R S L
Elevation differences result in potential energy *
H C H
for slope movements

Slope gradient

Slope gradient is the predominant factor in
landslides

*

Slope direction

Might reflect differences in soil moisture and
vegetation, and plays an important role in
relation to discontinuities

Slope length,
shape, curvature,
roughness

C C

C

*

C M

M

Indicator of slope hydrology, important for
runout trajectory modelling

*

C H

H

Flow direction and
accumulation

Used in slope hydrological modelling, e.g. for
the wetness index

*

M C

H

Rock types

Determine the engineering properties of rock
types

*

C H

C

Weathering

Types of weathering (physical/chemical), depth
of weathering, individual weathering zones and
age of cuts are important factors

*

C H

H

Discontinuities

Discontinuity sets and characteristics, relation
with slope directions and inclination

*

C M

H

Structural aspects

Geological structure in relation to the slope
angle/direction

*

H H

H

Faults

Distance from active faults or widths of fault
zones

*

H H

H

Soil types

Origin of the soil determines its properties and
geometry

*

L C

H

Soil depth

In surficial formations, depth determines the
potential movable volume

*

L C

H

Geotechnical
properties

Grain size, cohesion, friction angle, bulk
density

*

L C

H

Hydrological
properties

Pore volume, saturated conductivity, PF curve

*

L H

H

Groundwater

Spatial and temporal variations in depth to
groundwater table, perched groundwater
tables, wetting fronts, pore water pressure, soil
suction

*

*

L H

H

Soil moisture

Spatial and temporal
moisture content

soil

*

*

L H

H

Hydrological
components

Interception, evapotranspiration, throughfall,
overland flow, infiltration, percolation, etc.

*

*

M H

H

Stream network
and drainage
density

Buffer zones around streams; in small scale
assessment, drainage density may be used as
an indicator for type of terrain

*

L H

H

Geomorphological

Alpine,

*

H H

H

glacial,

variations in

periglacial,

denudational.

*
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Land use and
anthropogenic
factors

Earthquakes
and volcanoes

Weather and
climate

environment

Coastal, tropical, etc.

Old landslides

Material and terrain characteristics have
changed, making these locations more prone to
reactivations

*

M H

C

Past landslide
activity

Historical information on landslide activity is
often crucial for determining landslide hazards
and risk

*

C C

C

Current land use

Type of land use/land cover, vegetation type,
canopy cover, rooting depth, root cohesion,
weight

*

H H

H

Land use changes

Temporal variations in land use/land cover

*

M C

H

Transportation
infrastructure

Buffers around roads in sloping areas with
road cuts

*

M H

H

Buildings

Slope cuts made for building construction

*

*

M H

H

Drainage and
irrigation
networks

Leakages from such networks may be an
important cause of landslides

*

*

L H

H

Quarrying and
mining

These activities alter the slope geometry and
stress distribution. Vibrations due to blasting
can trigger landslides

*

*

H H

H

Dams and
reservoirs

Reservoirs change the hydrological conditions.
Tailing dams may fail

*

*

L H

H

Seismicity

Earthquake magnitude/frequency relations,
historical intensity maps linked with co-seismic
landslide inventories

*

C C

C

Fault mechanism

Fault locations, fault type, length of fault
rupture, buried or exposed, distance from fault,
hanging wall/footwalls

*

*

H H

H

Volcano type

Height and composition of volcanic edifice,
magma chamber stability

*

*

M H

H

Volcanic eruption
types

Lateral explosions, collapse of
chambers, pyroclastic flows, lahars

*

*

M H

H

Precipitation

Daily or continuous data, weather patterns,
magnitude/frequency relations, IDF curves,
rainfall thresholds, antecedent rain, PADF
curves

*

C C

C

Temperature

Important influence on hydrology and the
condition of vegetation. Rapid temperature
changes,
snowmelt,
frost-thaw
cycles,
permafrost

*

H H

H

magma

*

*

Validation, or model performance assessment is a key and meanwhile also a
standard procedure in landslide susceptibility modelling.
As Chung and Fabbri stated “Without some kind of validation, the prediction model
and image are totally useless and have hardly any scientiﬁc signiﬁcance.” (Chung
and Fabbri 2003, p. 460).
While Chung and Fabbri use the term “validation” widely, they point out the nature
of the term as a term-of-art in goodness-of-fit testing (Chung and Fabbri 2008).
Further, they emphasize, that no connotation of absolute “truth” in the strictest
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sense is intended by the usage of this term (Sterman et al. 1994). This applies also
for the usage of the term within this thesis.
Knowing about the model performance, is not only of importance for the scientist
him/herself but also helpful to communicate the model quality to non-specialists
such as spatial planners or majors (Chung and Fabbri 2003). This measure on the
significance of the model results is usually obtained in all spatial data analyses
related to planning of multi-purpose use of space for human activity (Chung and
Fabbri 2003).
The model performance can be assessed quantitatively using different estimation
techniques and performance measures or qualitatively considering expert knowledge
of a particular study area (Petschko et al. 2014c). Assessing the model performance
quantitatively a test sample of landslide and non-landslide cells independent from
the sample used for the modelling is crucial (Chung and Fabbri 1999). This test
sample can be assembled subsampling by time (year of occurrence), space (part of the
study area) or randomly (Chung and Fabbri 2003). Furthermore, it may consist of
only one landslide grid cell, as done in the leave one out validation (Demoulin and
Chung 2007), or it may be a percentage of grid cells of all sampled cells, as done in
single hold-out validation.
Single hold-out validation is probably the most popular sampling method applied in
landslide susceptibility modelling (e.g. Beguería 2006b; Brenning 2005; Chung and
Fabbri 2003; Chung and Fabbri 1999; Van Den Eeckhaut et al. 2006; Fabbri et al.
2003; Frattini et al. 2010; Remondo et al. 2003; Rossi et al. 2010a). The data set (or
original sample) is split in one single training and test sample. While the model is
fitted with the training sample, the test sample is used to determine the model
performance. The distribution of the landslide and non-landslide cells is compared to
the distribution of the susceptibility probability and a single performance measure is
estimated. However, this single estimate does not provide a measure of the precision
of the estimator and is highly dependent on the sample used for modelling and
testing the susceptibility model (Petschko et al. 2014c). The strength and reliability
of the model performance can only be evaluated comparing it to other performance
assessments resulting from another sample (Chung and Fabbri 2003).
Repeated k-fold cross-validation provides a standardized framework to perform the
repetition of the sampling process. K-fold cross-validation creates different subsets or
partitions (folds) of the data set as training and test samples (Brenning 2012a;
Brenning 2012b). The model is fitted with k-1 training samples and its performance
is assessed using the remaining fold as test sample. This procedure is done as long
as each fold was used as a test sample once. After this first validation run the folds
are partitioned differently and the process is repeated. With this assessment the
effect of the sampling on the model performance can be assessed resulting in a
range, instead of a single performance measure (Petschko et al. 2014c). It allows the
determination of the precision of the performance estimator and was performed
recently in spatial and landslide susceptibility modelling (Brenning 2012b; Petschko
et al. 2014c; von Ruette et al. 2011; Vorpahl et al. 2012).
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Several quantitative performance measures were tested in the landslide
susceptibility modelling context: success/prediction rate (Chung and Fabbri 2008;
Chung and Fabbri 2003), confusion matrix or error rates (Beguería 2006b; Brenning
2005), cost curves (Frattini et al. 2010), Cohen’s kappa (κ) index (Cohen 1960; Van
Den Eeckhaut et al. 2006; Rossi et al. 2010a), spatial agreement (Sterlacchini et al.
2011) and most prominently the area under receiver operating characteristic curve
(AUROC) value based on ROC plots (Beguería 2006b; Brenning 2005; Frattini et al.
2010).

2.4 Assessment of the quality of landslide susceptibility
maps
“There are known knowns. These are the things we know that we know. There are
known unknowns. That is to say, there are things that we now know we don’t know.
But there are also unknown unknowns. These are the things we do not know we don’t
know.” Donald Rumsfeld in Spiegelhalter and Riesch (2011).
This quote nicely summarizes the knowns and unknowns we face also in
geomorphology according to the current paradigm of systems theory. Gathering
information about the known knowns and the known unknowns, or maybe even the
unknown unknowns might be one general aim of research. Aiming at a reliable
landslide susceptibility map these knowns and unknowns have to be analyzed and
possibly communicated to provide a map of good quality. This is particularly of
importance when it comes to the application of the resulting susceptibility map in
spatial planning (Petschko et al. 2014c). Considerations on different aspects of
quality in landslide susceptibility modelling were reviewed in the publication by
(Petschko et al. 2014c; A.6). The following subsections contain large parts of this
review in Petschko et al. (2014c; p. 96-98; A.6,).
Every display of a map is associated with constructing a decisive reality (Egner and
Pott 2010) for the users of the map (e.g. municipality, spatial planner). The map
becomes a reality for the reader despite the background or knowledge of the person
(Egner and Pott 2010). Therefore, boundaries or spatial extents of different classes
shown in a map might be interpreted very strictly. In contrast to this, it is known
that every model (or map) is only an approximation of the reality and is inherently
riddled with uncertainties (Petschko et al. 2014c). While this might be clear for
scientists, other users of the map might have to be reminded about that. In this
context a detailed and transparent assessment and communication of the quality of
the landslide susceptibility map is necessary.
This very generic term of quality may be interpreted differently depending on the
research field. By extension quality may have a different meaning on the several
stages of landslide susceptibility modelling as described, amongst others, by Carrara
(1993), Carrara et al. (1995), Ardizzone et al. (2002), and Guzzetti et al. (2006). In
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this study, good quality refers to input data, a model or result (e.g. susceptibility
map) which includes relatively low uncertainties of any kind (Petschko et al. 2014c).
As Carrara et al. (1999) state many processes and conditions leading to landslide
occurrence are known and mappable, known but not collectable, or are simply
unknown.
Commonly a basic distinction between aleatory and epistemic uncertainties is done
in engineering and risk assessment (Hill et al. 2013; Hoffman and Hammonds 1994;
Oberkampf et al. 2004; Roy and Oberkampf 2011). Epistemic uncertainties refer to
the imperfect understanding of the complexity of landslides arising from the missing
knowledge (Ardizzone et al. 2002; Hoffman and Hammonds 1994; Hora 1996; Kunz
et al. 2011; Oberkampf et al. 2004). Generally stated subgroups of epistemic
uncertainty are input uncertainty, parametric uncertainty and structural or model
form uncertainty (Rougier and Beven 2013; Roy and Oberkampf 2011). These
uncertainties can be reduced by doing more research on the subject to improve
knowledge (Spiegelhalter and Riesch 2011). In contrast to this, aleatory
uncertainties are unavoidable uncertainties arising from the natural variability
and/or randomness of the natural hazard process (Rougier 2013; Rougier and Beven
2013). While these distinctions can be applied, many more different groups may be
found in literature depending on the study objectives which will not be reviewed here
(Hora 1996; Roy and Oberkampf 2011).
In the following, different aspects of quality will be discussed by addressing
uncertainty issues associated with statistical modelling regarding input data
(parametric uncertainty), model performance (model form uncertainty) and the final
susceptibility map (Petschko et al. 2014c). Details on other types of uncertainties,
which might be more important for other types of susceptibility assessment (e.g.
deterministic) or on the propagation of uncertainties, can be found amongst others in
Draper (1995), Helton et al. (2010), Hoffman and Hammonds (1994), Karam (2005),
Oberkampf et al. (2004) and Rougier (2013).

2.4.1 Quality of input data
Every modelling result can only be as good as the input data used for the modelling.
Therefore, a good quality of the final landslide susceptibility map may be achieved
by a good quality of the input data (Petschko et al. 2014c). Aspects such as
geomorphological relevance, appropriate spatial resolution and accuracy of the geoenvironmental as well as the landslide inventory data are generally listed as
important (van Westen et al. 2008). However, achieving a fully complete data set
may be impossible. Chung and Fabbri (1999) stated “no matter how good the
information available may be, the database will always contain incomplete
information” (Chung and Fabbri 1999, p. 1397).
Sources of parametric uncertainty are subjectivity, level of experience of the mapper,
measuring errors or imprecision in computer algorithms, all occurring during the
preparation (mapping or measuring) of all input data (Ardizzone et al. 2002; Baeza
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et al. 2010; Carla et al. 1997; Elith et al. 2002; Mosleh 1986; van Westen et al. 2008;
van Westen et al. 2005). Furthermore, the possibility of not being able to incorporate
all explanatory variables that contribute to landslide occurrence has to be kept in
mind (Guzzetti et al. 2006). This might happen due to lack of knowledge or limited
availability of data and poses a challenge for susceptibility assessments (Ardizzone
et al. 2002; Carrara et al. 1999; van Westen et al. 2005). Usually, parametric
uncertainty can rarely be reduced and has to be assessed otherwise. However, their
quantitative assessment is challenging which is why estimates on the completeness
of e.g. a landslide inventory including details on the collecting and mapping method
are very important (Ardizzone et al. 2002; Oberkampf et al. 2004; Roy and
Oberkampf 2011). Based on that information, the further usage of all data and the
feasible interpretation of the result have to be decided on (Petschko et al. 2014c).

2.4.2 Quality of statistical model form
Models are used to analyze complex processes in nature by simplification of reality.
Therefore, some discrepancies regarding the ability to explain all the processes
involved in landslide occurrence should not be surprising (Rougier and Beven 2013).
Besides a high dependence on the input data, the assumptions included in the model
design define the limitations of the model, its result and the allowed interpretation
of it. This describes the so called model form uncertainty, which is rather challenging
to quantify. However, one commonly applied solution is the quantitative assessment
of the model performance with quantitative or qualitative model validation
procedures (Roy and Oberkampf 2011).
Quantitative model validation procedures include various performance measures
and estimation techniques as already introduced in section 2.3. Facilitating these
performance measures, the transferability of a model within the study area can be
analyzed (Petschko et al. 2014c). Depending on the partitioning method (randomly or
spatially) in k-fold cross-validation the non-spatial transferability of a model onto a
different, independent random sample, and the spatial transferability of a model into
a spatially separate area can be assessed. The measure of spatial transferability
gives the capability of the model to generalize empirical relationships learned from
the training sample and to transfer these relationships to other regions (with similar
geotechnical characteristics (Guzzetti et al. 2006)) while the predictive performance
should remain high (Brenning 2005; von Ruette et al. 2011). In this study the
(non-) spatial transferability is used besides the AUROC value to describe the model
form uncertainty (Petschko et al. 2014c).
Qualitative model performance assessment is less wide spread in landslide
susceptibility research, at least it is not very often stated on. Qualitative methods
may include analysis of the geomorphic plausibility of the map and of the input
variables (Bell 2007; Demoulin and Chung 2007). This qualitative analysis is done
by an expert knowing the particular study area and focuses more on the geomorphic
plausibility of the map from the expert point of view.
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Besides epistemic uncertainties, aleatory uncertainties can occur in the modelling
stage as a form of deviance (or discrepancy) of the model results to the conditions in
nature occur (Petschko et al. 2014c). These arise due to the natural variability of the
process (e.g. landslide) which cannot be captured in detail, even if all parameters
would be known perfectly (Elith et al. 2002; Rougier and Beven 2013).

2.4.3 Quality of final susceptibility map – visualizing prediction
uncertainties
One model form uncertainty which is of specific interest when landslide
susceptibility maps are implemented in spatial planning, is the prediction
uncertainty (Petschko et al. 2014c). It is arising from using a statistical model which
gives a single probability value for each unit of the prediction surface (grid cells,
slopes or terrain units) used for displaying the landslide susceptibility in a map
(Guzzetti et al. 2006). These individual probability values represent the estimated
conditional mean value of the predicted probability (Hosmer and Lemeshow 2000;
Petschko et al. 2014c). Accordingly, each predicted probability value has a standard
error which gives a prediction uncertainty or possible range of probability estimates
(Guzzetti et al. 2006). This standard error can be used to calculate the upper and
lower confidence limits e.g. at 95% confidence. Displaying those on a map, gives the
possible range of landslide susceptibility probability for each prediction surface.
While the estimation of the standard error was presented in previous research (e.g.
Van Den Eeckhaut et al. 2009c; Guzzetti et al. 2006; Rossi et al. 2010a; Sterlacchini
et al. 2011), the calculation of confidence limits and possible overlaps of different
susceptibility probabilities was pending (Petschko et al. 2014c). Possible overlaps of
susceptibility classes (low, medium or high) of classified susceptibility maps of the
predicted probability with the upper and lower confidence limit are of specific
interest in the planning framework (Petschko et al. 2014c).
“The details in which the figure differs from its mathematical prototype are more
important and more interesting than the features in which it agrees” (Thompson
1942, p. 1026-1029).
However, this type of model form uncertainty expressed for classified susceptibility
maps is clearly dependent on the selected number of classes and threshold values for
the classification (Petschko et al. 2014c).

2.5 Landslide susceptibility maps and spatial planning
Landslide susceptibility maps are valuable tools to be implemented in spatial
planning, as they portray information on landslide susceptibility on a grid cell or
slope unit level for an entire area. Land use management or planning, spatial
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planning or aerial zoning are almost synonymously used terms. All these methods
are aiming to the avoidance of future damage by preventing development in
undesirable locations, or undesirable development forms (Schwab et al. 2005). Their
main purpose is to intervene in settlement development to guide residential,
commercial and industrial development away from susceptible areas (Chung and
Leclerc 2003).
Generally, when implementing landslide susceptibility maps in spatial planning,
their scale should be appropriate for displaying the information needed at a
particular planning level (Cascini 2008). Furthermore, the objectives of the map and
the scale of the available data affect the selection of an appropriate scale of the
susceptibility map (Fell et al. 2008). In literature small to detailed scales and related
study area sizes are suggested (Tab. 2.6; Cascini 2005; Fell et al. 2008; Soeters and
Van Westen 1996): (1) analyzing on small scale (< 1:100,000) is advised for a study
area size larger than 10,000 km², (2) a medium scale (1:100,000 to 1:25,000) is
suggested for a study area size between 1,000 km² and 10,000 km², (3) large scale
analysis is recommended for areas between 10 km² to 1,000 km² and (4) detailed
scale is usually used in analysis of several hectares to tens of square kilometers.
With regional zoning as the purpose, the resulting landslide susceptibility maps are
only suitable for information or advisory for the users. No statutory use is feasible
(Tab. 2.7; Fell et al. 2008). Basic and intermediate zoning levels are recommended
focusing on geomorphological and landslide inventory mapping and landslide density
and simple correlation analysis.
Implementing the resulting maps from basic or intermediate zoning in land use or
spatial planning, the limited expressiveness of the maps has to be considered (Fell et
al. 2008). The accuracy of the susceptibility zoning boundaries is limited and the
resulting maps might only be used as information where more detailed geotechnical
assessment of the landslide hazard is necessary (Fell et al. 2008). For local zoning
and especially performing detailed zoning more advanced methods such as physically
based or statistical models (e.g. logistic regression or discriminant analysis) are
recommended (Tab. 2.6 and Tab. 2.7; Fell et al. 2008).
While numerous examples of landslide susceptibility maps and different modelling
methods are presented in literature, it is less obvious how many of these were
actually implemented in spatial planning strategies. This is striking as the potential
usage of landslide susceptibility maps to avoid losses due to landslide events has
already been pointed out 30 years ago (Varnes 1984). Therefore, at first glance there
is a misbalance in state of the art and its implementation. However, there are many
examples globally where landslide susceptibility maps are published in a Web-GIS
platform or via a web mapping service (Tab. 2.8).
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Tab. 2.6

Landslide zoning mapping scales and their application (Fell et al. 2008)

Scale
description

Indicative
range of
scales

Examples of zoning application

Typical area
of zoning

Small

< 1:100,000

Landslide inventory and susceptibility to inform
policy makers and the general public

> 10,000 km²

Medium

1:100,000
to 1:25,000

Landslide inventory and susceptibility zoning for
regional development; or very large scale
engineering projects.
Preliminary level hazard mapping for local areas

1,000 –
10,000 km²

Large

1:25,000 to
1:5,000

Landslide inventory, susceptibility and hazard
zoning for local areas.
Intermediate to advanced level hazard zoning for
regional development.
Preliminary to intermediate level risk zoning for
local areas and the advanced stages of planning for
large engineering structures, roads and railways.

10 – 1,000
km²

Detailed

> 1:5,000

Intermediate and advanced level hazard and risk
zoning for local and site-specific areas and for the
design phase of large engineering structures, roads
and railways.

1 ha – 10 km²

Recommended types and levels of zoning and zoning map scales related to landslide zoning
purpose (simplified after Fell et al. (2008))

Small

*

Medium

*

*

(*)

Large

*

*

*

[*]

(*)

*

Detailed

Purpose

Advanced

Intermediate

Basic

Risk

Zoning levels

Hazard

Zoning methods

Inventory

Scale
description

Susceptibility

Tab. 2.7

*

Regional zoning
- Information

*

(*)

Regional zoning
- Information
- Advisory

*

*

*

*

Local zoning
- Information
- Advisory
- Statutory

*

[*]

(*)

*

Site specific zoning
- Information
- Advisory
- Statutory
- Design

Notes: * Applicable; (*) May be applicable; [*] Not recommended or not commonly used.
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In many of these countries (e.g. Great Britain, Germany (Bavaria, Swabian Alb) or
Georgia) the landslide susceptibility maps are used for deriving recommendations or
a first indication of landslide hazard for spatial planning (Tab. 2.8). However, a few
countries or provinces, with Switzerland leading the way (South Tyrol, Philippines,
France, Flemish Ardennes and the district of North Vancouver), introduced legal
restrictions of land use types and development within each susceptibility class
implemented by spatial planning (Tab. 2.8).
This review in Table 2.8 aims to show a range of applications in land use planning
but it might not be exhaustive. Many landslide susceptibility maps might be
prepared and maybe also used in local planning processes, but are not reported in
science publications or in English on the web.
However, the best maps are of no use if their content is not communicated properly
to the potential users. To increase the acceptance of landslide mitigation measures,
or preventative planning, participative or community based approaches have proved
highly effective (Anderson and Holcombe 2013; Pearce 2005; Pearce 2003; Schwab et
al. 2005). This includes involvement of the stakeholders already at an early stage of
the project and training in reading maps and understanding the processes (Anderson
and Holcombe 2013; DeGraff 2012; Fabbri and Chung 2009; Pearce 2003; Schwab et
al. 2005). However, the translation of the results from science to policy making
includes some pitfalls (DeGraff 2012). Regulations need to be worded in a way where
no interpretation or gradation is allowed which is the contradictory to what science
does (DeGraff 2012). For a sustainable reduction of losses continuous involvement in
the implementation of landslide susceptibility or hazard maps and education of the
users is required from the scientists (DeGraff 2012; Schwab et al. 2005).

2.6 Research gaps and challenges analyzing large areas
In all stages of landslide susceptibility modelling some research gaps and challenges
can be identified considering the analysis of a large, heterogeneous study area with
incomplete available landslide inventories. Taking into account the respective state
of the art (refer to sections 2.1 - 2.5) these research gaps and the challenges faced
within this study in the context of the implementation of the resulting maps in
municipal spatial planning strategies are summarized in the following:
Statistical modelling methods are highly dependent on the input data selected to
characterize the slope stability. Starting from the input data and the landslide
inventory, a lot of research has been done on mapping landslides on different
imagery (e.g. aerial photographs, satellite images, LiDAR hillshades) and with
different methods (stereoscopic photo interpretation, visual analysis, (semi-)
automated change or landslide detection). Furthermore, their respective limitations
and restrictions regarding completeness and uncertainties arising from the used
imagery were reported (e.g. Guzzetti et al. 2012).
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INV

Germany
(BadenWürttemberg)

HE

HE

INV

1:10,000 1:50,000

1:50,000

Web GIS
/ WMS

Czech Republic

Landslide
type

INV

Source

78,866

Slides,
creep, flows,
falls

Information for municipal authorities.

Yes

Česká geologická služba
2014; Krejci et al. 2002

35,752

Slides, falls,
dolines,
sinkholes,
subsidence

Information for governmental and municipal
authorities, citizens and companies to allow for
preventative spatial and land use planning.

Yes
(*)

Landesamt für Geologie,
Rohstoffe und Bergbau
(LGRB) 2014; Ruch 2014

301,338

Slides, falls,
flows,
spreads,
sinkholes

Information for municipal authorities.

Yes

Trigila and Iadanza 2008

Municipalities, collaboration with insurance
companies; specific rules for land use regulations
and urbanism, nonobservance of the PPR has legal
consequences

No

Malet and Maquaire
2009

Identification of hot spots for further action

No

Wills et al. 2011

Information for municipal authorities.

Yes

Česká geologická služba
2014

Ranking of municipalities for hot spots of risk
reduction measures

No

Gaprindashvili 2011

Recommendations and advice for public or a
specialist for further actions for each susceptibility
class (5 classes).

Yes

British Geological Survey
2014; Gibson et al. 2012

Area
(km²)

Country/
Province/
Location

HE

Scale

Map type

Mapping method (Heuristic (HE), statistic (ST), physically based (PB)), Map type (Inventory (INV), Susceptibility (SUS), Hazard (HAZ) or Risk (RIS));
*only with costs available

Method

Tab. 2.8

Italy

1:10,000

n.i.

423,970

HE

RIS

France

1:10,000 1:25,000

HE

SUS

California

1:100,000

HE

SUS

Czech Republic

HE

SUS

Georgia

1:100,000

69,700

n.i.

HE

SUS

Great Britain

1:50,000

243,610

Falls,
topples,
slides,

n.i.

Slides

78,866

Way of implementation in spatial planning
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flows.

HE

SUS

Ireland
(Bréifne Area,
East Coast,
Cork area)

1:50,000

n.i.

298,170
(1,634
cities
and
municipalities)

Bedrock
slides, peat
slides, falls
and flows

Yes

Geological Survey of
Ireland 2014a; Geological
Survey of Ireland 2014b

Used in municipalities to identify areas susceptible
to various hazards such as flooding or landslides to
lessen or mitigate potential damage or losses from
these events by preparedness planning.

Yes

Mines and Geosciences
Bureau 2011; 2008

HE

SUS

Philippines

1:50,000

HE

SUS

Poland (Flysch
Carpathians)

1:200,000

n.i.

Slides

n.i.

No

Dlugosz 2009

HE

SUS

Romania

1:200,000

238,391

Slides,
flows

Supplying basic information on slope stability of
construction sites. Development planning,

No

Bălteanu et al. 2010

Austria

1:2,000 1:5,000

83,855
(only
settlements)

Torrential
processes,
Flows, falls

Basics for consideration in municipal development
planning. If hazard zones are included in the final
area zoning plan, their consideration in the planning
of new building zones is legally mandatory.

Yes

Rudolf-Miklau 2007

7,400

Slides, falls,
flows,
spreads,
sinkholes,
flooding,
avalanches,
erosion

Hazard zonation plans with classes legally
implemented in spatial planning processes.
Prepared only in areas close to settlements.

Yes

Autonome Provinz Bozen
- Südtirol 2012a;
Autonome Provinz Bozen
- Südtirol 2012b

160.76

Slides

Slope Hazard Development Permit Areas introduced
in 2012 in the new Official Community Plan

Yes

District of North
Vancouver 2014;
Tappenden 2014

HE,
PB

HAZ

HE,
PB

INV,
HAZ

South Tyrol
(Italy)

1:5,000 1:10,000

PB

RIS

North
Vancouver
(BC, Canada)

n.i.
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n.i.

Maps are used informative and do not impose
statutory measures. Not embraced yet for entire
country.

PB

SUS

Germany
(Bavaria)

1:25,000

PB

SUS

Switzerland

1:25,000 1:50,000

PB

SUS

Switzerland

1:5,000

SUS

Austria
(Burgenland)

1:25,000

SUS

Flemish
Ardennes,
Belgium

1:10,000
(10m x
10m)

SUS

Germany
(Swabian Alb)

ST

ST

ST

ST

SUS

Philippines

70,553

Slides,
flows, falls

Recommendations and advice for public or a
specialist for further actions for each susceptibility
class. Including legal implementation in provincial
spatial planning.

Yes

Bayerisches Landesamt
für Umwelt (LfU) 2013;
Bayerisches Landesamt
für Umwelt (LfU) 2012

Overview maps resulting from the project
SilvaProtect-CH indicating areas which have to be
considered in the more detailed zoning on a scale of
1:5,000. Furthermore, the government uses these
and the maps from "ShowMe" to decide on funding
priorities for the calculation of landslide
susceptibility maps. The slide maps show the
initiation and runout zone.

Yes

Heil et al. 2014; Losey
and Wehrli 2013;
Schweizerische
Eidgenossenschaft 2014

Hazard archives and maps have to be considered
within land use planning done by the Cantons.

Yes

Heil et al. 2014; Kanton
Bern 2014

Slides

Land management planning – prevention and
remediation of landslides. Recommendations for
each susceptibility class for planning and building of
new infrastructure.

No

Leopold 2012

Slides

Land management planning – prevention and
remediation of landslides. Imposes obligations and
limitations on the development plan.

Yes

Van Den Eeckhaut et al.
2007; Van Den Eeckhaut
et al. 2006; Malet and
Maquaire 2009

Slides

Consideration of slide susceptibility map in the
regional development planning of the region NeckarAlb. Recommendations for each susceptibility class
for planning and building of new infrastructure.

No

Bell 2007

Used in municipalities to identify areas susceptible
to various hazards such as flooding or landslides to
lessen or mitigate potential damage or losses from
these events by preparedness planning.

Yes

Mines and Geosciences
Bureau 2011

41,285

Slides,
avalances,
falls, flows

41,285

Slides,
avalances,
falls, flows

3,962

720

1:350,000

10,000

1:10,000

218
municipalities

n.i.
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However, the effectiveness of each method mapping a landslide inventory indicating
single landslides for a large study area on high resolution scale (around 1:5,000) is
not quantified in a standardized way. Working in larger study areas may go along
with a limited availability of an abundant landslide inventory sufficiently complete
for statistical modelling. Additionally, in large study areas the mapping of all
landslides visible on the imagery might not be feasible given limited resources and a
large number of landslides to be mapped. Furthermore, the minimum number of
landslides required and their mapping type (point or polygon) necessary to derive
reliable landslide susceptibility maps by statistical modelling methods remains
unclear. Therefore, mapping a sufficiently complete landslide inventory most
effectively and optimized for its usage in statistical susceptibility modelling
generates another challenge.
While the need of information on landslide susceptibility is widely agreed on and
landslide susceptibility modelling methods have been tested in various study areas
globally, model designs facing the heterogeneity of a study area are not reported on.
Independent of the study area size, the area might show a high heterogeneity
regarding its topography, morphology and geotechnical characteristics. This may
include variations of the main predisposing, preparatory or triggering factors within
the study area which might not be portrayed properly in one single model. This is
independent on which statistical model is used for the analysis. The variety of
available methods and the differences in the characterization of slope stability in
different study areas worldwide, pose a challenge on the identification of a globally
valid and applicable method (Van Westen et al. 2006). In detail, ensuring the
feasibility of comparing the resulting landslide susceptibility map over the entire
area is challenging and a research gap which has not been answered yet. Selecting
an appropriate study design, mapping and modelling method was a challenge in this
study given the study area size (15,850km²) and the aimed output map scale of
1:25,000.
Tables 2.6 and 2.7 give clear suggestions which methods should be applied for the
respective aimed output scale and study area size. However, this study in Lower
Austria steps out of line, given the study area size and the aimed output map scale.
Looking at the scale, this study is of medium scale, but looking at the area, it is
considered as a small scale study (Cascini 2008; Fell et al. 2008). Additionally, for
the purpose of regional zoning on a scale of 1:25,000, statistical (advanced) methods
of assessing the landslide susceptibility are indicated as not applicable (Fell et al.
2008).
Nevertheless, given the application of the resulting maps in a planning strategy the
usage of statistical methods seems the only suitable solution. They are stated to be
more objective, traceable and reproducible than heuristic methods and require less
detailed data than physically based models. Furthermore, given the potential
implementation of the resulting landslide susceptibility map in spatial planning
strategies, the provision of an interpretable model and the comparability of the maps
all over the province are of high importance. This allows the identification of hot
spots where action needs to be taken on a province level. Still, statistically modelling
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of a heterogeneous area clearly poses a challenge on the data preparation, modelling
and computational capacities which were faced within this study.
Different aspects of quality of landslide susceptibility maps or models, such as
thematic consistency, high model performance and prediction skills and prediction
uncertainties, have been defined before (Guzzetti et al. 2006). Furthermore, the need
for the assessment or validation of model performance is pursued in the last ten
years (Chung and Fabbri 2003). However, the assessment of the model performance
showing the possible range of performance measures and its transferability,
changing the sample used for the modelling has not been tested systematically. Also,
the thematic consistency was not described quantitatively. While the spatially
varying prediction uncertainties have been shown by visualizing the standard error
of the predicted probability (e.g. Guzzetti et al. 2006), their influence on a classified
map has not been assessed yet. Although providing information or the assessment of
the uncertainties involved in the modelling is of importance to be communicated to
the users of the map, ways of communicating these uncertainties with the users of
the landslide susceptibility map have not been explored in this field. An estimate on
where the largest uncertainties can be expected might be considered as very helpful
for the planning process.
Providing an easy interpretable map was another challenge. The susceptibility
information should be detailed enough for its interpretation within municipalities on
a scale of 1:25,000 to aid the identification of areas with the need for more detailed
slope stability analysis. This required a decision on how many susceptibility classes
and which thresholds should be used for building the classes. Also the way how the
maps would be presented to the municipalities to ascertain their acceptance and
usability was subject of the project within which this thesis was written.
In statistical landslide susceptibility modelling it is assumed that all explanatory
variables relevant for the landslide occurrence are known. Similarly, the possible
incompleteness of the explanatory variables for the modelling due to limited data
availability was stated earlier (Guzzetti et al. 2006). Theoretically it is known that
human impact may play a major role in landslide initiation. Some solutions have
already been presented to include possible human impact on landslide initiation in
the modelling (e.g. including a distance to roads variable or human impact index,
refer to section 2.1.5). However, these might not take into account the several facets
of human impacts including influences and changes of the landslide catchment area
by installing drainages or roads. On top of that, spatial consideration of these facets
in a regional susceptibility assessment would be necessary to better estimate the
actual landslide susceptibility.
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3. Hypotheses
and research objectives
Five hypotheses were tested within this thesis, which were arising from the
identified research gaps and challenges. These are presented in the following with
their respective research objectives and main expected outcomes.

The first hypothesis (H1) arises from the need of effectively mapping a landslide
inventory in a large study area:
A landslide inventory mapped on the basis of LiDAR DTM derivatives and
orthophotos shows remarkably better precision and accuracy of the landslide location
and delineation compared to existing landslide inventories. Furthermore, mapping
points in the main scarp only increases the inventory mapping effectiveness and
achieves comparably reliable landslide susceptibility maps with three classes in
terms of model performance and visualization.
Therefore, the objectives are





mapping a landslide inventory using polygons and points (set in the main
scarp only)
the comparison of the resulting inventory with previously existing inventories
assessing the mapping effectiveness by comparing the resources needed
during the mapping and the benefit arising from the mapped inventory
to analyze the reliability of the resulting landslide susceptibility map by
comparing of the model performance and visualization of the classified
susceptibility map using samples in the landslide polygon or the point
mapped in the main scarp

Analyzing this is expected to result in the identification of an effective landslide
inventory mapping method using LiDAR DTM derivatives suitable for statistical
landslide susceptibility modelling and the creation of a classified susceptibility map.
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The second hypothesis (H2) embraces modelling in large, topographical and
geotechnical heterogeneous regions:
Modelling the landslide susceptibility of a large heterogeneous area for maps with a
scale of 1:25,000 requires a special consideration of the geotechnical and
topographical conditions and their heterogeneity in the study area as the
predominant preparatory and predisposing factors change with the conditions.
The objectives are accordingly:



defining a model design taking into account the heterogeneity of the study
area
statistically modelling the landslide susceptibility using automated stepwise
variable selection to assess the variable selection frequency within each
modelling domain

From this analysis the identification of an appropriate model design allowing the
comparison of the landslide susceptibility across the entire study area (all
homogeneous modelling domains) characterizing each domain is expected.

The third hypothesis (H3) challenges common model evaluation in landslide
susceptibility modelling:
Established model performance measures change with the selection of a new random
or spatial sample of landslide and non-landslide points (cells). Splitting the sample
into k subsamples and repeating this sampling process multiple times results in a
range opposed to a single value of performance measures.
The arising objectives are:




performing a spatial and non-spatial k-fold cross-validation
assessing the spatial and non-spatial transferability of the model by
analyzing the interquartile range of the resulting performance measure
estimating the thematic consistency of the model summarizing the variable
frequency of each model repetition

The resulting measures of spatial and non-spatial transferability and of the thematic
consistency assist in evaluating the quality of the landslide susceptibility model and
study design used to generate the susceptibility map.
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The fourth hypothesis (H4) addresses uncertainties arising from the usage of a
statistical model for estimating the probability of landslide occurrence:
The uncertainties of the predicted probabilities vary spatially according to the
standard error of the predicted probability. Comparing classified landslide
susceptibility maps derived within the 95% confidence interval results in overlaps of
different susceptibility classes.
This includes the objectives:



deriving the upper and lower confidence interval limits with 95% confidence
for the predicted probabilities
assessing the overlaps in the classified susceptibility map comparing the
maps of the upper and lower confidence limits with the predicted mean
probability of landslide occurrence

The results of this analysis will aid a better communication of uncertainties to
stakeholders, as the class overlaps can easily be presented in a map along with the
original susceptibility map. It proposes the methodology for a first important step
towards open communication of uncertainties instead of giving an impression of
certainty.

The final hypothesis (H5) examines the human impact and the possibility to map
it spatially:
The human impact on landslides can be mapped and implemented in a statistical
susceptibility modelling approach for large areas.
The objectives to this hypothesis are:




identifying different human impact present in the study area and its
appearance on remote sensing imagery
mapping human impact on landslides and estimate landslide persistence
analyze the human influence on the catchment size of a slope

The analysis of this hypothesis will increase the knowledge on human impact
occurring within the study area and the dimensions of it. It will aid to identify
limitations of mapping landslides on the basis of one data source only and of
including the human impact into spatial modelling approaches.
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4. Lower Austria –
a province and its heterogeneity
4.1 General facts and environmental factors
Lower Austria has a total size of 19,186km² of which 15,835km² comprise the study
area (Statistik Austria, 2014). Furthermore, a test study area was assigned covering
the districts of Amstetten (1187km²), Baden (754km²) and Waidhofen/Ybbs (131km²;
Fig. 4.1). This smaller area was used for the development of a study design of
landslide mapping and susceptibility modelling. The three districts represent nearly
all lithological, land use and topographical characteristics of Lower Austria (Fig. 4.1,
Fig. 4.3). Each district is characterized by a different amount of landslides recorded
in the archive of the Geological Survey of Lower Austria (refer to section 4.3). Not all
analysis done in the test districts was performed for the large study area. Within the
methods section the study area analyzed will be stated clearly.
In 2012 Lower Austria had 1,618,592 inhabitants with the highest population
density in the districts around Vienna and the cities Krems, St.Pölten and Wr.
Neustadt (Statistik Austria 2014). The southern districts Lilienfeld and Scheibbs
and the northern districts Zwettl, Horn and Waidhofen/Thaya have the lowest
population density (28.5 i/km² - 40.2 i/km²; Statistik Austria 2014). The village
located at the lowest elevation is Engelhartstetten (143masl) and Annaberg is the
highest located village of Lower Austria (976masl). The highest elevations are in the
south of the province at the mountain peaks of Schneeberg (2075masl), Rax
(2007masl) and Ötscher (1893masl).
Lower Austria is located in a transition zone from the maritime climate of Western
Europe to the continental climate of Eastern Europe (Machalek 1986). The maritime
climate is characterized by temperate summers, relatively mild winters and front
precipitation. Unlike, the continental climate shows more seasonal temperature
variations with cold winters and comparably warm summers. While precipitation is
generally less frequent it usually is from convective origin (Machalek 1986). This
transition is well visible in the distribution of the mean annual precipitation (19712000) and the mean annual air temperature (Fig. 4.2; 1991-2000). The mean annual
precipitation rate increases from the northeast (400-500mm) to the southwest
regions (1600-1700mm) while the mean annual temperature decreases from around
10°C to 5°C (Fig. 4.2; Hydrographic Service of Lower Austria 2011).
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Figure 4.1 Location and lithology of the study area and the three test districts, Amstetten and
Waidhofen/Ybbs in the West and Baden in the East (black outline), in Lower Austria.
Source: altered from Petschko et al. 2014c
(a)

(b)

Figure 4.2 (a) Mean annual precipitation rate (1971-2000), (b) Mean annual air temperature (19912000). Source: Hydrographischer Dienst des Landes Niederösterreich (Hydrographic
Service of Lower Austria 2011)
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Figure 4.3 Topography and districts of Lower Austria (Vogl 2008).

Lower Austria is commonly divided according to different topographical conditions.
Variation in climate is illustrated by describing conditions of four main regions in
the province: the Waldviertel, the Weinviertel, the Alpen and the Alpenvorland
(alpine foreland). The Waldviertel describes the area northwest of the Danube
mainly in the Bohemian Massif (Fig. 4.1 and Fig. 4.3). The Weinviertel is located
east of the Waldviertel, also north of the Danube and is outlined by the rivers Thaya,
March and Danube. South of the Danube the alpine foreland (Alpenvorland) and the
Alpen (the alps) are located, characterized by a more mountainous topography and
higher elevations.
The mean monthly temperatures are rather similar between all these regions, with a
maximum difference of 2°C in July (Fig. 4.4). The Weinviertel is the warmest region
and the Alpen are the coldest region of Lower Austria (Fig. 4.4; Vogl 2008). Unlike,
the precipitations rates show large differences (Fig. 4.4). The largest amount of
precipitation falls in the alps, while the lowest amount of precipitation was recorded
for the Weinviertel. Generally, the graph shows a clear peak of precipitation and
temperature in July and the summer months June and August (Vogl 2008). The
most of the landslides occurrence (shallow and rotational slides) have also been
reported within these months (Schwenk 1992).
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June and July have the most days with thunderstorms, with around five to six days
(Zentralanstalt für Meteorologie und Geodynamik (ZAMG) 2014). The Alpenvorland
and the Weinviertel both typically have more than five days with thunderstorms in
June and July (ZAMG 2014). The longest duration of a snow cover with more than
1cm was recorded for the Waldviertel (station Zwettl, 73.3 days; ZAMG, 2014).
However, the largest thickness of snow has been documented for the Alpen (station
Reichenau/Rax, 70cm; station Waidhofen/Ybbs, 84 cm; ZAMG 2014). Precipitation in
form of snow is generally most likely from November to March (ZAMG 2014; Vogl,
2008).

Figure 4.4 Mean monthly precipitation (Prec.) and mean monthly temperature (Temp.) for four
selected areas in Lower Austria. Source: Vogl, 2008

In addition to climate, land use gives a diverse picture over the Lower Austria and
adds to the heterogeneity of the province. In 2008, 39.2% of the area of Lower
Austria was covered in forest and about half of the province was used as agricultural
land. Overall, 58.8% of the area has been assigned as permanent settlement area
(Vogl 2008). Land use is generally distributed unevenly across the province. The
relatively steeper slopes in the south in the Alpen are predominantly forested (with
coniferous and deciduous trees) while the areas more north close to the Danube
(Alpenvorland) and north northeast of that in the Weinviertel are mainly used as
agricultural land growing crops and wine (Eder et al. 2011).
Only little spatially traceable information on land use or land cover changes in
Lower Austria is available. Land use or land cover changes are documented in some
areas since the medieval but are still observed throughout the province. Studies in
Lower Austria (the municipality of Ybbsitz and in the Vienna Woods) have reported
past land cover changes of different extent (Fritz 2005; Johann 2005; Lettner and
Wrbka 2011). These are very different in the West of the province (Ybbsitz) from the
East of the province (Vienna Woods). In the West in Ybbsitz arable fields were
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mainly converted to meadows and pasture and an increase in forest during 1822 to
2006 was observed (Lettner and Wrbka 2011). Furthermore, from late mediaeval
times to the mid- 19th century the influence of the ironware industry had widespread
consequences for the land use development in this area in form of deforestation of
large areas (Lettner and Wrbka 2011).
In the Vienna Woods deforestation was also an issue. The forests were cleared due to
the need of fire wood in the city of Vienna (Johann 2005) and to provide more land
for the expansion of settlements (Fritz 2005). However, in the 20th century the value
of the forest for the environment and recreation was acknowledged. Therefore,
further deforestation was tamed to preserve the forest. In recent years still the
expansion of settlement areas is of high importance. Nowadays, the main observed
land cover change in the Vienna Woods is from meadow to settlement area as the
vicinity to Vienna attracted many new inhabitants (Fritz 2005). Unfortunately this
relatively detailed information on land use or land cover change is only scarcely
available throughout the province.

4.2 Geology, geomorphology and soils
The variation of material and topographic characteristics across Lower Austria is
strongly related to the diverse lithology (Fig. 4.1; Petschko et al. 2012). As shown on
a lithological map compiled on a scale of 1:200,000 the lithological units and
therewith the predominant material types vary greatly from north to south (Fig. 4.1;
Schnabel 2002). 20 different lithological units can be distinguished showing different
geotechnical characteristics as indicated by the different predominant material type
(Tab. 4.1). More detailed data on the geotechnical characteristics of the study area
are not available abundantly.
The Bohemian Massif in the north is characterized by Paragneiss, Mica-schist,
Phyllite, Orthogneiss, Gföhl Gneiss, Granulite and Granite (Tab. 4.1). Around the
Bohemian Massif, Loess and Loam can be found which is mainly comprised of sand,
loam, loess-loam and drifting sand. The Molasse Zone south of the Bohemian Massif
is unique because of its high content of marl, sand, gravel and silt while in the
alluvial deposits marl and slit are usually not found. A special type of the Molasse
Zone is the Schlier Zone which has high amounts of fine grained sandy-silty marl
and a rather low slope angle with about 5°-10° (Schweigl and Hervás 2009). Through
the center of Lower Austria a comparably thin band of the Rheno-danubian Flysch
Zone accompanied by the Klippen Zone stretches from west to east briefly past
Vienna (Fig. 4.1). The Flysch Zone is characterized by a large content of interbedded
sandstone, marlstone and mudstone. The Klippen Zone is built of red to green shales
and marls of the Cretaceous (Wessely 2006).
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Lithological units of Lower Austria: landslides and topography (Source: Petschko et al. 2014c)

Merged
units

Name

Code

Table 4.1

1

0124

Anthropogenic deposits

2

02297

Alluvial deposits

10

10

24

Material+

Area
(km²)

No. of
slides

Landslide
density
(No./km²)

Median
slope
angle (°)

2.93

0

0

3.1

Gravel, sand

3739.17

194

0.05

0.9

Loess,Loam

Sand, loam, loess-loam, drifting sand

2849.22

329

0.12

2.8

0124

Quaternary fluvial terrace

Gravel, sand, loess loam

747.79

222

0.30

2.2

35

35

Debris, till

Debris, till, scree material, rock avalanche material

217.19

177

0.81

16.6

37

3786

Bohemian Massif with
sedimentary cover

Sandstone, claystone, conglomerate

30.95

0

0

12.2

39

39

Molasse Zone

Marl, sand, gravel, silt

1462.46

428

0.29

4.7

58

58

Molasse, Schlier

Fine sandy-silty marl in the circum-Alpine Tertiary
basins

117.43

501

4.27

4.8

86

3786

Waschberg Zone

Marl, sand, limestone, clay

123.50

52

0.42

5.8

104

104

Intramontane Basins

Sand, gravel, breccia, clay, marl

737.26

291

0.39

5.2

120

120

Mélange Zone, Klippen Zone

Dominantly penninic metasediments and phiolites as
well as insignificant Austroalpine elements, Ybbsitzer
and Grestener Klippen Zone

73.46

404

5.50

11.9

126

126

Rheno-danubian Flysch Zone

Interbedded sandstone, marlstone to mudstone, marl

1365.96

6281

4.60

12.6

179

179

Austroalpine Unit with limestone,
marls and sandstone

Limestone, marl, shale, sandstone, gypsum,
conglomerate

785.85

1636

2.08

20.2

191

191

Austroalpine Unit with dolostone

Dolostone, limestone

2148.57

1419

0.66

27.1

52

Area
(km²)

No. of
slides

Landslide
density
(No./km²)

Median
slope
angle (°)

Merged
units

Material+

Code

Name

230

230

Permo-Mesozoic rocks (overlying
the Austroalpine ingeous rocks)

Carbonate Rocks, siliciclastics, porphyry (mostly
metamorphics)

116.43

88

0.76

19.5

239

239

Igneous rocks of the Austroalpine
Unit

Orthogneiss, Paragneiss, Mica-schist, Phyllite

614.35

586

0.95

15.1

251

251259

Bohemian Massif, Fault Zone

Tectonic fault zone

11.81

0

0

7.0

259

251259

Bohemian Massif

Paragneiss, mica-schist, Phyllite, Orthogneiss, Gföhl
Gneiss, Granulite

2398.93

227

0.09

6.1

276

276

Bohemian Massif, plutonic rock

Granite, plutonic rock

1606.85

52

0.03

6.5

297

02297

Lake, wetland

Limnic sediments, wetland

38.77

2

0.05

3.5

+ sorted

according to frequency of occurrence, after geological map
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The Klippen zone is also the contact area of the Flysch with the Austroalpine Unit,
which contains limestone, limestone with marls and dolostone further south. In the
south of Lower Austria Permo-Mesozoic rocks (overlying the Austroalpine ingeous
rocks) and igneous rocks of the Austroalpine Unit are dominant. These include
carbonate rocks, siliciclastics, porphyry (mostly metamorphics), Orthogneiss,
Paragneiss, Mica-schist and Phyllite (Tab. 4.1). Each of these groups of material
types inhibits specific characteristics regarding weathering, soil formation and soil
depths (further details can be found in Wessely 2006). These have a large influence
on the general susceptibility of these units to landslides.
Furthermore, a number of nappe boundaries and tectonic lines are present in the
study area (Fig. C.7 and Fig. C.13 in the annex). Along tectonic lines the soil
formation might be faster which leads to the presence of a larger soil thickness
favorable for landslides (Schwenk 1992). Around fault lines the material might be
strongly tectonically influenced, reworked and mechanically fragmented leading to a
lower shear strength (Crozier 1986; Petschko et al. 2014c).
Nappe boundaries have been reported in the past as important additional
preparatory factor for the occurrence of landslides in Lower Austria. It was found,
that earth and debris slides occur with higher density close to nappe boundaries as
these indicate a distinct difference in the material and permeability (Schnabel,
1985). The most prominent example is the nappe boundary of the Austroalpine Unit
with limestone overlaying the Rheno-danubian Flysch Zone. Many landslides have
been reported at this boundary due to the higher water permeability of the
Austroalpine limestone lying on top of denser sandstones and marlstones of the
Flysch Zone with comparably low water permeability (Schnabel 1985). This can
result in increased soil water availability at the boundary zone and the development
of boundary springs (Schnabel 1985).
The geomorphology of the province is mainly influenced by the presence of the Alps,
the alpine foreland, the Danube, the Bohemian Massif in the northwest and the
Loess and Loam in the northeast and around the Danube. The rivers in the study
area, with the Danube leading the way, are well known for regular minor to major
flooding events (as recently occurred in June 2013 and May 2014) which also had an
effect on landform formation in the pre river regulation era.
While the slopes of the undulating hills in the Flysch and Klippen Zone are well
known for their susceptibility to landslides and landslides are the main geomorphic
processes in these units, the other lithological units exhibit other main geomorphic
processes. In the Bohemian Massif mainly different types of granite and gneiss
weathering, such as spheroidal weathering, and their resulting forms are of
geomorphic interest (Huber 1999; Steininger 1999). The Loess and Loam area shows
loess specific landforms and is more prone to erosional processes. These processes
formed sunken lanes or sinkholes which still characterize the landscape (Gottschling
2006; Wiesbauer and Mazzucco 1995). In the Austroalpine Unit with limestone and
marls landslides, mainly rock fall and debris flows (Gottschling 2006; Schwenk
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1992), karst phenomena and the location at the boarder of the Würm glaciation are
of geomorphological interest (van Husen 1987; Ivy-Ochs et al. 2008).
As a simple proxy of the topographic characteristics and the morphology of the
lithological units the median slope angle was calculated from the DTM. The alluvial
deposits are the flattest areas in the study area with a median slope angle lower
than 1° (Tab. 4.1). In contrast, the Austroalpine Unit with dolostone has the steepest
slopes with a median slope angle of 27° (Tab. 4.1).
Apart from the lithology, the soil types also vary greatly within the study area. In a
recent study 21 soil regions were identified within Lower Austria and presented on a
map with a scale of 1:900,000 (Wenzel et al. 2013). These regions describe the
assembly of different groups of soil types. In this study only the main different soil
types are described for the four earlier introduced regions of Lower Austria.
In the Weinviertel, Chernozems are the predominant soil type. The Waldviertel
mainly consists of Cambisols and Luvisols. It is typical here that there is higher clay
content in the subsoil than the topsoil (IUSS Working Group WRB 2006; Wenzel et
al. 2013). South of the Danube, the Alpenvorland is characterized by the presence of
Stagnosols and Gleysols which indicate (periodically) high water availability and the
formation of saturated zones in the soil (IUSS Working Group WRB 2006). Even
further south, in the Austroalpine Unit in the Alps, Rendzic Leptosols and Regosols
may be found (Wenzel et al. 2013). In the valleys Fluvisols are abundant (Wenzel et
al., 2013).
These soil groups show differences regarding the void space, clay content and
permeability on which data was compiled for Lower Austria in 2011 (Fig. C.10, C.11,
C.15, and C.16 in the annex; Eder et al. 2011).

4.3 Landslides
With the lithology also the predominant landslide types found within the study area
change. This large range of landslide types includes rock falls, earth falls, earth
slides, debris slides, earth flows and debris flows. While earth and debris slides can
be found all over the province, rock fall and debris flows occur typically in the
southern region within the Austroalpine Unit. As only earth and debris slides are
within the scope of this study some more details on reported earth and debris slides
will be given in this section.
The Geological Survey of Lower Austria collects reports on damaging landslide
events (rock falls, debris flows, and earth and debris slides) since the late 1950ies.
These reports include a description of the location of the event, the size, extent,
possible triggers of the landslide and the caused damage (Gottschling 2006; Schwenk
1992). This archive called “Building Ground Register” was maintained to have
information on previous events and on the process history and therefore on the
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eligibility of parcels of land for settlement development (Schwenk 1992). Nowadays
this archive is available digitally in form of a geodatabase with points set at the
location of each reported event and respective reports in PDF format (Schweigl and
Hervás 2009).
The incompleteness of this landslide inventory is beyond question as it is dependent
on the reporting of a landslide event. Since 1965 the number of reported landslide
events increased significantly (Schwenk 1992). In this year a new law on the Natural
Disaster Fund was introduced in Austria which included the possibility to apply for
funding from the Natural Disaster Fund for costs of necessary repair work after a
landslide event (Schwenk 1992). To be able to receive the funding, the Geological
Survey of Lower Austria has to survey the reported landslides and to decide whether
it was a natural disaster (Schwenk 1992). However, not all occurrences are reported,
as small landslides might have been levelled by the farmer without asking for
financial aid (Schwenk 1992). By the end of 2009 around 1800 landslides were
documented in this archive (Petschko et al. 2013).
Earth and debris slides mainly occur in lithological units containing a high amount
of clay minerals and their weathering products (Gottschling 2006). These rocks
include clay marl, marl, clayey sandstone, clay schist, phyllit, mica schist and gneiss
(Gottschling 2006). The distribution of the landslides over the different lithological
units of the study area shows a high proportion of slides that occurred in the Flysch
and Klippen Zone (Fig. 4.5). Comparing this to the total area of the lithological units,
a high slide density can be observed here (Schwenk 1992). In the Bohemian Massif
by far the fewest slides are reported in the Building Ground Register (Fig. 4.5). The
high number of landslides in the Flysch and Klippen Zone, and in the Austroalpine
Unit and the Molasse Zone is related to the occurrence of large amounts of clays and
marls in these units (Schwenk 1992).

Figure 4.5 Area of the lithological units of Lower Austria in km² and number of reported slides per
lithological unit as reported in the Building Ground Register of Lower Austria. BM =
Bohemian Massif, M = Molasse Zone, TI = intramontane Basins, WBZ = Waschbergzone,
FLZ = Flysch Zone, KLZ = Klippen Zone, AU = Austroalpine Unit, PM = Permo-Mesozoic
rocks (overlying the Austroalpine ingeous rocks); Source: adapted from Schwenk 1992.
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Additional to the different observed landslide density, also the characteristics of the
sliding process and morphology is different between the lithological units (Fig. 4.6).
While in the Molasse Zone landslides already occur at a slope angle of 5° - 10°, in the
Flysch Zone the slope angle can be much steeper (15°-25°; Schweigl and Hervás
2009). Furthermore, the earth and debris slides show different characteristics in
terms of size and depth. The largest slides were reported in the Molasse Zone and
the Permo-Mesozoic rocks (Schwenk 1992). In general, 35% of the reported slides
were smaller than 500m² and 40 % are larger than 500m² and smaller than 3,000m².
The slide depth was mainly between one and three meters (Schwenk 1992).

Figure 4.6 Typical earth- and debris slides of some lithological units (a) slide in Molasse Zone at
Strengberg, (b) the village “Waitzendorf” located on a slide in Molasse with Schlier, (c)
translational slide in the Rheno-danubian Flysch Zone at Brand, (d) rotational slide/ﬂow in
the Rheno-danubian Flysch Zone at Stössing, (e) slide in Austroalpine Unit (Limestone,
Marls) at Dippelreith, (f) slide in Austroalpine Unit (with Dolostone) at Kleinzell. Pictures
taken by: (a), (b), (c), (f) Petschko (2010, 2011, 2012); (d) Bertsch (2009); (e) BGR (2006).
Source: Petschko et al., 2014c
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The main trigger for landslides in Lower Austria is a high amount of wetness in the
upper soil. This may mainly be induced by heavy rainfall or storm events (in over
90% of the reported events), such as occurred in Spring and Summer 1965/66, July
1975, June 2009 and May 2014, or during exceptionally warm thaw in spring
(Schwenk, 1992; Abteilung Feuerwehr und Zivilschutz, Amt der NÖ
Landesregierung, 2010; BMLFUW, 2010; noe.ORF.at, 2014). Furthermore, in about
30% of the slide events, human activities are stated as preparatory factor for the
slide (Schwenk 1992, refer to section 4.4). While earthquakes occur within the entire
province (Eisinger et al. 1992; Lenhardt 2006), their importance or contribution as
predisposing or triggering factor of landslides has not been analyzed yet.
Although the median of the slides are not very big and do not travel far they caused
considerable economic losses throughout the province (Schwenk 1992). Most of the
reported slides occurred in pastures and meadows (85%), while 13% occurred in
forest and only few slides occurred on agricultural land. Once the slides reach a
certain size and depth, even farmland (pasture, agricultural land) cannot be used
anymore without remediation measures (Fig 4.7). Furthermore, about 50% of the
slides reportedly affected roads or forestry paths either by the deposition of material
on the road or by subsidence of the ground and the road (Fig. 4.7; Schwenk 1992).
Moreover, in many cases houses were affected by the slides forming crevasses in the
walls and floors which led to the evacuation of the houses or farms and in more than
30 cases to the resettlement of the families (Fig. 4.7; Schwenk 1992).

4.4 Human impact on landslides
Reportedly, earth and debris slides in Lower Austria have not only been triggered in
natural conditions, they have also been caused by human activities in Lower Austria
(Schwenk 1992, Gottschling 2006). Every year many landslides are triggered by road
construction, cut or fill of material at the construction of houses, changes of the
surface and subsurface slope hydrology by the construction of roads or drainages,
and logging activities (Gottschling 2006). The vibration caused by the impact of
bombs during the Second World War might have also been a trigger for earth and
debris slides in the past as observed in the field, although no written reports exist.
Amongst these the most frequently reported anthropogenic influence on earth and
debris slides in Lower Austria is the construction of forestry roads and paths
(Schwenk 1992). This influence might trigger a landslide immediately after the
undercutting or filling of the slope, or might change the slope hydrology and
concentrate runoff at a new place slowly preparing the slope for instability (Borga et
al. 2005; Schwenk 1992).
Similarly, the presence of sunken lanes, which are rather common in the Loess and
Loam lithology and to a lesser extent in the Flysch Zone, may contribute to
triggering landslides by changing the path of runoff (Wiesbauer and Mazzucco 1995).
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Furthermore, drainage pipes commonly installed in pasture or farmland can
contribute to slope instability. The drainage pipes can lead to the transport of water
to an unfavorable location resulting in triggering or reactivating a slide (refer to
section 6.4 and 7.4 for more details).

Figure 4.7 Examples of damage reported in the Building Ground Register of the Geological Survey of
Lower Austria. a) Slide on farmland (pasture) in Purgstall triggered by thaw in 1978; b)
Slide in the district Wien Umgebung on a land fill; c) slide in a forest in Loich occurred in
1989; d) Cracks in a house caused by a slide in 1968 in the district Melk; e) Slide in
Waidhofen/Ybbs damaging a road in 1992. Picture source: Reports of the Building Ground
Register.
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A less reported, but probable, human influence on the predisposition of landslides
may be the modification of local topography by levelling of agricultural fields for
easier machine handling (Schwenk 1992). Starting from 1890 very small parcels of
land, as they were common at that time, were merged into bigger fields to maximize
the yield (Österreichisches Institut für Wirtschaftsforschung 1955). During this
process in Austria called “Kommassierung” (i.e. land merging), many fields were
levelled and the topography was changed substantially (Kainz 1979; Kraus 1997;
Müllner 1990). The occurrence of landslides is rarely associated with this practice, as
the landslide may occur many years later. However, during fieldwork of a slide in
Kleinsierndorf, a local farmer reported about the “Kommassierung” process that
occurred in the field where the landslide occurred (Fig. 4.8). He pointed out
similarities between the previous boundaries of the fields and the main scarp of the
earth slide. However, further research needs to be done to investigate this
relationship.

Figure 4.8 Earth slide at Kleinsierndorf (Weinviertel) at a field which the topography was modified
during the “Kommasierung” in the past (date unknown), triggered August 2010.
Pictures taken by Petschko (2010)

4.5 Spatial planning and landslide hazard mitigation
strategies
Austria and Lower Austria have developed several strategies for hazard mitigation.
They are designed to be applied before and after the occurrence of natural hazards.
At federal and provincial level there are three important laws aimed at avoiding
natural hazards and providing financial aid for remediation measures.
First, the provincial spatial planning law of Lower Austria is of high importance for
the avoidance of fatalities and economic losses (Landtag von Niederösterreich 1976;
Pomaroli et al. 2011). It was first introduced in 1968 and later refined in 1976, which
is the current version focused on establishing a high level of protection against
natural hazards (Pomaroli et al. 2011). It generally defines municipal spatial
planning and addresses the allowed area zoning types (e.g. housing, industry, shops,
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grassland) within the area zoning plan prepared by each municipality. This area
zoning plan is aimed to show development plans for the municipality for about the
next 30 years.
Additionally, it addresses allowed zoning in areas where natural hazards are known.
Concerning natural hazards, this spatial planning law is one of the most restrictive
spatial planning laws in Austria, as it can prohibit settlement development in areas
where the exposure to natural hazards is known (Gottschling 2002; Pomaroli et al.
2011).
“Areas which are due to their natural conditions not suitable for development can not
be zoned as building land. These include amongst others areas which (1) are located
within flooding areas, (2) have a low load capacity of the ground and (3) are prone to
slides, rock falls, subsidence, torrential hazards or avalanches” (Landtag von
Niederösterreich 1976; Pomaroli et al. 2011).
In these cases, the municipal council can decide on a prohibition on building on
undeveloped land even if it was assigned as building land (Landtag von
Niederösterreich 1976). However, in practice the spatial planning law is not
interpreted in its strictest sense as the basic information on the location of potential
natural hazards was unknown at the time of the introduction of the spatial planning
law (Pomaroli et al. 2011). The current practice rather evaluates where actual
landslides, flooding events or avalanches are known and not where a potential
susceptibility to these hazards is present (Pomaroli et al. 2011).
Secondly, the preparation of hazard zonation plans aiding the identification of
natural hazards was legally introduced in Austria in 1975 based on the Forest Act of
1975 (Rudolf-Miklau 2007). This map is prepared by a decentralized agency called
Austrian Service for Torrent and Avalanche Control (Rudolf-Miklau 2007). Further
tasks of this agency are the design and installation of active prevention measures
and watershed management (Rudolf-Miklau 2007). The hazard zonation plans are
an important source for identifying hazardous areas in settlements or close by. They
are prepared nationwide for areas in and around settlements to identify potential
landslide, avalanche or torrential process hazards on a scale of 1:2000 (RudolfMiklau 2007).
The hazard zonation plans distinguish between red and yellow hazard zones, blue
reservation areas and purple and brown reference areas (Rudolf-Miklau 2007). Red
hazard zones are assigned for areas where the threat of the hazard is very high and
the costs of the construction of preventative measures are too high (Rudolf-Miklau
2007). Therefore, building is not recommended in red hazard zones (Rudolf-Miklau
2007). Yellow hazard zones show areas where the permanent use for living or
transportation may be affected regularly by the hazard. In these zones, building of
houses or roads might be allowed if special construction types to mitigate the
hazards are considered (Rudolf-Miklau 2007). Blue reservation areas and purple
reference areas are mainly concerned with the construction of mitigation or flood
retention measures (Rudolf-Miklau 2007).
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While mainly torrential processes (e.g. debris flows) and avalanches are analyzed
and mapped assigning red and yellow hazard zones, landslides of the type earth or
debris slide or rock falls are marked as brown reference area (Rudolf-Miklau 2007).
Brown reference areas indicate the presence of rock fall or earth or debris slides
without stating on the hazard (magnitude and frequency) itself (Rudolf-Miklau
2007). However, hazards of the brown reference areas are not assessed with the
same detail as hazards within the red and yellow hazard zones (Pomaroli et al.
2011). Building in areas affected by slides is not restricted in the same way as in
areas affected by debris flows or avalanches, as spatially abundant information on
the earth and debris slide susceptibility is missing (Pomaroli et al. 2011).
As soon as the hazard zonation plan is integrated in the municipal zonation plan it is
legally binding and has to be taken into account for development planning done by
the municipality. With the web-based GIS platform “eHORA” all the information and
maps provided for hazard zonation for floods, torrential processes and landslides is
available publicly for entire Austria (Fig. 4.9; Federal Ministry of Agriculture,
Forestry, Environment and Water Management 2014).

Figure 4.9 Hazard zonation plan extract from eHORA for Ybbsitz (Waidhofen/Ybbs). Source: Hora,
2014
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Thirdly, a law meant to provide financial aid for affected people by installing the
Natural Disaster Fund in 1966 is also of importance. This fund was introduced in
1966 after severe damages due to natural hazards in Austria (Gottschling 2002). The
current version of the Natural Disaster Fund law (BGBl. 201/1996) defines a natural
disaster and the examining authorities in case of losses due to a natural hazard
event (Federal Ministry of Finance 2014a). This tax financed fund was established to
cover costs for natural hazard prevention measures or costs for remediation
measures after the occurrence of natural hazards (Federal Ministry of Finance
2014a). It affects not only the people but also the practice of the Geological Survey
and the Austrian Service for Torrent and Avalanche Control. Three quarters of the
funds of the Natural Disaster Fund are invested in preventative measures against
natural hazards analyzed and realized by the Austrian Service for Torrent and
Avalanche Control (Federal Ministry of Finance 2012). In 2013 approximately nine
percent of the fund was attributed to investment in new equipment for local fire
brigades. 18% was spent on remediation measures of private persons (4.5%), the nine
provinces (3.5%), municipalities (9%) and the nation (1%) (Federal Ministry of
Finance 2014b).
In cases of damage on private property, the provinces are the main authority in
charge for assessing the amount of loss and the presence of a natural disaster.
Furthermore, the distribution of the fund to the people is administrated by the
province (Federal Ministry of Finance 2014b).
Application for this funding is completed through the municipal government, who
contact the damage committee and an expert (e.g. Geological Survey of the province)
for assessing the presence of a natural disaster (Gottschling 2002). A private person
can apply for the funding once the remediation costs are estimated (Gottschling
2002). Private persons can expect financial aid to cover 20% - 30%, or in very severe
cases up to 80% of the remediation costs, which is provided by the province (Federal
Ministry of Finance 2012). Municipalities or the province itself may receive a refund
of up to 50% of the costs for remediation works needed to repair buildings or roads
(Federal Ministry of Finance 2012).
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5. Materials
5.1 Available data and their characteristics
The mapping, analysis and modelling of landslides in Lower Austria was based on
the availability of a high resolution LiDAR (Light Detection and Range) digital
elevation model (DTM) with a spatial resolution of 1m x 1m. This LiDAR DTM was
acquired within entire Lower Austria between 2006 and 2009. Four different LiDAR
sensors were applied, as the flight campaigns were operated by different experts and
in different years: Riegl LMS-Q560 (Riegl 2010), ALTM 3100 (Optech 2008a), ALTM
Gemini (Optech 2008b) and Leica ALS50 (Amt der NÖ Landesregierung 2013; Leica
Geosystems 2003; Petschko et al. 2014a). While the density of the point cloud is
unknown it can be generally stated that the resulting DTM is of high quality with a
low amount of distortions or data gaps where resampling was applied by the
provincial government of Lower Austria.
In addition to the high resolution DTM, orthophotos, as well as data on land cover,
geology and soil also supported the research of landslides. Two sets of orthophotos
were used for exploring landslides in test districts (Petschko et al. 2014a). The
orthophotos had a spatial resolution of 25cm and 12.5cm and were taken between
2000-2004 and 2007-2008 (Amt der NÖ Landesregierung 2013). Complete coverage
of the entire study was available with orthophotos that had a 25cm spatial resolution
(Amt der NÖ Landesregierung 2013).
Information on the land cover of the province was provided by a supervised land
cover classification of satellite imagery (Bell et al. 2012). A composite of satellite
images from Aster, Landsat TM5, Landsat TM7 and ALOS/AVNIR of the years 2007
and 2008 was used to cover the entire province (Bell et al. 2012). The classification
was performed on a spatial resolution of 15m (Bell et al. 2014; Bell et al. 2012).
While geological maps are available with a scale of 1:50,000 in selected areas in
Lower Austria, a geological map with a scale of 1:200,000 was applied within this
study (Petschko et al. 2014c; Schnabel 2002). Although this is a rather small scale
given the aimed map output scale of 1:25,000, it was the only dataset available
covering the entire study area. Furthermore, for the applied study design (refer to
section 6.2.3) the available scale was not of disadvantage.
Within any landslide susceptibility model information on the soil characteristics is
on the wish list of input variables as the soil properties have an effect on the
infiltration capacity and water storage in the soil (refer to section 2.1.3; Crozier
1986). In this study soil data on the permeability (mm d-1; average value of the top
20 cm, and minimum value within 100 cm profiles) and void space (%; average value
of the top 20 cm, and average of 100 cm profiles) was available with a spatial
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resolution of 50m (Eder et al. 2011; Petschko et al. 2014c). These data might be
considered as a proxy for the infiltration capacity (Petschko et al. 2014c).
As learned from the description of the study area tectonics and the presence of nappe
boundaries are important for soil development and landslide initiation in the study
area. Data on fault lines and nappe boundaries was available as vector data derived
from geological maps in the scale of 1:50,000 (Kurz 2012).

5.2 Landslide inventories
Data on the Building Ground Register was provided by the Geological Survey of
Lower Austria. All registered landslides and their respective reports were available
starting from 1953 to end of 2009. In the past the location of the landslides was
identified as a point on a map of the scale 1:50,000 (Fig. 5.1). However, with the
availability of orthophotos a more precise positioning of the point indicating a
landslide became possible. In total, information on 1878 landslides was available for
this study. For more details on this inventory please refer to section 4.3.

Figure 5.1 Existing landslide inventories in Lower Austria. a) Points of the Building Ground Register
(red triangles); b) Polygons, lines or points of the GEORIOS database of the Geological
Survey of Austria; c) Landslide mapped in the hazard zonation plan of the Austrian
Service for Torrent and Avalanche control.

Additionally, vector data originating from a database called “GEORIOS –
GEORIsiken OeSterreich” compiled by the Geological Survey of Austria was
available. It includes polygons, lines or points of landslides found in old manuscript
geological maps, archives, field work, project reports, surveys, literature, theses and
the geological map in the scale of 1:50,000 (Fig. 5.1; Kociu et al. 2007). The
information available on very different scales (1:10,000 – 1:200,000) was compiled
and digitized on a scale of 1:50,000 in vector format (Kociu et al, 2007). No
information on landslide age or the circumstances of the landslide initiation was
available. This inventory is rather incoherent given the multitude and dependency of
different sources. Accordingly, in some areas in Lower Austria no information on
landslides is given (Kociu 2013). In total the GEORIOS database for Lower Austria
contains 3257 polygons, lines or points on landslides (at 17.11.2009).
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Moreover, the Austrian Service for Torrent and Avalanche Control collects
information on landslides. In the hazard zonation plans mainly debris flows and
torrential processes are focused on. However, some information on earth and debris
slides is included in the hazard zonation plans if an earth or debris slide occurred
during the time of the creation of the map or if clear indicators for slide activity were
discernible in the field (Fig. 5.1). These earth or debris slides are indicated within
the hazard zonation plan on a scale of 1:2000. Nevertheless, the hazard zonation
plans are restricted to areas in the vicinity of settlements (Rudolf-Miklau 2007).
Therefore, no information on earth and debris slides was available outside
settlement areas.
The Map of Quaternary Sediments (Untersweg et al. 2008; 1:50,000) was used as
another source of information on the location of landslides. It includes polygons of
landslides mapped on a scale of 1:50,000. However, also within this map, not all of
Lower Austria was mapped by the same person, which resulted in a different density
of information on landslides within this data source. The Map of Quaternary
Sediments is the result of a project on raw materials aiming at a nation-wide
inventory of sand and gravel deposits (Untersweg et al. 2008). Therefore, it is
obvious that mapping landslides or their deposits was not the primary purpose of
this map.

5.3 New data generated during the dissertation
A list of new data generated during the dissertation is given in the following, to
provide a clear distinction of which data was available before, and which data is a
result of the analysis of this thesis.
As parts of the thesis were addressing the test study area (covering the districts
Amstetten, Baden and Waidhofen/Ybbs) and other parts were analyzed for the entire
study area of 15,835km² the data generated is indicated respectively in Table 5.1.
For example landslide polygons were only mapped for the test study area, while
landslide points were mapped for the entire study area. Furthermore, the landslide
susceptibility and uncertainty analysis was mainly done for the entire study area
(which is covering the test districts and the rest of Lower Austria).
The mapped landslide points were used as response variable for the statistical
modelling. Several derivatives were generated from the LiDAR DTM within SAGA
GIS using the RSAGA package within R (Brenning 2011) to aid as explanatory
variables and as proxies for geomorphic and hydrological processes: slope angle,
slope aspect (transformed to represent the east versus west and north versus south
using the sine and cosine of the aspect), catchment area, catchment height,
convergence index (10m, 50m), curvature and topographic wetness index (Tab. 5.1;
Petschko et al. 2014c). The relevance of most of these derivatives was reported on
before by Van Westen et al. (2008). The large importance of slope angle for slope
stability was described and discussed in detail in slope stability literature (e.g.
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Crozier 1986). The inclusion of slope aspect may reflect both, a proxy for bedding
orientation as well as the differences in intensity of solar radiation (Van Westen et
al. 2008). The differences in solar radiation result in variations of local temperature,
evaporation and therefore soil moisture (Van Westen et al. 2008).

Table 5.1

Overview on data generated within the thesis for the different study areas: (1) the test
study area including the districts Amstetten, Baden and Waidhofen/Ybbs and (2) the study
area mainly covering Lower Austria (15,835km²)

Data

Amstetten, Baden and
Waidhofen/Ybbs

Entire study area
(15,835km²)

Landslide polygons including
differentiation of landslide types,
relative age and mapping certainty

Yes

No

Landslide points in main scarp

Yes

Yes (but only for AM, BN,
WY mapped by the author)

Derived main scarps of landslides

Yes

No

DTM derivatives: hillhade (315°, 135°
and 45° azimuth angle), contour lines
(4m spacing), slope angle (1m and 10m
grid cell);
Derivatives with 10m grid cell size: east
versus west, north versus south,
catchment area, catchment height,
convergence index (10m, 50m),
curvature, topographic wetness index

Yes

No

Not only for this area

Yes

Euclidian distance to nappe boundaries
and Euclidian distance to tectonic lines

Not only for this area

Yes

Landslide susceptibility map

Not only for this area

Yes

Variable frequency

Not only for this area

Yes

Thematic consistency index

Not only for this area

Yes

Transferability index

Not only for this area

Yes

Uncertainty index of susceptibility map

Not only for this area

Yes

The curvature variable was used to portray local variations in the morphology as it
was calculated with a radius of three grid cells (Petschko et al. 2014c). On that scale
local convex and concave surfaces are shown which can influence wetness conditions.
Opposed to the curvature the convergence index was calculated once with a 10m
radius and once with a 50m radius to portray the morphology on a smaller scale and
to identify specific locations on a slope where landslides occurred in the past.
Additionally, the catchment height variable can aid this identification of the position
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of a landslide on a slope as it shows the distance from the ridge (Petschko et al.
2014c).
The topographic wetness index was reported as a proxy for the soil moisture and
additionally also the ground water level (Beven and Kirkby 1979; Seibert et al.
2007). As more detailed information on the potential soil moisture was not available
this variable was used as a proxy (Petschko et al. 2014c). Similarly, catchment area
was calculated for the sub-catchments to derive the contributing area on a more local
scale (Petschko et al. 2014c).
Furthermore, fault lines and nappe boundaries were available for this study. As
reported earlier in the study area section, the proximity to fault lines and nappe
boundaries was reported as an important preparatory factor for landslides in Lower
Austria. Therefore, the Euclidean distance from the respective features was derived
within a raster based approach (Petschko et al. 2014c).
All data necessary for the landslide susceptibility modelling was resampled to a
spatial resolution of 10m x 10m (refer to figures in Annex C; Petschko et al. 2014c).
Given the aimed map output scale of 1:25,000 a grid cell size of 25m (1/1000 of the
scale factor; Calvello et al. 2013) might have been more appropriate. However, a
resampling to 10m x 10m was done considering the detailed resolution and
information on the topography provided by the LiDAR DTM and the coarse
resolution of the soil data (50m x 50m; Petschko et al. 2014c). Given the coarse
resolution of the soil data the decision on a better resolution might be troublesome.
However, by deciding on an output spatial resolution of 10m x 10m it is possible to
take advantage of the high resolution of the topographic data while avoiding wrong
signals in the modelling from a higher resolution (e.g. 2m x 2m; Van Westen et al.
2008). Naturally, the performed resampling of the soil data is only an artificial
improvement, which does not increase its data accuracy (Petschko et al. 2014c).
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6. Methods –
from landslide mapping to
susceptibility modelling,
performance assessment and
visualization
The preparation of a landslide susceptibility map with a statistical approach and the
assessment of its quality involve several steps: (1) Data preparation including the
assembling or mapping of a landslide inventory and the identification of geomorphic
relevant explanatory variables; (2) statistical modelling with determining the
explanatory variables characterizing the landslide susceptibility in the study area
best; (3) assessing the model performance and other facets of quality of the landslide
susceptibility model (e.g. transferability or thematic consistency); (4) deriving the
spatially varying prediction uncertainty; (5) transferring the model and the spatially
varying prediction uncertainty to all grid cells within the study area; and (6)
building the landslide susceptibility classes using interpretable and meaningful
threshold values of the predicted probability and assigning colors to each class (Tab.
6.1). To assess these different steps several methods were applied within this study
for different (test) study areas (Tab. 6.1). The interrelationships of different methods
are indicated in Table 6.1 by cells overlapping two columns. This table emphasizes
how the parts of the analysis are strongly interwoven, with implications on the final
interpretation of the map and its uncertainties.
Different study areas within Lower Austria were used to establish a methodology for
the entire province as indicated in Table 6.1. These study areas were the district
Waidhofen/Ybbs, a catchment close to Wilhelmsburg, the test districts Amstetten,
Baden and Waidhofen/Ybbs and the entire study area within Lower Austria
(15,835km², Tab. 6.1). Some hypotheses (the first and fifth hypothesis) are addressed
with multiple methods or steps of a susceptibility assessment as indicated in Table
6.1.
In the following sections a brief overview on the methods used within this study is
given to introduce the main applied principles. The details on the methods used to
assess each hypothesis are provided in full length within the publications (printed in
the annex A.1 to A.8) as indicated for each method in Tab. 6.1.
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Table 6.1

Overview on analysis steps and methods used within this study. Similarly to a flow chart the steps are listed chronologically from top to the bottom
according to when it was done within this analysis. Overlapping cells within different steps (columns, e.g. landslide inventory and modelling) indicate an
interrelationship of the methods used for assessing the respective hypothesis. In brackets the study area of the respective analysis is indicated: AMBNWY
= Amstetten, Baden and Waidhofen/Ybbs; WY = Waidhofen/Ybbs; WB = Wilhelmsburg; NOE = entire study area. Furthermore, the respective hypothesis
(H1 – H5) and the publication addressing this (A.1 – A.8, according to the list given in the annex) are given. LR = Logistic regression; GAM = Generalized
additive models

Landslide inventory mapping (LiDAR
DTM derivatives)

Statistical landslide susceptibility
modelling

Assessment of the human
impact
Literature research for possible
human impacts on landslides
documented in Lower Austria
(NOE; H5)

Mapping of landslides by visual
interpretation of LiDAR DTM derivatives
(AMBNWY; H1; A.1, A.2, A.4, A.7, A.8)
Comparison of the mapped inventory with
existing inventories (WY; A.1)
Estimating the relative age of landslides by visual
interpretation of landslide morphology and vegetation cover as a
basis for the selection of explanatory variables matching the
characteristics of the landslides stored in the inventory used for the
modelling (AMBNWY; H2; A.8)
Comparison of
landslide mapping
effectiveness using
an effectiveness
estimate (AMBNWY;
H1; A.7)
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Tests on minimum requirements on landslide inventory for
statistical modelling (H1) :
-

Number of samples (GAM, NOE; A.6)

-

Form of samples (one point within main scarp or landslide
body; LR, AUROC; visual comparison; AMBNWY; A.4)

Identifying possible human impact
in the catchment of the landslide
(AMBNWY, WB; H5; A.2)

User optimized
visualization

Landslide inventory completeness: Assessment of the landslide persistence using LiDAR DTM derivatives, orthophotos of
different acquisition date and the Building Ground Register (WY; H5; A.2)
Facing the heterogeneity of the study area
by a suited model design (AMBNWY, NOE;
H2; A.3; A.6)
Analysis of the quality of the landslide
susceptibility model and map (NOE; A.6):


Model performance (AUROC)
Model transferability (T)
Thematic consistency (C)
k-fold (spatial) cross-validation
(H3)

Identification of number of
classes (NOE; A.5)
Classification of resulting
landslide susceptibility
maps using interpretable
and meaningful threshold
values of the predicted
probability. (NOE; A.5)

Spatially varying prediction
uncertainty
 Estimation of the confidence
interval limits of the predicted
probability and analysis of the
overlaps of susceptibility classes of
the susceptibility maps (H4)
-

Selection of colors
allowing easy interpretation
of the map indicating
possibly affected areas.
(NOE; A.5)
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6.1 Landslide inventory mapping
The landslide inventory mapping was mainly performed on the basis of visual
interpretation of LiDAR DTM derivatives (hillhade (315°, 135° and 45° azimuth
angle), contour lines (4m spacing), slope angle (1m and 10m grid cell)) and
orthophotos (Ardizzone et al. 2007; Schulz 2004; Fig. 6.1). Here the general approach
used for mapping landslides is given. More details related to the mapping conducted
for each research paper can be found in Annex A.1 (Petschko et al. 2010), Annex A.4
(Petschko et al. 2013), Annex A.7 (Petschko et al. 2014a) and Annex A.8 (Petschko et
al. 2014b).

Figure 6.1 Materials used for the landslide inventory mapping: (a) LiDAR DTM hillshade map with
315° azimuth angle; (b) LiDAR DTM hillshade map with 135° azimuth angle; (c) LiDAR
DTM hillshade map with 45° azimuth angle; (d) Orthophoto (25cm x 25cm) acquired
between 2000-2004; (e) Orthophoto (12,5cm x 12,5cm) acquired between 2007-2008; (f)
Slope angle map derivative from the LiDAR DTM; (g) 4m spaced contour lines derived
from the LiDAR DTM. Source: DTM and orthophotos: Provincial Government of Lower
Austria; Landslide mapping: own survey. Figure: Petschko et al. 2014a

During the visual interpretation of the LiDAR DTM derivatives, morphological
features discernible after the occurrence of a landslide (Tab. 2.2; Rib and Liang 1978)
were detected and outlined with a polygon and with a point in the main scarp of the
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landslide. The hillshades of the different azimuth angle were used to avoid shades
covering landslide features hindering the delineation of the landslide boundary
(Schulz 2004). The contour lines were specifically helpful to identify concave and
convex features defining the main scarp and the landslide toe. Furthermore, the
slope map was used to interpret steep areas which also indicate scarps, ridges or the
landslide toe (Ardizzone et al. 2007). While the morphology is directly visible from
the LiDAR DTM derivatives, the orthophoto was used to avoid misinterpretation due
to morphological convergence (Antonini et al. 2002).
Furthermore, for selected areas extensive field checks of the mapping were carried
out. These field checks were prepared with print outs of orthophotos and of the
LiDAR DTM derivatives superimposed with the delineated landslide polygon or
point. In the field, the delineation of the landslide polygon and its assigned landslide
type was checked looking for silent witnesses of previous and recent slide activity
(e.g. drunken forest, cracks, scarps). This field work was very important for
improving the accuracy of the mapping and for learning more about the processes
and their morphology.
The polygons were mapped representatively within each lithological unit, to obtain a
substantially complete landslide inventory. Despite that, the points were set in every
landslide visible on the LiDAR DTM derivatives. Generally, only clearly discernible
features showing both, the main scarp and the toe, with a size larger than 100m²
were mapped (Petschko et al. 2014a).
While points were only set in landslides of the type earth or debris slide, several
landslide types were mapped as polygons: earth and debris slides, earth flows,
complex landslides and area with slides (Petschko et al. 2013). The landslide types
were classified according to the classification based on Varnes (1984) and Cruden
and Varnes (1996). Furthermore, the attributes of certainty of mapping regarding
the delineation of the polygon and the assignment of the landslide type and the
estimation of the relative age of the landslide (refer to section 6.1.1) were evaluated
and added in the feature attribute table for each landslide polygon (Petschko et al.
2014a).
A visual comparison of the mapped polygons with the location of landslides from
existing landslide inventories (e.g. BGR, GEORIOS) was done during the mapping to
evaluate the need for mapping a new inventory from LiDAR data (Petschko et al.
2010). During this comparison overlaps of the mapped landslide with a landslide of
an inventory were identified and stated in the feature attribute table.

6.1.1 Comparison of relative landslide age and current land cover
Within this study the potential to estimate the relative landslide age using LiDAR
DTM derivatives and orthophotos was tested for the mapped landslide polygons. The
aim of this analysis was to aid the selection of explanatory variables, as a successful

73

distinction between relative landslide ages might allow insights into characteristics
of (very young) landslides at their occurrence.
The relative age estimation of the landslides was based on an approach proposed by
McCalpin (1984), interpreting the freshness of the morphology and the vegetation
cover of the landslides (Bell et al. 2012; Petschko et al. 2014b). It is assumed that the
older the landslide becomes the less distinctive are the different features of a
landslide (main and minor scarp, ridges, and toe) visible on any imagery (McCalpin
1984). The landslide is exposed to erosion and weathering processes which “wash
out” the original distinct features. A drainage system evolves and usually (except in
cases of agricultural land use) the vegetation regrows (Fig. 6.2; McCalpin 1984).
Four different relative ages were distinguished: very young, young, old and very old.
Fresh morphology and no vegetation at least within the main scarp characterized
very young landslides. Very old landslides show a smooth morphology and a dense
vegetation cover (e.g. forest; Petschko et al. 2014b).
A comparison with recent land cover data was done with a raster based approach
within ArcGIS (9.3). The landslide polygons were used for masking the land cover
data. The resulting data set gave the information on the land cover within the
mapped landslides only. The percentage of pixel covered by the different land cover
types was derived for each relative landslide age.

Figure 6.2 Schematic drawing of geomorphological changes with increasing relative landslide age of
an idealized landslide (based on McCalpin (1984) and Keaton and DeGraff (1996). A =
active, reactivated, suspended or dormant-historic; B = dormant-young; C = dormantmature; D = dormant-old. Source: Bell et al. (2012)
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6.1.2 Automated derivation of main scarps from polygons
As many statistical modelling approaches model with the grid cells (or one grid cell
sampled) within the main scarp, the extent of the main scarp often needs to be
known. An approach of the automated derivation of the main scarps of landslides
using the mapped polygons was tested, as the time available for the mapping of the
polygons was limited, and a high effectiveness of the mapping was a focus of this
work (Petschko et al. 2014a).
The automatic derivation of the main scarps was done by a raster based approach
masking the DTM by the landslide polygons (Petschko et al. 2014a). Then the
elevation range within each landslide polygon was identified and a dynamic
threshold value of the percentage of the elevation range was used to assign the main
scarp area in a GIS environment. With this dynamic threshold value it can be
assured that the characteristics and different sizes of all landslides are taken into
account. Different threshold values of the elevation range were analyzed to identify
the best fitting one for the actual size of the mapped main scarps in the test districts
(Petschko et al. 2014a).

6.1.3 Tests on minimum requirements on landslide inventories for
statistical landslide susceptibility modelling
The following requirements for statistical modelling of landslide susceptibility were
assessed,
1. Where within the landslide should be sampled?
2. What is an adequate sample size for statistical modelling?
The landslide part (main scarp or the entire body) needed for the modelling was
analyzed by trying to answer the question “Is the information on the entire landslide
polygon necessary for the modelling and the resulting classified susceptibility map or
is it adequate for obtaining a susceptibility map with three classes to sample (or
map) a point in the main scarp only?” for the study area (AMBNWY; Petschko et al.
2013). Naturally, selecting a point in a different location of the landslide polygon
highly influences the general allowed interpretation of the resulting landslide
susceptibility map. However, aiming at a high mapping effectiveness mapping points
in the main scarp only would enhance the mapping speed and allow the mapping of
larger areas within shorter time.
To assess this two logistic regression (LR) models were fitted using one random
sample grid cell within the entire landslide body and one random sample within the
derived main scarp respectively (Petschko et al. 2013). The model performance was
assessed deriving the AUROC value from comparing the resulting susceptibility map
with the sampled grid cells within the entire landslide body. Furthermore, given the
aimed output presentation of the susceptibility map with three classes, the classified
susceptibility map was compared visually according to the differences between the
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maps (Petschko et al. 2013). The visual comparison addressed the extent and spatial
distribution of the susceptibility classes and their similarity at ridges and valleys.
The minimum required sample size was assessed by evaluating the performance of
landslide susceptibility models trained and testing for a range of sample sizes. This
assessment was conducted in the Flysch Zone, which is highly susceptible to
landslides. A generalized additive model (GAM) was applied using k-fold crossvalidation with 5 folds and 20 repetitions (for more details please refer to section 6.2)
and the sample size was reduced stepwise from 12562 to 6400, 3200, 1600, 800, 400,
200, 100 and to 50 sampled cells (Petschko et al. 2014c). While the training sample
was reduced constantly, the test sample stayed constant with a sum of 2000
landslide and non-landslide sample cells (Petschko et al. 2014c). To assess the
changes in the model performance the median AUROC value and the interquartile
range (IQR) of the AUROC value were determined for each sample size. Also the
thematic consistency was evaluated (Petschko et al. 2014c). The thematic
consistency assesses the similarity of the variable selection between different model
runs. A high thematic consistency is obtained for models selecting the same set of
explanatory variables in all model runs (refer to section 6.2.3).

6.1.4 Effectiveness estimate - comparison of landslide polygons and
points in the main scarp
Assessing the effectiveness of mapping landslides with a polygon or with a point was
done semi-quantitatively comparing the respective inventory with the defined
requirements on a landslide inventory for different analysis types (e.g. statistical
susceptibility modelling, hazard or risk analysis; Petschko et al. 2014a). From this
comparison an effectiveness estimate was derived by taking into account the ratio of
the number of landslides mapped, the used resources given by the person months
(working 40h/week) and the study area size (Petschko et al. 2014a). Furthermore, a
detailed catalogue of which aspects or information of an inventory are important for
a given analysis type was developed and used to assign weights for the inventory.
This weight was included in the calculation of the effectiveness estimate (Petschko et
al. 2014a).
Additionally, the two landslide inventories were compared regarding their
substantial completeness within the lithological units and the median slope angle
represented by the polygons and the points set in the main scarp (Petschko et al.
2014a).
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6.2 Landslide susceptibility modelling – facing the
heterogeneity of large regions
6.2.1 Generalized additive models (GAM)
The analysis of identifying the minimum requirements on the information of the
landslide inventory (point or polygon) was performed using the logistic regression
model. Therewith, the intercept and a regression coefficient were determined for
each explanatory variable describing the relationship between the landslide
occurrence and the explanatory variables (Petschko et al. 2013).
Generalized additive models are a nonlinear extension of logistic regression models.
Basically, the linear regression coefficient for each explanatory variable is exchanged
with a nonlinear empirically fitted smooth function (Hastie and Tibshirani 1990;
Petschko et al. 2014c). A GAM allows the combination of linear and nonlinear
smoothing functions to describe the relationship between landslide occurrence and
the explanatory variables (Petschko et al. 2014c).
Within a backward and forward stepwise variable selection the model decided on
whether to include the variable or not, and if it was included, with which form
(linear or nonlinear) the relationship with the response variable was explained best.
This method was used to avoid the variable selection performed by an expert, as
after Box (1976):
“Since all models are wrong the scientist cannot obtain a "correct" one by excessive
elaboration. On the contrary following William of Occam he should seek an
economical description of natural phenomena.” (Box 1976, p. 792).
Accordingly, the Aikake Information Criteria (AIC) used within the automated
stepwise variable selection measures the goodness-of-fit but seeks for a model with
low complexity to obtain a parsimonious model (Akaike 1974).

6.2.2 Model design for large heterogeneous study areas
Characterizing study areas that show a high heterogeneity regarding their
topography and geotechnical conditions is important for providing landslide
susceptibility maps that are informative and comparable over the entire study area.
Using the lithological map as proxy for geotechnical characteristics in the area it was
assumed that the main explanatory variables might change within the lithological
units (Petschko et al. 2012). Therefore, the lithological units were merged into
homogeneous modelling domains which formed the basis for splitting the study area
(Petschko et al. 2014c).
The difference of selected explanatory variables within the modelling domains was
tested by fitting a GAM using stepwise variable selection within each modelling
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domain. Furthermore, to have a result independent of the sampling the variable
selection frequency was summarized after the repeated k-fold cross-validation
(Heckmann et al. 2014; Petschko et al. 2014c; von Ruette et al. 2011).
After the modelling within the modelling domains, the landslide susceptibility maps
were merged adjusting each map by the sampling rate. This step was necessary to
account for the general relative landslide susceptibility of each modelling domain
(Petschko et al. 2014c).

6.2.3 Statistical model performance assessment – repeated k-fold
cross-validation
Assessing the model performance independent of a random sample was done by
systematically applying a repeated k-fold cross-validation within each modelling
domain (Petschko et al. 2014c).
Spatial and non-spatial (random) subsampling was performed to assess the spatial
and non-spatial transferability (Kohavi 1995; Townsend Peterson et al. 2007). K-fold
cross-validation describes a systematic technique to derive a number (k, here k = 5)
of subsamples and fitting the model with k-1 fold and testing the model with the
remaining fold to obtain a performance measure (Kohavi 1995; Petschko et al.
2014c). As the partitioning might also have an influence on the performance
measure, the partitioning was repeated r times (here: r = 20) and the median and
interquartile range of the 20 outcomes was calculated (Petschko et al. 2014c).
The area under the receiver operating characteristic curve (AUROC) value was used
as performance measure. It compares the sensitivity of a model (proportion of true
positives) with the specificity (or 1-specificity, the false positives rate; Hosmer and
Lemeshow 2000). AUROC values can range from 0 to 1 indicating random
agreement of predictions and observations (AUROC values between 0-0.5) or perfect
discrimination (AUROC = 1; Brenning 2005; Petschko et al. 2014c).
The spatial and non-spatial transferability of the GAM was assessed within each
modelling domain computing a transferability index T (Petschko et al. 2014c).
Generally, the spatial and non-spatial transferability can be expressed with the IQR
of the AUROC value obtained by the k-fold cross-validation. The computation of the
transferability index was necessary to account for the varying sample size of all
modelling domains and to allow the comparison of the transferability among the
modelling domains (Petschko et al. 2014c). It takes into account the estimated
standard error of the AUROC value and the IQR of the AUROC values within the
domain (Petschko et al. 2014c). The higher the index value T the lower the (spatial
or non-spatial) transferability of the model (Petschko et al. 2014c).
The thematic consistency is also of importance for describing the model quality
(Guzzetti et al. 2006). Such as the transferability index it shows the models
sensitivity to sample variation expressed by variation in variable selection (Petschko
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et al., 2014c). A high thematic consistency is considered when in every model run the
same set of variables is selected. Formalizing this concept a thematic consistency
index C based on the Gini impurity index was obtained (Petschko et al. 2014c). A
value of C close to zero indicates a good thematic consistency, while a value close to 1
shows poor thematic consistency (Petschko et al. 2014c).

6.2.4 Assessment of spatially varying prediction uncertainties
Giving an idea on the spatially varying prediction uncertainties visualized on a map
was a very important step within this analysis aiming at transparent
communication of uncertainties within this modelling approach. While the spatially
varying prediction uncertainties only represent one out of many model form
uncertainties it also has implications on the final spatial distribution of
susceptibility classes.
The predicted probability value is usually used to display the landslide susceptibility
resulting from one model run only. However, it is only a mean out of a range of
possible probability values for the occurrence of landslides. Assessing this range, the
95% confidence interval can be derived using the standard error of the prediction.
The spatially varying prediction uncertainties were obtained by deriving the upper
and lower confidence limit of the predicted probability within the 95% confidence
interval (Petschko et al. 2014c).
Therefore, the standard error of the prediction was transferred to every grid cell
within the study area (NOE) by a lookup table (Petschko et al. 2014c). The R² value
was derived between the looked up standard errors and the actual standard errors to
assess the success of this procedure (Petschko et al. 2014c).
The grids of the upper and lower confidence limit and of the predicted probability
were classified in three classes using the same threshold values (Petschko et al.
2014c). The three classified susceptibility maps were then analyzed regarding
overlaps of different susceptibility classes (Petschko et al. 2014c).

6.3 Number and thresholds of susceptibility classes
suitable for planning purposes
Landslide susceptibility maps are usually implemented using classes of
susceptibility (e.g. low, medium, high) instead of the full range of values resulting
from the modelling. This should give a basis for rather definitive decisions on if an
expert on slope stability has to be consulted or not. Therefore, the classified map is
contradictory to the probabilistic assessment of the landslide susceptibility where
definitive predictions of stability are prevented (Crozier 1986).
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Regarding the number of landslide susceptibility classes many different approaches
can be found in literature. Many scientific papers distinguish between up to 10 or
twelve classes (e.g. Chung and Fabbri 2003; Goetz et al. 2011), whereas others
present susceptibility maps with seven, five or four classes (e.g. Van Den Eeckhaut
et al. 2006; Rossi et al. 2010a; Santacana et al. 2003; Zezere 2002).
In the project MoNOE within which this thesis was written, the basic considerations
for the decision on the number of susceptibility classes were: (1) cartographic
considerations: the colors of the map should be monopolar to not give a wrong
impression of stable and severely unstable slopes. Furthermore, the colors should be
clearly distinguishable; (2) every susceptibility class is related to clear
recommendations for action for the mayor who is in charge of the spatial planning in
the municipality. Differentiating between more than three recommendations might
lead to a simplification of them by the users of the map which had to be avoided (Bell
et al. 2013).
Concerning the colors of the map, it was proposed to avoid the traffic light colors
(red, yellow, green) to avoid misinterpretation and confusion with the landslide
hazard zonation map of the Austrian Service for Torrent and Avalanche Control. The
resulting landslide susceptibility maps represent a first indication of areas where
more detailed investigation of the slope stability is necessary. This is contradictory
to the hazard zonation maps. Therefore, this difference should also be portrayed by
the color choice avoiding colors that look too alarming (e.g. red) or not serious enough
(e.g. green; Bell et al. 2013).
Classifying the susceptibility map Fell et al. (2008) recommend relative
susceptibility descriptors, which can be obtained by statistical models, to include the
largest possible number of landslides in the highest susceptibility class. However,
the spatial area covered by this class should be as small as possible. Accordingly, the
number or percentage of landslides was determined by masking the resulting
unclassified susceptibility map with the landslide grid cells. This gave the
opportunity to quickly assign and visualize different threshold values of the
landslide probability within ArcGIS (9.3). A range of threshold values and number of
classes was tested and compared visually with the location of the mapped landslides.
The visual appearance of the resulting classified susceptibility maps and the
coverage of the area were of high importance. Therefore, this was analyzed and
compared for 17 areas within different modelling domains.

6.4 Analysis of different dimensions of human impact on
landslides
The literature research and field work within the study area gave insight in a range
of possible impacts of human activity on the predisposing or triggering factors of
landslides but also on the visibility of landslides on different remote sensing imagery
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(refer to section 4.4). Within this thesis two of these were assessed within small
study areas (Waidhofen/Ybbs and a landslide at Wilhelmsburg) as presented here.

6.4.1 Landslide persistence analysis
The persistence of the landslide morphology on the LiDAR DTM derivatives was
evaluated by the comparison of landslides visible on the orthophoto or in the
Building Ground Register with their visibility on the LiDAR imagery (Bell et al.
2012). A minimum persistence was defined for landslides visible in the LiDAR DTM
derivatives and where the date of occurrence was known from different data sources
(Bell et al. 2012). A maximum persistence was defined in cases where the landslide
was visible on orthophotos, or its exact location was known from archive data, but
the landslide was not visible on the LiDAR DTM derivatives anymore (Bell et al.
2012). The landslides showing a minimum or maximum persistence were analyzed
regarding their land cover type and their size.

6.4.2 Influence on catchment area
In a very local study of two landslides (recently reactivated in 2009) the influence of
human activity on changing the predisposing and preparatory factors of landslide
occurrence was analyzed. Field studies showed that the natural watershed of the
landslide might have been altered by the construction of a culvert close to a
farmhouse in combination with the presence of an old sunken lane south of the
landslide. This was analyzed in more detail using GRASS GIS (7.0) deriving the
watershed boundaries for the study area in Wilhelmsburg (south of St. Pölten). The
natural and the artificially enlarged watershed were computed using the r.carve and
r.watershed tool of GRASS GIS (7.0).
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7. Results
As the results and related discussions are presented in full detail in the publications
in the annex (A.1 – A.8, Bell et al. 2013; Bell et al. 2012; Petschko et al. 2014c;
Petschko et al. 2014a; Petschko et al. 2014b; Petschko et al. 2013; Petschko et al.
2012; Petschko et al. 2010), in this section the most important results are presented
to supply an overview and a basis for the discussion.

7.1 Landslide inventory mapping
In total 2014 landslide polygons and 3994 points in the main scarp of the landslide
were mapped in the test districts Amstetten, Baden and Waidhofen/Ybbs. Thereof,
694 slide polygons and 1061 landslide points were identified within the district
Waidhofen/Ybbs. The largest district of the test study area Amstetten counted 1213
landslide polygons and 2709 landslide points. According to the mapping results the
district Baden is less prone to landslides as only 107 polygons and 219 points
indicating landslide presence were mapped (Petschko et al. 2014a).
1834 of all landslide polygons were identified and delineated with high certainty,
which were used for further analysis, e.g. of the relative landslide age, or the
susceptibility modelling. The main mapped landslide type within the test districts
was earth and debris slides (75.7%), followed by “area with slides” (20.3%) and earth
flows (3.8%; Petschko et al. 2014a).
In Lower Austria 13,166 earth and debris slide points were mapped of which 12,889
earth and debris slides lie within the study area of this thesis. Only for the districts
Amstetten, Baden and Waidhofen/Ybbs the mapping was performed by the author of
this thesis. For the other districts the author acted as an advisor of the mapping
(Petschko et al. 2014a).
The comparison of the existing inventories from the Geological Survey of Austria and
Lower Austria and the Austrian Service for Torrent and Avalanche control showed
big differences between the inventories (Fig. 7.1). The GEORIOS database provided
by the Geological Survey of Austria contains information of very different detail and
resolution. As visible in Figure 7.1 some polygons stretch out over multiple valleys
and catchments indicting an area with slides. This information is not suitable for
statistical landslide susceptibility modelling. In detail 37% of the landslides mapped
interpreting the LiDAR DTM derivatives were found within the GEORIOS database.
17% of the slides were located within landslides mapped in the Map of Quaternary
Sediments and only 4% of the mapped landslides were showing landslides of the
Building Ground Register. While 6% of the landslides were covered by more than one
inventory, 36% of the mapped landslides did not show any overlap or clear similarity
to the existing inventories.
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Figure 7.1 Comparison of the landslide inventory mapped on Airborne Laserscanning (ALS) LiDAR
DTM derivatives with existing inventories in Lower Austria. Source: Petschko et al. 2010

7.1.1 Comparison of relative landslide age and current land cover
The mapped landslides’ relative ages were mainly estimated to be old (48%) or young
(34%). 8% of the landslide were estimated as very young, and 10% were assigned as
very old (Petschko et al. 2014b). 75% of the mapped landslides were identified as
earth or debris slide. Of these 64% are located in forested land cover types. In
contrast to this, only 13% of the very young landslides contain forested grid cells
while 83% of the very young landslides are covered by farmland (arable land, fallow
land, grassland and rough pasture (Petschko et al. 2014b)). However, 65% of the very
old landslides are forested. This showed a clear tendency: the younger the landslides
were considered, the lower the percentages of forest cover were within these
landslides (Petschko et al. 2014b).

7.1.2 Automated derivation of main scarps from polygons
Different percentage values of the elevation range were tested to automatically
derive the main scarps from the landslide polygons (30%, 35%, 40%). The percentage
representing the mapped main scarps best was the 35% of the elevation range. These
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gave the closest representation of the mapped main scarps (cf. Fig.4 in Petschko et
al. 2014a (A.7)).
The size (area in m²) of the derived main scarps was clearly smaller than of the
landslide polygons. Also the median slope angle within the main scarps differed from
the median slope angle of the entire mapped landslide polygons. The main scarps
were steeper, which matched the general understanding of the slope angle
distribution within a landslide (Varnes, 1984; Petschko et al. 2014a). Additionally,
the comparison between the minimum and maximum values of the slope angle
within the derived main earth and debris slide scarps and the mapped points in the
main scarp indicated an overlap of the slope angle characteristics between both
datasets (Petschko et al. 2014a).
These results emphasize the need to clearly communicate on where the landslide
points were set within the landslide inventory as it may influence the modelling
result and it’s allowed interpretation. Furthermore, the comparison of the median
slope angle shows the heterogeneity of the study area and of the earth and debris
slides within (Petschko et al. 2014a).

7.1.3 Tests on minimum requirements on landslide inventories for
statistical landslide susceptibility modelling
Comparing the resulting AUROC value from fitting a model with the points in the
main scarp (AUROC = 0.84) and with a point sampled within the entire polygon
(AUROC = 0.87) shows only minor differences in the model performance (Petschko et
al. 2013). From a model performance point of view, using the points mapped in the
main scarp gives just as good results as using the points within the polygon
(Petschko et al. 2013).
Comparing the resulting landslide susceptibility maps with three classes visually
shows changes in the extent of the high susceptibility class (Fig., 7.2; Petschko et al.
2013). The overall impression of both maps is similar, indicating similar slopes and
slope parts with similar susceptibility classes (Petschko et al. 2013).
Reducing the sample size resulted in decreasing median AUROC values and in
increasing interquartile ranges of the AUROC value. However, even the smallest
sample size still achieved an acceptable median AUROC value (0.76) and therefore a
good discrimination between slide and non-slide grid cells (cf. Fig. 6 in Petschko et
al. 2014c). A distinct change of the model performance and the IQR of the AUROC
occurred at a sample size of about 400 (spatial cross-validation) and 200 (non-spatial
cross-validation). There, the IQR of the AUROC sharply increased as the sample size
decreased indicating a decreasing (spatial) transferability of the model.
Furthermore, the thematic consistency of the model decreased with smaller sample
sizes (Petschko et al. 2014c).
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Figure 7.2 Comparison of landslide susceptibility maps derived using (a) points from the Building
Ground Register, (b) points sampled randomly within the landslide polygon and (c) points
sampled randomly within the main scarp. (d) Landslide inventory of the district Amstetten
and Waidhofen/Ybbs. Source: Petschko et al. (2013).
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7.1.4 Effectiveness estimate - comparison of landslide polygons and
points in the main scarp
Additionally to the comparison of the model performance and the visualization of the
map also other criteria for selecting either a point mapped in the main scarp or
information from the entire landslide polygon were analyzed. Mapping the 1834
landslide polygons lasted 4 person months compared to 1.5 person months that were
needed for mapping the points in the main scarp (Petschko et al. 2014a). The
mapping rate was 459 and 2663 landslides per person month respectively (Petschko
et al. 2014a).
The resulting effectiveness estimate (Eeia) was 6.9 and 57.5 for mapping polygons or
points in the main scarp respectively, for statistical susceptibility modelling
obtaining a susceptibility map with three classes (Petschko et al. 2014a). While the
value itself is of minor interest, the difference between the values is more expressive.
It outlines the higher effectiveness of mapping points in the main scarp of earth and
debris slides rather than polygons for the analysis type of statistical landslide
susceptibility modelling. Consequently, the mapping of points in the main scarp of
earth or debris slides was the preferable and acceptable method (refer to section
7.1.3) for the susceptibility assessment in Lower Austria (Petschko et al. 2014a).
Compared to other analysis types (e.g. morphological analysis, hazard or risk
analysis) the effectiveness estimates gave a different picture. The effectiveness of
mapping points is decreasing and even below zero (ranging from -31 to -12.5), as the
points cannot provide enough information for these types of analysis (Petschko et al.
2014a). In contrast to this, the effectiveness of mapping the landslides with polygons
is doubling from hazard to risk analysis (1.3 to 2.6; Petschko et al. 2014a).
Summarized, this analysis showed that none of the mapped inventories was perfect
for the assessed analysis types (Petschko et al. 2014a).

7.2 Landslide susceptibility modelling – facing the
heterogeneity of large regions
7.2.1 Generalized additive models (GAM) and model design for
large heterogeneous study areas
Generalized additive models were successfully applied to perform the landslide
susceptibility modelling and proved as a step forward regarding a better
characterization of the earth and debris slides within the study area. The stepwise
variable selection resulted in a selection of variables transformed with a smoother
function in 65% of the cases (Petschko et al. 2014c). However, the selection of linear
or nonlinear terms differed within the modelling domains (Tab. B.1 in the Annex). In
some domains the linear form of the variables was preferred while in other domains
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the variables were mainly included using a smoother function (Petschko et al. 2014c;
Tab. B.1 in the Annex).
From this table the study design of modelling within the different modelling domains
was confirmed. It shows the selection of different explanatory variables during the
different model runs on the one hand and on the other hand within each modelling
domain. However, using all landslide grid cells (derived from points mapped in the
main scarp) for modelling the susceptibility used for compiling the landslide
susceptibility map the variable slope was selected in all but one modelling domain.
This emphasizes the importance of slope angle as a predisposing factor to landslide
occurrence.

7.2.2 Statistical model performance assessment – repeated k-fold
cross-validation
The resulting AUROC range from testing the k-fold cross-validation with spatial and
random subsampling was smaller for the non-spatial cross-validation over all crossvalidation repetitions and modelling domains (Petschko et al. 2014c). Additionally,
the generally similar median AUROC values were slightly higher for the non-spatial
cross-validation than the spatial cross-validation (Petschko et al. 2014c). Out of all
modelling domains the alluvial deposits including lakes and wetland domain had the
highest median AUROC values of 0.98 (spatial) and 0.99 (non-spatial crossvalidation; Petschko et al. 2014c). All median AUROC values were higher than 0.74
except from the Permo-Mesozoic rocks domain (Petschko et al. 2014c).
The spatial and non-spatial transferability varied significantly within the different
modelling domains (refer to Table 3 in publication A.6). A poor transferability was
assigned at Tsp > 0.10 and Tnsp > 0.04 and was found for the three modelling domains
with the smallest sample size (Petschko et al. 2014c). While generally a better
transferability was observed for domains with larger sample sizes and/or higher
landslide densities, this did not apply for all modelling domains (e.g. the
Austroalpine Unit with dolostone, Tsp = 0.098). The best spatial transferability (Tsp <
0.03) was found for the igneous rocks of the Austroalpine Unit, the Molasse Zone and
the Schlier Zone (Petschko et al. 2014c).
Generally, topographic variables were selected more often within the automated
variable selection than available variables on soil properties (Petschko et al. 2014c).
While the slope angle variable was selected in 15 out of 16 modelling domains using
all landslide grid cells for the modelling, the minimum permeability was not used in
any domain (refer to Table 2 in A.6; Petschko et al. 2014c).
While this finding only represents the result of a specific random sample (using all
landslide grid cells within the main scarp) the spatial and non-spatial k-fold crossvalidation gave a more balanced view on the relative variable-selection frequency
and importance (Tab. B.1 in the annex; Petschko et al. 2014c). In spatial and nonspatial cross-validation the slope angle was selected in 91.8% and 95.7% of the model
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repetitions (Petschko et al. 2014c). While catchment height was in general an
important variable for both cross-validation approaches (selected in 55.6% (spatial)
and 65% (non-spatial) of the models), the Euclidian distance to nappe boundaries
was more important in spatial cross-validation (selected in 74.2% of the models;
Petschko et al. 2014c). The variables of void space (mean 0-100cm) and void space (020cm) were of minor importance as they were selected by less than 1% of the models
(Petschko et al. 2014c).
Generally, the thematic consistency was found to be stronger within the non-spatial
cross-validation having less variable training sets than spatial cross-validation (refer
to Table 3 in A.6; Petschko et al. 2014c). Nearly half of the modelling domains
(seven) had a strong thematic consistency within non-spatial cross-validation.
Within the spatial cross-validation the thematic consistency was strong for only a
quarter of the modelling domains (Petschko et al. 2014c).
A relation between the thematic consistency and small sample size and poor spatial
transferability was observed. However, the median AUROC values were unrelated in
spatial cross-validation (Petschko et al. 2014c). In non-spatial cross-validation no
relation was found between the sample size, transferability and the thematic
consistency. However, the thematic consistency increased with lower median
AUROC values (Petschko et al. 2014c).

7.2.3 Assessment of spatially varying prediction uncertainties
The range of the standard error of the predicted probability was different in the
modelling domains. The largest range was observed within the Bohemian Massif
with plutonic rock (0.37–16.24 (on the logit scale); Petschko et al. 2014c).
Furthermore, the R² obtained to estimate the success of the lookup table used to
transfer the standard error to all grid cells varied significantly (refer to Table 3 in
A.6; Petschko et al. 2014c). It showed a range from 0.51 (Melange Zone) to 0.9 (in
Loess, Loam; Petschko et al. 2014c).
No overlaps of different susceptibility classes in the susceptibility maps of the lower
(LCLI) and upper confidence limit (UCLI) and the predicted probability (PP) were
found for 85% of the study area (Petschko et al. 2014c). However, for the remaining
25% of the study area seven different types of overlaps of susceptibility classes
grouped in three types were identified. Ranked according to their percentage of the
coverage of the study area these include the overlap of (1) the low susceptibility class
with the medium class (PP  UCLI: 6%; LCLI  PP: 5%); (2) the medium class with
the high susceptibility class (PP  UCLI: 2%; LCLI  PP: 2%) and (3) the overlap of
the low susceptibility class with the high class (LCLI  UCLI: 0.4%; PP  UCLI:
0.03%; LCLI  PP: 0.02%; Petschko et al. 2014c).
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7.3 Number and thresholds of susceptibility classes
suitable for planning purposes
According to the basic considerations on the appropriate number of landslide
susceptibility classes, three susceptibility classes were observed to be of most
practical use (Bell et al. 2013). While this decision was taken by the stakeholders
within the project, it was based on a number of discussions with scientific input
provided also from the author of this thesis.
Avoiding the confusion of the resulting maps with the hazard zonation plan of the
Austrian Torrent and Avalanche Control the colors white, yellow and orange were
selected to visualize the three susceptibility classes. They allow a good readability as
the distinction between the colors is easy. Furthermore, confusion with other maps
(such as topographic maps) is prevented (Bell et al. 2014).
Regarding the identification of an appropriate threshold value to obtain a classified
susceptibility map a list of threshold values representing the percentage of
landslides within the susceptibility class was tested (Tab. 7.1 and Tab. 7.2). This was
done by visual comparison of the resulting susceptibility map with the general
topography and the landslide inventory for different modelling domains (Fig. 7.3).
Table 7.1

Versions of visually analyzed susceptibility maps visualized using different threshold
values according to the percentage of landslides included in the high and low susceptibility
class

Landslide susceptibility
map version

Percentage of landslides within the susceptibility class
“low”

1
2
3
4
5
6

Table 7.2

Susceptibility
class

Low
Medium
High

“medium”
1
5
1
5
1
5

“high”
19
15
24
20
29
25

80
80
75
75
70
70

List of percentage of landslides included in the susceptibility class and percentage of the
total area covered by the susceptibility class (visualized in Fig. 7.3)

Version 1
Percent
earth
and
debris
slides
included
1
19
80

Version 2
Percent
study
area
covered

60.9
28.9
10.2

Percent
earth
and
debris
slides
included
5
15
80

Version 4
Percent
study
area
covered

75.2
14.6
10.2

Percent
earth
and
debris
slides
included
5
20
75

Version 6
Percent
study
area
covered

75.2
16.7
8.1

Percent
earth
and
debris
slides
included
5
25
70

Percent
study
area
covered

75.2
18.4
6.4
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Figure 7.3 Landslide susceptibility maps classified according to different percentage of landslides
within each susceptibility class. The versions correspond to the versions listed in Table 7.1
and Table 7.2. The naming of the classes represents the naming decided on with the
stakeholders in the project MoNOE.

The visual appearance shown in Figure 7.3 gave an indication of the effect of
selecting the one or the other threshold value on the planning practice and
readability of the map. The best compromise between covering least of the area with
a high susceptible class while containing as many landslides as possible was found in
the map resulting from Version 6 (Tab. 7.1 and Tab. 7.2). The thresholds of this map
were set to contain 70% of the earth and debris slides within the high susceptible
class and 5% of the slides within the low susceptible class. These classes cover 6.4%
and 75.2% of the entire study area respectively (Fig. 7.4). However, it has to be kept
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in mind at the interpretation of the map that even within the low susceptibility class
5% of the slides are contained. This is an expression of the uncertainties of the
modelling approach and the classification of the map, which has to be communicated
with the users of the map.

Figure 7.4 Final susceptibility map for the study area in Lower Austria. Source: altered from
Petschko et al. (2014c)

One way of implicit communication is the naming of the susceptibility classes.
Within the project MoNOE the naming was proposed to transport actions instead of
susceptibility levels (Bell et al. 2014). Accordingly the title of the legend is not
“Landslide susceptibility” but “Procedure before zoning or building activities”. The
single classes are named after the action the mayor has to take before zoning
activities: (1) the low susceptibility class is named “Pre-survey* only at the presence
of evidence for landslides”; (2) the medium susceptible class indicates “Pre-survey*
required, if necessary detailed slope survey**” and (3) the high susceptible class is
named “Detailed slope survey** required” (Bell et al. 2014). One star “*” indicates
that the pre-survey is done by the Provincial Geological Survey; two stars “**”
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indicate that the detailed slope survey should be done by a geotechnical engineer
(Bell et al. 2014). These maps were handed to the mayors by the Provincial
Government with a brief description of the maps and their allowed interpretation
(Bell et al. 2014).

7.4 Analysis of different dimensions of human impact on
landslides
7.4.1 Landslide persistence analysis
The dependency of the landslide persistence on the land cover was analyzed in
Waidhofen/Ybbs. For 31 out of 694 earth and debris slides information on the
landslide age was available, either absolute or estimated on the basis of their
visibility on orthophotos (Bell et al. 2012). The morphology of 27 of these slides was
not visible on the LiDAR DTM derivatives anymore. The majority of these were
located in forest free land. In detail 48% of the slides were located in grassland and
23% were located in agricultural land at the time of their occurrence (Bell et al.
2012). However, the comparison with the land cover map resulting from satellite
data showed that 16% of the slides occurred in forested land (Bell et al. 2012).
Compared to all slides mapped in this area this percentage is only half as large, as
38% of all 694 slides were located in forest (Bell et al. 2012).
The morphological footprint of nine of the 27 slides disappeared within one year only
mainly due to planation (Fig. 7.5; Bell et al. 2012). Farming activity and the
importance of the forest free land as grassland or pasture were observed as the
reason for the rather quick anthropogenic change of the morphology (Bell et al.
2012). While no slide located in mixed forest disappeared within one year, no clear
trend between the land cover type and the landslide persistence could be found for
the earth and debris slides mapped in Waidhofen/Ybbs (Fig. 7.5; Bell et al. 2012).
According to the minimum persistence the morphology of slides located within all
land cover types was still visible on the LiDAR DTM derivatives (Fig. 7.5).

7.4.2 Influence on catchment area
During fieldwork, the installed culvert and the route of the sunken lane was mapped
in detail. This was used in the GRASS GIS analysis of the watershed. The natural
watershed of the landslides was derived resulting in a size of 0.1km². Taking into
account the anthropogenically installed channels, culverts and the sunken road, the
watershed area was increased anthropogenically by 0.05km² (Bell et al. 2012).
Unfortunately there is no information on the landslide activity before the
installation of the culvert. Also the age of the sunken lane is unknown. However, this
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increase in the watershed area by half of the original area might have led to a water
surplus causing increased landslide activity or reactivation (Bell et al. 2012).

Figure 7.5 Landslide persistence, landslide size and land cover type in Waidhofen/Ybbs. Source: Bell
et al. (2012)
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8. Discussion of the methods,
results and hypotheses
Five hypotheses around the mapping of landslides and modelling of landslide
susceptibility and assessing its quality were formulated at the beginning of this
study. The respective methodology to test the hypothesis and arising objectives and
its results were presented in the previous sections. In this section the applied
methodology, obtained results and the implications on the hypothesis are discussed
in detail. Much of the presented discussion content was already presented in the
publications printed in the annex. These parts are cited accordingly. Furthermore,
the discussion might partly refer to methodology or results which were not presented
in full detail in this monographic part of the thesis. These may be found in the copies
of the full publications in the annex. Additionally, within this section the single
publications or manuscripts are put into context with each other and the wider
research field of landslide susceptibility modelling.
Every modelling precedes a detailed analysis of the characteristics of the study area
and the available data. In line with the statement “garbage in, garbage out” used in
computer science, the selection of geomorphologically meaningful and relevant
datasets for statistical modelling is a crucial step to avoid meaningless results.
Therefore, several different analyses were carried out within this study, to get to
know the study area and landslide inventory better and to give a statistical
assessment of the model performance. Only the combined use of mapping and
modelling methodologies enabled deriving findings on the most effective landslide
inventory mapping method for statistical analysis, on the appropriate pre-selection
of explanatory variables and on the estimation of the achieved and necessary
completeness of the inventory. However, all the applied methods inherit assumptions
and limitations originate from the data availability or the selected modelling
method. These limitations and their implications on the hypotheses shall be
discussed in more detail in the following.
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8.1 Effectiveness, minimum requirements and limitations
of landslide inventory mapping on LiDAR DTM
derivatives
A larger effectiveness of mapping landslide on the basis of high resolution LiDAR
DTM derivatives for statistical susceptibility analysis was identified for mapping
points in the main scarp rather than entire polygons. This finding was based on the
analysis of the proposed effectiveness estimate (Petschko et al. 2014a) and the
comparison of model performance of using different inventory sampling strategies
(Petschko et al. 2013).
The final landslide inventory, which was mapped for Lower Austria, can be described
as a historical inventory because it contains information on landslides that occurred
in the past, probably after several triggering events (Malamud et al. 2004). A major
limitation of historical inventories is the inability to link the landslide processes to
specific event triggers. An event inventory representing all landslides occurred after
a trigger event would be beneficiary for analyzing the landslide process and the
triggering conditions in more detail (Van Westen et al. 2006).
For mapping an event inventory other methods than the visual interpretation of the
LiDAR derivatives might be more suitable due to high acquisition costs of LiDAR
data (Petschko et al. 2014a). Alternatives may include the visual or stereoscopic
interpretation of aerial photographs (Cardinali et al. 2000), semi-automated
mapping by change detection using satellite imagery (Ardizzone et al. 2013; Mondini
et al. 2011a; Mondini et al. 2011b) or new reconnaissance mapping methods, e.g.
GPS equipped binoculars (Santangelo et al. 2010). Automated approaches to detect
landslides on satellite imagery proved to be of high effectiveness as it is possible to
map a large number of landslides very fast (Guzzetti et al. 2012; Mondini et al.
2011b; Petschko et al. 2014a). However, their main drawback is the limited
capability to detect single landslides instead of pixel or polygons covering the entire
vegetation-free area (Petschko et al. 2014a). Unfortunately, while modelling the
landslide susceptibility over large and heterogeneous areas, the information on the
landslide density and single landslide events is crucial (Petschko et al. 2014c).
Therefore, often a visual interpretation of the detected areas has to follow, which
reduces the effectiveness of the mapping (Van Den Eeckhaut et al. 2012).
The general subjectivity of the mapping performed by experts has to be remembered.
Ardizzone et al. (2002), Van Den Eeckhaut et al. (2005) and Van Westen et al. (1999)
showed with their studies that the resulting inventories mapped by different
geomorphologists can differ widely. This can clearly be attributed being an epistemic
uncertainty. Not only may this uncertainty exist in the landslide inventory mapping,
but also other data used to represent landslide conditions may have their own
mapping subjectivities, such as the class boundaries drawn in a lithological map.
Another drawback of the landslide inventory built for this thesis is the limited
knowledge on the ages corresponding to the mapped landslides. The relative age of
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landslide may be estimated for historical landslide inventories, which were mapped
from LiDAR derivatives, by comparing landslide morphological characteristics (Bell
et al. 2012). This estimation of the relative landslide age aided the selection of
appropriate explanatory variables that were used to feed the automated stepwise
variable selection. The comparison of the land cover of landslides of different relative
age revealed important insight into the sustainability of including recent land cover
data in susceptibility modelling. The estimation of the relative age and comparison
of the land cover in the landslide polygons of different relative ages pointed out how
the recent land cover data does probably not reflect the past land cover. The recent
land cover of very young and very old landslides was clearly different from each
other. Furthermore, while the very young landslides mainly occurred in non-forested
land, more than half of all mapped landslides independent of their relative age were
covered by forest. This mismatch of land cover properties within the landslide
inventory emphasizes the need to omit data on recent land cover from the statistical
landslide susceptibility analysis. Naturally, it has to be pointed out, that this finding
is only applicable in the specific setting of the study area (e.g. topography, geology,
vegetation, climate (Antonini et al. 2002; Petschko et al. 2014b)).
However, the relative age estimation methodology proposed by McCalpin (1984)
might also carry some uncertainties depending on the setting of the landslide (e.g.
climate, topography). During field work some landslides were observed which were
considered being of very old age due to the age of the trees. However, the
morphological footprint of some of these made look the landslide much younger than
observed in the field. This was described as a “conservation effect” as the young
morphology was conserved under forest. Furthermore, no correlation to actual ages
could be done due to missing data. This could probably be obtained carrying out
dating techniques such as summarized by Lang et al. (1999). However, the combined
interpretation of orthophotos and LiDAR DTM derivatives proved effective as it
allows the identification of relative age of landslides due to vegetation growth on the
landslide (Petschko et al. 2014b).
Furthermore, it should also be stated that very young and young landslides might
also occur in forested land (Petschko et al. 2014b). Due to the resolution or date of
the orthophotos and possible effects of shadows it might be possible, that vegetation
free areas cannot be observed. A study performed on six event landslide inventories
in Switzerland (in the Flysch Zone) found 50% of the landslides occurred in forested
terrain (Rickli and Graf 2009). Additionally, it is possible that landslides under
forest reactivate (Van Den Eeckhaut et al. 2009b).
The question might arise, if the mapping of the landslides in the entire area was
necessary? Other studies analyzed ways to map all landslides within a sample area
and transfer the fitted model to the entire study area (Calvello et al. 2013). Also, also
more sophisticated mapping techniques derived from geospatial sampling methods
sound appealing to avoid the mapping of an entire area and to increase the mapping
effectiveness. For example, methods patterned on the quadrat count method that is
widely used in ecology could be applied (Christman 2000; Ver Hoef 2002; Krebs 1999;
Thompson 2012). This method includes mapping all landslides in a limited number
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of quadrats (of a specific size) randomly located in the study area and using the
mapped information to fit a model which is transferred to the remaining area
(Thompson 2012). Other studies used the information of landslide distribution in
sample terrain mapping units and transferred that to the terrain units of the entire
study area to obtain a landslide probability map used for susceptibility modelling
(Calvello et al. 2013). These methods allow calibrating and validating a model used
to transfer the landslide distribution zoning maps to the entire area with only a
small landslide inventory only (Calvello et al. 2013).
Although these geospatial sampling techniques are very useful for some applications,
in heterogeneous study areas such as Lower Austria they might be very challenging
(Petschko et al. 2014a). The variable characteristics of lithology, morphology,
landslide size and density and land cover demand flexibility from the geospatial
sampling technique to identify a satisfactory and still applicable sampling scheme
(Petschko et al. 2014a). In the specific setting of Lower Austria, the applied study
design requests details on the landslide density of each modelling domain (Petschko
et al. 2014c). Additionally, the lithological units (modelling domains) are of irregular
shape and the landslide density changes from east to west (Petschko et al., 2014a).
Besides, results from the spatial cross-validation showed a clear variation of the
model performance measure (AUROC value) between the different partitions and
model runs (Petschko et al. 2014c). The applied methodology simulates exactly the
setting of applying any geospatial sampling technique. Besides a variation of the
spatial transferability within one modelling domain, the spatial transferability also
varied between all the modelling domains (Petschko et al. 2014c). These findings
emphasize the difficult nature of applying geospatial sampling techniques to
heterogeneous study areas (Petschko et al. 2014a).

8.1.1 Where within the landslide should be sampled?
In the state of the art in landslide susceptibility modelling section, the different
approaches of including information on landslides in statistical susceptibility
modelling were introduced. As learned from literature sampling only one grid cell
randomly per landslide body or main scarp is often done, but excludes information on
the magnitude of landslides (Regmi et al. 2014). Modelling with the information of
all grid cells of the body or main scarp was found to result in better model
performance values (ROC) than modelling with only one sampled grid cell (Regmi et
al. 2014). However, the decision for sampling one grid cell only in the main scarp is
usually done in landslide susceptibility modelling. This is often based on
considerations on increasing mapping effectiveness (Petschko et al. 2014a), on
avoiding uncertainty related to mapping landslide polygon boundaries (Van Den
Eeckhaut et al. 2006; Malamud et al. 2004), on reducing spatial autocorrelation of
the landslide samples and on providing equal treatment of small and large
landslides (Atkinson et al. 1998; Beguería 2006b; Carrara 1993; Claessens et al.
2006; Dai and Lee 2002; Van Den Eeckhaut et al. 2006; Felicísimo et al. 2012; Guns
and Vanacker 2012; Heckmann et al. 2014; Petschko et al. 2014c; Remondo et al.

97

2003; Schicker and Moon 2012). The statements of the authors that were for
representing landslides with a single point contrast the findings of Regmi et al.
(2014). They highlight that mapping errors and the possibility of autocorrelation are
key drawbacks of using all grid cells from the landslides. Moreover, no general
guideline on best practice is available in literature. A comparison of sampling
points/grid cells in the initiation, the transport or deposition zone only, gave very
different landslide susceptibility maps (Vorpahl et al. 2012). Both highlights the
importance of stating where the grid cells were sampled as it has clear implications
on the interpretation of the map. A landslide susceptibility map modelled with grid
cells sampled in the main scarp do by definition not show the downslope movement
and runout of the landslide (Demoulin and Chung 2007).
Chung and Fabbri (2003) were well aware of the limitations of using information
from the main scarps only for the modelling. They recommend the simulation of the
possible deposit areas of future landslides by methods such as cellular automata
(Packard and Wolfram 1985). This evolved to general practice in landslide
susceptibility modelling as reflected by several publications (LfU - Bayerisches
Landesamt für Umwelt 2007; Liener and Hunziker 2008; Liener and Kienholz; van
Westen et al. 2008).
As found in the present study, the statistical model performance measure (AUROC)
did not change significantly from modelling with a grid cell sampled within the main
scarp or sampled within the entire landslide body (Petschko et al. 2013). In contrast
to the findings of Vorpahl et al. (2012), the visualization of the landslide
susceptibility map was found to be similar. Only slight changes were seen in the
high susceptibility class, covering a smaller area in the map resulting from using the
grid cells in the main scarp only. This clearly has to be attributed to the
visualization with three susceptibility classes and has to be tested for maps with a
different number of classes or threshold values (Petschko et al. 2013).
According to the presented results and the discussion the first hypothesis of this
study
“A landslide inventory mapped on the basis of LiDAR DTM derivatives and
orthophotos shows remarkably better precision and accuracy of the landslide location
and delineation compared to existing landslide inventories. Furthermore, mapping
points in the main scarp only increases the inventory mapping effectiveness and
achieves comparably reliable landslide susceptibility maps with three classes in terms
of model performance and visualization.”
can be confirmed.
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8.2 Landslide susceptibility of heterogeneous regions –
modelling, performance assessment and uncertainties
The proposed study design of fitting a susceptibility model within different modelling
domains was a step forward regarding characterization of the landslide
susceptibility in the study area. The findings of the variable selection confirm that
within each model domain different variables were selected (Petschko et al. 2014c).
Furthermore, the different characteristics of explanatory variables (e.g. slope angle)
were described by other authors (Blahut et al. 2010; Muenchow et al. 2012).
Additionally, not only the list of selected variables but also the form (linear or
nonlinear with applying a smoothing function) of their consideration in the model
changed within the different modelling domains. A similar finding was obtained in
ecology studies for modelling species distribution within different modelling domains
instead of the entire area at once (Osborne and Suárez-Seoane 2002). In that study,
the resulting model performance measures (AUROC values) of modelling in model
domains were higher than of fitting one model for the entire study area (Osborne
and Suárez-Seoane 2002). These and the results of the variable selection presented
in this thesis confirm the hypothesis (H2):
“Modelling the landslide susceptibility of a large heterogeneous area for maps with a
scale of 1:25,000 requires a special consideration of the geotechnical and
topographical conditions and their heterogeneity in the study area as the
predominant preparatory and predisposing factors change with the conditions.”.
The model design allows taking into account variations in geotechnical and
topographical characteristics which also influence the landslide susceptibility.

8.2.1 Modelling assumption of uniformitarianism
Generalized additive models were used to include possible nonlinearity in the
relationship between the explanatory and response variables. This is a simple try to
move away from linear models and relationships to nonlinear models, a direction
given by the new trends in systems theory (Von Elverfeldt and Glade 2011; Phillips
2006b).
However looking at the theoretical background of this thesis grounded in traditional
systems theory, some questions arise regarding the main assumption of the
modelling: All modelling approaches (heuristic, statistical or physically based)
assume that what we learned from the past also applies for the future and that all
details of nature can be identified and included in a model if there is enough time for
research (Von Elverfeldt and Keiler 2008; Embleton-Hamann et al. 2013; Phillips
1999). Looking at the emerging trends in systems theory such as self-organization or
complexity (Hergarten 2002; Keiler 2011; Lam 2000) these assumptions seem
outdated. However, no general answer or solution has been found yet for this topic.
Instead the field of uncertainty research is growing recently. More and more
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researchers have a closer look on the different types of uncertainty (epistemic and
aleatory) involved in their modelling and try to assess or quantify those (Hill et al.
2013). Both, the new trends in the theoretical basis of geomorphology and the
uncertainty analysis have to be followed closely. New theoretical insights might open
the field to new methodologies which allow a better representation of natural
processes leading to slope stability or instability.
Besides a possibly changing theoretical background of the thesis it is questionable if
the assumption “the past is the key to the future” still applies in times of global
environmental change. Cendrero et al. (2006) point out that starting from the middle
of the last century humans seem to be the dominating geomorphic agent with
geomorphic process rates increasing by one or more orders of magnitude. What does
this mean for the assumption of the past is the key to the future? Land use change
(deforestation, afforestation, extension of settlement areas into mountainous terrain)
which goes along with increased human activity is known to have a large influence
on slope stability (Selby, 1993). Basing the analysis of the susceptibility (or hazard)
on past events and their predisposing, preparatory and triggering factors only, might
not be representative for the future behavior of landslide processes (Cendrero et al.,
2006). Furthermore, the possible effects of climate change on the land use are not
very well understood. A number of studies proclaim implications of climate change
on natural hazards in general and on landslides (Van Beek 2002; Dixon and Brook
2007; Innocenti and Albrito 2011; Keiler et al. 2010; Stoffel et al. 2014). Yet, the
statements on the extent of the change and its effects on the landslide process are
unclear or even contradictory from different studies (Crozier 2010; Huggel et al.
2012; Huggel et al. 2010; Liggins et al. 2010). On top of all that, the possibility has to
be considered, that the most important explanatory variable might still be missing in
the analysis as it might not be known yet (Guzzetti et al. 2006; Petschko et al.
2014c).

8.2.2 K-fold cross-validation
The model form uncertainty was assessed by computing the spatial and non-spatial
transferability and the thematic consistency of the model (Petschko et al. 2014c).
Spatial and non-spatial repeated k-fold cross-validation was performed to learn
about the differences of the results from these methods and to identify a preferable
method. The results showed comparable median AUROC values, but better
transferability and thematic consistency for non-spatial cross-validation (Petschko et
al. 2014c). This was confirmed by a small range in the AUROC values obtained from
non-spatial cross-validation opposed to a larger range of AUROC values resulting
from spatial cross-validation (Petschko et al. 2014c). Therefore, non-spatial crossvalidation might be preferred for future analysis.
However, Chung and Fabbri (2008) state that model performance assessments using
random subsampling may have a tendency to estimate overoptimistic results.
Furthermore, by assessing the spatial transferability, more can be learned about the
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effect of using a sample of a small area for obtaining the landslide susceptibility map
for the entire area. Additionally, spatial cross-validation was recommended for
spatial data showing spatial autocorrelation (Brenning 2012b; Brenning 2005).
Therefore, a spatial assessment of the transferability is clearly recommended
(Petschko et al. 2014c).
Generally it has to be taken into account that the AUROC value is clearly dependent
on the selection of the study area and the size of areas naturally not susceptible to
landslides. More comparable AUROC values can be achieved by masking low-lying
flat areas from the analysis as done by Van Den Eeckhaut et al. (2009a) and Goetz et
al. (2011). Additionally, it may lead to smaller AUROC ranges and differences
between the AUROC values of all model domains (Petschko et al. 2014c). The
analysis should only be done in areas with similar characteristics of explanatory
variables for landslide occurrence (e.g. related to topography or land cover; Guzzetti
et al. (2006)). The spatial cross-validation will be more difficult or even fail if the
training and test sample are not comparable (e.g. the test sample is missing a land
cover unit; Guzzetti et al. 2006, Petschko et al. 2014c).
Summarizing the results and discussion on the hypothesis (H3), which is
“Established model performance measures change with the selection of a new random
or spatial sample of landslide and non-landslide points (cells). Splitting the sample
into k subsamples and repeating this sampling process multiple times results in a
range opposed to a single value of performance measures.”
this hypothesis can be approved.

8.2.3 Spatially varying prediction uncertainties
The visualization of the spatially varying prediction uncertainties and their effect on
the classified susceptibility map are a clear step forward from previous landslide
susceptibility studies (Guzzetti et al. 2006; Van Den Eeckhaut et al. 2009c; Rossi et
al. 2010a; Sterlacchini et al. 2011). The presentation of a map of the class overlaps
along with the original susceptibility map is easily done and rather easy to interpret
(Petschko et al. 2014c). It can give a simple picture of the effect of the involved
uncertainties on a grid cell level (Guzzetti et al. 2006; Luoto et al. 2010). However,
the method of transferring the standard error on all grid cells has its own
uncertainties (Petschko et al. 2014c). These uncertainties were estimated by
obtaining the R² value calculated from a comparison of the trained and tested
standard error on the existing samples (Petschko et al. 2014c). The results give
different R² values of the modelling domains indicating the success of the lookup
table (Petschko et al. 2014).
Other types of spatial uncertainties comparing results from different modelling
methods were analyzed in literature. Sterlacchini et al. (2011) and Tilch et al. (2011)
analyzed the changes of the susceptibility between different models on a grid cell
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basis and also showed the variation in the assigned landslide susceptibility.
However, the spatially varying prediction uncertainties of the single statistical
modelling methods were not taken into account in these analyses.

8.2.4 Communication of uncertainties by visualization
In the context of this study, the resulting landslide susceptibility maps were
implemented in spatial planning strategies. In that case, a misinformation about the
“real” susceptibility class may result in an underestimation of the landslide
susceptibility by the mayor or land owner (Petschko et al. 2014c). In these cases
knowing about possible class overlaps might help to direct more caution or detailed
slope stability investigations more straight forward (Petschko et al. 2014c).
Furthermore, information on areas without class overlaps is also given, which might
help to avoid additional costs for geotechnical investigations (Elith et al. 2002;
Petschko et al. 2014c).
The preparation of a map showing susceptibility class overlaps may lead to a better
understanding and acceptance of involved uncertainties (Petschko et al. 2014c). It
forms a first step towards open communication of research results, their
uncertainties and limitations with user-friendly explanations or visualizations
(Petschko et al. 2014c). This aids raising awareness and knowledge about
uncertainties and is a starting point for discussions on acceptable levels of
uncertainty in the decision making process (Brierley 2009; Hill et al. 2013; Knuepfer
and Petersen 2002; Rogers 2006).
It remains unclear whether information on uncertainties is wanted by the
stakeholders or not, as contradictory and controversial statements can be found in
literature. While a rising confidence in modelling results was observed if
uncertainties were presented to policy makers (Brugnach et al. 2006), others found
that the stakeholders have no interest in the uncertainties of the modelling result
(Klimeš and Blahůt 2012). In ecological modelling Elith et al. (2002) reported about
the benefit of visualizing uncertainty to inform decision makers. With not giving an
impression of certainty, the users learned about areas with extreme error, including
areas with very low uncertainties in the modelling (Elith et al. 2002).
Maybe it is less about communicating the uncertainties in general, but more about
an appropriate way of communicating them? The way of communication (e.g. by a
map, interactive GIS platform or a text) should suit the understanding of the users
and should allow nearly intuitive understanding of the involved uncertainties (Kunz
et al. 2011). Clearly, the presentation of the uncertainties in an appropriate way has
to be prepared by the scientists themselves to avoid misunderstandings or
misleading oversimplification (Petschko et al. 2014c).
Nevertheless, the findings of the study show that overlaps of susceptibility classes
occurred with a spatial variation. Therefore, the hypothesis (H4)
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“The uncertainties of the predicted probabilities vary spatially according to the
standard error of the predicted probability. Comparing classified landslide
susceptibility maps derived within the 95% confidence interval results in overlaps of
different susceptibility classes.”
can be confirmed.

8.3 Human impact on landslides and landslide
susceptibility assessments
The literature research and the analysis of the human impact in the study area gave
new insight into the dimension of human impact on landslide initiation and
landslide visibility in Lower Austria. The analysis of landslide catchment and the
human impact on it showed the influence of the culvert on the catchment area.
Furthermore, it revealed the weakness of including DTM derivatives in the landslide
susceptibility modelling as these do not show channels and culverts that may be
under ground. Additionally, the human impact was shown to be of high spatial and
temporal variability and density, making it impalpable for a spatial consideration in
regional landslide susceptibility assessments.
The analysis of the landslide persistence revealed a very fast human impact. It
showed that the morphology of some landslide features was not visible on the LiDAR
DTM derivatives or the orthophoto within a year (Bell et al. 2012). Reportedly, in
agricultural land the farmers quickly level the land after a landslide event to ensure
the agricultural use (Bell et al. 2012; Fiorucci et al. 2011). This has clear
implications on the completeness of the inventory, which is of importance for the
statistical susceptibility modelling and performance assessment (Petschko et al.
2014a). The landslide inventory mapped from LiDAR DTM derivatives may have a
bias of an unknown extent due to missing landslides in agricultural/not-forested land
(Bell et al. 2012; Petschko et al. 2014c).
The limited landslide persistence also affects the results of the relative age
estimation as mainly young and very young landslides might be missing. The
missing morphological and vegetation footprint make the landslide mapping and age
estimation impossible from the available data sources (Petschko et al. 2014a;
Petschko et al. 2014b). This might result in a bias of the landslide inventory, towards
less mapped landslides within agricultural land. However, the existence of this bias
has to be analyzed in further analysis which was beyond the scope of this study.
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8.3.1 What is an adequate sample size for statistical modelling?
While the presence of a bias is unclear, it is clear that within statistical modelling
and model performance assessment a minimum number of landslide samples are
needed. The performed analysis with k-fold cross-validation within 16 modelling
domains and the tests of minimizing the sample size within the Flysch Zone gave
some idea on a minimum sample size necessary for the applied methodology. From
the k-fold cross-validation a trend towards the larger the sample the better the
transferability and thematic consistency of the model could be observed (Petschko et
al. 2014c). Also other studies showed this relationship between model performance
and sample size (Heckmann et al. 2014; Hjort and Marmion 2008; Stockwell and
Peterson 2002). However, not all modelling domains followed this trend (Petschko et
al. 2014c). The transferability index was less strongly related to the sample size than
the thematic consistency (Petschko et al. 2014c). Consequently giving a
recommendation on the minimum sample size is not as easy as expected from the
results of the k-fold cross-validation within the modelling domains (Petschko et al.
2014c). According to the results, a dependency of the obtained quality estimates
(transferability index, consistency index and prediction uncertainty) on the
modelling domain size and landslide density might be present (Petschko et al.
2014c). Furthermore, the local terrain conditions and their homogeneity in the
modelling domain might be of importance (Petschko et al. 2014c). These possible
dependencies might be the reason for a blurry signal regarding minimal sample size
from comparing the results from the modelling domains (Petschko et al. 2014c).
A more systematic assessment of the effect of reducing the sample size on the model
performance was performed within the Flysch Zone (Petschko et al. 2014c). The
median AUROC values generally remained satisfactory high even with having only
50 samples available (Petschko et al. 2014c). However, the interquartile range of the
AUROC value increased indicating a decreasing transferability of the model
(Petschko et al. 2014c). According to these findings a minimum sample size of 400
slide and non-slide grid cells might be recommended for the methods applied in this
study. Using a sample size of 400 gives a substantially better transferability of the
model and a high median AUROC value compared to using smaller sample sizes
(200, 100, 50 landslide and non-landslide samples; Petschko et al. 2014c).
Furthermore, the thematic consistency is satisfactory high (Petschko et al. 2014c).
Some studies using a variety of susceptibility modelling methods have illustrated
that landslide susceptibility can be successfully modelled from very small samples
(Demoulin and Chung 2007; Van Den Eeckhaut et al. 2006). The model performance
assessment was changed to a leave one out strategy which yielded satisfactory model
performance measures (Demoulin and Chung 2007). Accordingly, a different
modelling and performance assessment method might be more successful in correctly
computing landslide susceptibility and advised for smaller sample sizes (Petschko et
al. 2014c). Nevertheless, with a small sample size it might be more difficult to obtain
a substantially complete sample representing all local terrain conditions (e.g. land
cover units; Heckmann et al. 2014; Malamud et al. 2004).
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Summarizing the results of this study and Heckmann et al. (2014), a range of the
transferability and thematic consistency of the model was found that could not be
avoided with large sample sizes (Heckmann et al. 2014; Petschko et al. 2014c).
Therefore, the analysis of the proposed quality measures (transferability and
thematic consistency index, spatially varying prediction uncertainties) is
recommended for any landslide susceptibility analysis (Heckmann et al. 2014;
Petschko et al. 2014c). This is necessary to give an indication on the model form
uncertainties defining the quality of the landslide susceptibility model and map
(Petschko et al. 2014c).
Resuming, at the current state the hypothesis (H5)
“The human impact on landslides can be mapped and implemented in a statistical
susceptibility modelling approach for large areas.”
cannot be approved. However, the objectives of this hypothesis were reached by the
analysis of the landslide persistence and the influence of a culvert on a landslide
catchment.
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9. Conclusions
Effective landslide inventory mapping on the basis of high resolution LiDAR DTM
derivatives was performed within Lower Austria. Analyzing the proposed
effectiveness estimate, the imperfection of all mapped inventories of different type
(mapped polygons or points in the main scarp) became evident. While mapping of
landslide points in the main scarp instead of entire landslide polygons only was
found effective for statistical landslide susceptibility modelling, the mapping of
different relative landslides ages, some of very old age, has to be kept in mind. This
is particularly of importance during the pre-selection of explanatory variables for the
statistical susceptibility modelling. More than half of the mapped slides were
forested but the majority of young slides occurred on arable land. This contradiction
led to the concluding proposal of omitting recent land cover data in statistical
landslide susceptibility modelling in cases where the relative (or absolute) landslide
age is unknown. This avoids the introduction of an unwanted bias into the
modelling.
The quality of the inventory might be considered high because of its high precision in
the location of the landslides. However, the analysis of the landslide persistence
presented the sources of incompleteness of the mapped inventory. A definitive
statement on the quality of the inventory cannot be made as long as the possible bias
within the landslide inventory mapped from LiDAR DTM derivatives and
orthophotos is not analyzed in more detail.
Within this study a reasonably feasible study design was successfully applied within
a heterogeneous study area. Dividing heterogeneous areas into modelling domains
by geotechnical or topographical characteristics allows the comparison of the
resulting susceptibility map over the entire study area. Furthermore, it gives the
flexibility to characterize the landslide susceptibility of each modelling domain
appropriately. This procedure is therefore recommended even for global landslide
susceptibility assessments.
While the implementation of the human impact in spatial statistical susceptibility
models was not possible, new insights on the dimension of human impact were
gained from the analysis. The human impact might be much more manifold as
generally assumed. Within this study it was shown that the human impact acts not
only on the triggering of landslides but also on their visibility in remote sensing
imagery. This leads to incomplete landslide inventories, which might even carry a
bias towards areas close to settlements. Furthermore, the different facets are
difficult to portray within spatial landslide susceptibility analysis. The effect of a
small culvert on the catchment area was exemplified. Unfortunately due to the data
acquisition mechanism, culverts are usually not included in DTMs. The human
impact varies spatially and temporally and is sometimes “invisible” using standard
data sets. Therefore, currently human impacts cannot directly be included in the
susceptibility modelling.
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The systematic assessment of the landslide susceptibility model performance
revealed a range of performance assessments even for very large samples of
landslide and non-landslide grid cells. As this range cannot be avoided it is
important to analyze it for every landslide susceptibility assessment and to
communicate on this range. Other authors even recommended obtaining an
assembled susceptibility map by using the median susceptibility value of all
landslide susceptibility maps computed during the k-fold cross-validation (e.g.
Heckmann et al. 2014). According to this model performance assessment, the model
applied within the modelling domains might be considered as of high quality in most
domains. The model form uncertainty expressed by the transferability and thematic
consistency index is considered as rather low for most domains, especially those with
a large sample size.
The assessment of the spatially varying prediction uncertainty gave confidence in
the modelling results as for 85% of the study area no class overlaps of the maps from
the upper and lower confidence limit and the predicted probability were found.
However, for the remaining 15% of the study area seven different types of class
overlaps including overlaps of the low with the high susceptibility class were
obtained. These areas have to be considered and analyzed with care in the field in
cases during area zoning activities.
All this modelling, model performance and spatially varying uncertainty assessment
and visualization of the map are of no use if the results are not communicated in a
user-friendly manner. The first step is an easy interpretable map providing clear
instructions for actions instead of blurry statements on relative susceptibility levels.
Deriving the threshold values for the three susceptibility classes according to the
percentage of landslides within the susceptibility class proved of high benefit during
the communication with stakeholders. Furthermore, can a well thought choice of the
colors of the susceptibility classes avoid confusion of the landslide susceptibility
maps with the hazard zoning maps available in Austria.
Despite some stakeholders claim that they do not want any information on
uncertainties, the belief of the author of this thesis is that a communication and
training regarding dealing with uncertainties has to be initiated from science and
provided to the public. Only by starting to know about uncertainties and their
dimension well informed weighting of accepted uncertainties can start and lead to
well informed decisions of the stakeholders. Here it is the task of the scientists to
empower the policy-makers and stakeholders.
Generally, the limited expressiveness of the resulting landslide susceptibility maps
has to be kept in mind. As Fell et al. (2008) pointed out the statutory use of regional
landslide susceptibility maps is not feasible. They can only be used as a first
indication of areas possibly susceptible to landslides where more detailed slope
stability investigation has to follow. Furthermore, a remaining susceptibility is
included in the low susceptibility class as 5% of the landslides are contained in it. In
the MoNOE project this was taken care of by the naming of the susceptibility classes
by actions.
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Implementing the resulting landslide susceptibility maps in spatial planning
strategies is highly recommended, as it raises awareness towards the susceptibility
to landslides and can aid the prevention of damage due to landslide processes.
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10.

Innovations - Solutions

Within this section the scientific progress in the field of landslide inventory mapping
and susceptibility modelling is outlined. The key innovations and solutions found
within the study are briefly described in the following.
With this research, considerations on the purpose of the landslide inventory for the
aimed analysis led to the definition of an effectiveness estimate. This and the
analysis of using points sampled in different locations of the landslide resulted in the
identification of an effective method to map landslides over a large area
(>10,000km²) on the basis of LiDAR DTM derivatives with high precision,
information on single landslide events and the minimum information needed for
spatial susceptibility modelling. This new landslide inventory gave information on
the landslide distribution over the entire province. However, the analysis of the
landslide persistence and human impact on the visibility of landslide morphology
revealed sources of incompleteness of the inventory. Moreover, deeper insight into
the speed of this human impact was gained.
While the minimum type of information of a landslide was identified as a point set in
the main scarp, the minimum number of samples available was only identified for
the specific method and setting in the study area. Resulting from the tests performed
in the Flysch Zone a minimum number of 400 samples can be recommended using
generalized additive models. These findings match the findings of Heckmann et al.
(2014). However, a more extensive analysis in areas of different topographic
characteristics would be necessary. An influence of the topography and heterogeneity
of the study area on the minimum sample size for the presented study design is
anticipated.
The interpretation of the relative age of the landslides based on the LiDAR DTM
derivatives and a concept of McCalpin (1984) gave valuable insight into the
characteristics landslide inventory. Furthermore, the comparison with recent land
cover data aided the selection of explanatory variables for the statistical
susceptibility modelling. This analysis clearly showed the potential of the combined
analysis of LiDAR DTM derivatives and orthophotos.
The proposed model design of modelling in homogeneous model domains proved to
aid a better characterization of the study area and its slope stability. This model
design has large potential for future analysis of large and heterogeneous regions
globally. Furthermore, it assures the comparability of the susceptibility over the
different model domains.
The resulting landslide susceptibility maps for Lower Austria are a valuable
addition to the existing planning instruments such as the hazard zonation plan of
the Austrian Service for Torrent and Avalanche Control or the HORA platform. The
landslide susceptibility maps originating from this study give spatial information on
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where the occurrence of main scarps of earth and debris slides is probable. These
processes were not covered extensively by previously available hazard zonation
plans. Furthermore, the susceptibility maps are available for the entire study area,
not only for settlement areas. This gives a better planning guide also for the design
of forestry roads or other linear infrastructure.
Within this study a more robust and structured assessment of the model
performance was provided by the k-fold cross-validation. Furthermore, the potential
of testing the spatial transferability by spatial cross-validation was demonstrated.
The proposed methods of spatial transferability and thematic consistency
assessment provide a framework for comprehensive analysis of the quality of
susceptibility maps.
Furthermore, the model form uncertainties were visualized in a map providing
information on uncertainty instead of giving an impression of certainty. This
assessment of the spatially varying prediction uncertainties might aid future
applications of results from statistical susceptibility modelling. By showing the
uncertainties on a map the discussion on the accepted degree of uncertainties can
start and the public authorities are enabled to better informed decisions.
While it was not possible to integrate the human impact as a predisposing factor
spatially into the statistical susceptibility modelling, the analysis showed another
dimension of it. The human impact on the predisposing factors might be even more
manifold as already presented in the literature. The analysis in Wilhelmsburg
showed that a small culvert, which might not be represented properly in a DTM,
could change the catchment area substantially. As many of these culverts are
expected in the study area a detailed mapping would be necessary to integrate these
into the spatial modelling properly.

11.

Perspectives

The perspectives for this study are manifold and reach from more detailed and
extensive analysis of different aspects covered within this study to the extension of
the modelling towards a hazard or even risk map.
Reconfirmed from the experience of this research, high quality input data is really
what matters in statistical landslide susceptibility analysis. Much more could be
learned about the landslide initiation conditions (e.g. rainfall, land cover, land cover
changes) if event landslide inventories would be available. This allows the
assessment of landslide magnitude and frequency relations necessary for the
landslide hazard analysis.
Although the AUROC values stayed satisfactory high while reducing the sample size
substantially, its effects on the appearance of the landslide susceptibility map are
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unknown. This comparison of the landslide susceptibility map derived from different
sample sizes used within a test study area would be highly informative. Evaluating
the geomorphic plausibility of the different maps is of high importance and might
reveal new insights and maybe answers to the question about a minimum sample
size necessary for statistical susceptibility modelling.
Furthermore, more details on human impact, and its spatial and temporal differing
importance could enhance the susceptibility modelling. Much more needs to be
known about when and which human impact alters the predisposing and
preparatory factors in a way that a landslide might be triggered. Furthermore, the
tam span how long human interference in the slope system is of importance is of
high interest. Old aerial photographs and the LiDAR DTM might be a valuable
source of spatial information on road construction, impact of bombs (e.g. during the
Second World War) or the construction of drainages in the slope. Additionally, local
studies monitoring slope stability of a slope affected by human impact might provide
better insights into the temporal aspect.
Moreover, not only the predisposing factors might be influenced, but also the
morphological footprint of a landslide. The rates of morphological change due to
human impact (maybe of different kind (e.g. ploughing, levelling)) after landslide
occurrence are of high interest e.g. for analyzing surface roughness within
landslides. The analysis of multi temporal DTMs on a test study site might give
valuable insight in the geomorphometry of a landslide under anthropogenic
influence. However, as learned from the Building Ground Register, many hazards
only occur after anthropogenic activity. This is where anticipatory spatial planning
and building activity is demanded from the local authorities to prevent damage from
landslides.
Another important explanatory variable besides the human impact is land cover.
Very often only the recent land cover type is taken into account in the analysis,
which might introduce an unwanted bias into the modelling. However, much more
interesting might be information on areas which experienced land cover changes
over a specific time span. Also the different types of changes (e.g. forest to pasture, or
pasture to forest) are of high interest in combination with landslide occurrence and
landslide susceptibility modelling. This information could also be extracted from the
interpretation of old orthophotos. Furthermore, old forest inventory maps might be
available in the region and could give information on this.
Something that has to be kept in mind is the need for a regular update of landslide
susceptibility maps. Changing environmental conditions (e.g. logging, construction of
roads, levelling and general changes in topography) might alter the predisposing
factors sustainably. Furthermore, as the resulting susceptibility maps were
implemented in municipal spatial planning the periodic review is advised (DeGraff
2012). This ensures the usage of state of the art methodology for generating these
rather decisive susceptibility maps used in the planning process (DeGraff 2012).
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Abstract (max. 250 words)
Landslide inventories are the most important data source for landslide process, susceptibility,
hazard and risk analysis. Not only the modelling or the analysis of the process benefits from a
highly accurate, precise and informative inventory, but also the model performance assessment
profits from a good quality inventory. The objective of this study was to identify an effective
method for mapping a landslide inventory for a large study area (19,186 km²). This inventory
should in particular be optimized for statistical susceptibility modelling to derive a classified
landslide susceptibility map with a high quality. Therefore, we mapped landslides representatively
as polygons but also substantially complete with a point in the main scarp only and developed a
method to automatically derive the main scarp form the landslide polygon within GIS. The
effectiveness of the mapping methods was estimated semi-quantitatively taking into account the
requirements on an inventory given by the analysis type (e.g. statistical susceptibility modelling,
hazard or risk analysis).
The resulting landslide inventories outline the heterogeneity of the study area regarding the
landslide susceptibility but also the occurring landslide processes. The obtained effectiveness
estimate demonstrates that none of our mapped inventories is perfect for the assessed analysis
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types. However, opposed to mapping polygons, mapping the points in the main scarp is most
effective for statistical susceptibility modelling within large study areas.
The advantages, drawbacks and effectiveness of landslide mapping on the basis of LiDAR DTM
derivatives compared to other imagery were discussed. We conclude that mapping landslide points
visually interpreting LiDAR DTM derivatives is of high effectiveness considering its application
in statistical susceptibility modelling deriving a classified susceptibility map for large regions.

Keywords: visual analysis, landslide inventory, mapping effectiveness, LiDAR digital terrain
model, statistical susceptibility modeling

1. Introduction
Landslide inventories are a very important source to better understand landslide processes, their
activity, magnitude and frequency, predisposing and preparatory factors, landslide susceptibility,
and also contribute to related vulnerability and risk analysis (Soeters and Van Westen 1996; Fell et
al. 2008; Ghosh et al. 2012). Furthermore, landslide inventories are required to evaluate the
success and predictive power of any modeling approach (heuristic, deterministic or statistic as
summarized by Soeters and Van Westen (1996)) used to model landslide susceptibility or hazard
(Chung and Fabbri 2003; Beguería 2006).
Therefore, the availability of landslide inventories is of high importance independently from the
specific modeling approach used or the size of the study area. Moreover, the quality of the
landslide inventory regarding complete or substantially complete spatial and temporal information
on landslide occurrence in the past (Malamud et al. 2004), amount of stored information (e.g. date
of occurrence, trigger, caused damage), positional accuracy of the mapped landslide and
correctness in the assigned landslide type/age/extent is decisive for its usability (Soeters and Van
Westen 1996; Ardizzone et al. 2002; Glade et al. 2005; Galli et al. 2008; van Westen et al. 2008;
Guzzetti et al. 2012; Petschko et al. 2014b).
Amongst all characteristics of an inventory the positional accuracy of single landslides is probably
the most important and also the minimum requirement (Aleotti and Chowdhury 1999; Fell et al.
2008; Malamud et al. 2004). Mistakes in the location of the landslide can lead to wrong results in
the susceptibility modeling or at the evaluation of the model performance (Malamud et al. 2004;
van Westen et al. 2008). This may have significant consequences, e.g. if these maps are applied
within land use development plans or zonings.
However, fulfilling all the quality characteristics of an inventory is a challenging task, given the
subjectivity involved in the mapping and the limitations associated with the available data source
(e.g. archive, aerial photograph, satellite imagery, LiDAR), the mapping technique (mapping in the
field, digitizing analogue or digital data sources, or (semi-) automated mapping) and human
activity influencing the visibility of landslides (Cardinali et al. 2000; Ardizzone et al. 2002; van
Westen et al. 2008; Fiorucci et al. 2011; Bell et al. 2012). All these challenges increase working on
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large study areas, such as Lower Austria (19,186 km²), on a small to medium scale (1:25,000; Fell
et al., 2008), as the available resources (time, people, funds) for mapping landslides are usually
restricted (Van Westen et al. 1997).
Landslide inventory mapping methods are manifold and refine permanently with new technologies
and aperture in combination with a wide availability of geographical information system (GIS)
software (Guzzetti et al. 2012). All methods share the need of identifying discernible features
remaining after landslide occurrence either visually or by (semi-) automated techniques and are
specifically addressed since approximately three decades (e.g. Carrara and Merenda 1976;
McCalpin 1984; Wieczorek 1984; Guzzetti 2005).
An overview on traditional but also recent developments and techniques in landslide inventory
mapping is given by Van Westen et al. (2008) and Guzzetti et al. (2012). Traditional methods of
landslide inventory mapping include geomorphological field mapping (Carrara and Merenda 1976;
Brunsden 1985; Brunsden 1993; Zezere et al. 1999; Brardinoni et al. 2003), evaluation of
historical archives (Schwenk 1992; Ibsen and Brunsden 1996; CNR-IRPI-Turin 1998; Glade et al.
2001; Rossi et al. 2010; Röhrs and Dix 2010; Pereira et al. 2014) and landslide identification and
mapping on the basis of stereoscopic interpretation of aerial photographs (Mantovani et al. 1996;
Carrara et al. 2003; Van Westen and Lulie Getahun 2003; Duman et al. 2005; Zanutta et al. 2006).
Recent improvements in aperture and imagery production introduce more effectiveness in
reconnaissance as well as desktop mapping of landslides, making it easier to map landslides with
higher precision in large areas (van Westen et al. 2008; Guzzetti et al. 2012). These include GPS
equipped binoculars (Santangelo et al. 2010) and high resolution remote sensing imagery such as
(stereoscopic) optical satellite imagery (e.g. Fiorucci et al. 2011; Ardizzone et al. 2013), imagery
derived from airborne or terrestrial SAR (synthetic aperture radar; e.g. Colesanti and Wasowski
2006; Herrera et al. 2010; Cigna et al. 2012) and airborne or terrestrial laser scanning data (e.g.
Schulz 2004; Jaboyedoff et al. 2010). Examples for recent developments in landslide mapping and
semi-automated detection on the basis of high resolution satellite data were presented amongst
others by Whitworth et al. (2005), Barlow et al. (2006), Fiorucci et al. (2011), Harp et al. (2011),
Mondini et al. (2011). Object-oriented approaches revealing landslides by the combined analysis
of DTM and optical satellite data were amongst others presented by Martha et al. (2010) and
Martha et al. (2012).
Mapping on derivatives of airborne laser scanning data allows insights underneath the forest cover
(e.g. Chigira et al. 2004; Schulz 2004; Haneberg et al. 2005; Glenn et al. 2006; Bell 2007; Van
Den Eeckhaut et al. 2007; Anders and Seijmonsbergen 2008), which is beneficiary mapping a
historical landslide inventory storing all (visible) landslides occurred in the past. The inventory
reaches a new level of spatial coverage paired with high precision in the positioning accuracy of
the landslide feature despite the fact, that the age of occurrence is unknown (Petschko et al. 2010).
More advanced methods based on the usage of derivatives from digital terrain models (DTMs) of
airborne laser scanning data (LiDAR data) deal with the semi-automated detection of landslides
(e.g. van Asselen and Seijmonsbergen 2006; McKenna et al. 2008; Dalyot et al. 2008; Booth et al.
2009; Tarolli et al. 2010). Furthermore, an object-oriented approach was applied to identify
landslides under forest (Van Den Eeckhaut et al. 2012).
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Our objective is assessing and comparing the effectiveness of landslide inventory mapping
visually analyzing airborne LiDAR DTM derivatives using polygon or point features. We define
mapping effectiveness as an estimate comparing the time per person needed for mapping a specific
number of landslides (and their attributes) with the highest possible quality in a given area, with
the planned usage (analysis type) of the resulting inventory. In other words effectiveness takes into
account a cost benefit ratio between having as much information on single landslides as possible
and necessary for amongst other analysis types statistical landslide susceptibility modeling with
grid cells as terrain unit (e.g. on the location, extent, area, relative age) using as few resources as
manageable.
In this study we focused on the requirements on a landslide inventory used in statistical landslide
susceptibility modeling creating a landslide susceptibility map with a scale of 1:25,000 with three
classes used for land use planning strategies (Petschko et al. 2013; Petschko et al. 2014b). This
assessment and comparison aims to identify an effective method for landslide mapping (points or
polygons) in the entire province Lower Austria, providing a substantially complete historical
inventory. Our study areas in Lower Austria were the districts Amstetten, Baden and
Waidhofen/Ybbs. We focused on sliding processes according to Cruden and Varnes (1996),
therefore rock fall and debris flow processes were not considered.

2. Materials
The LiDAR DTM was available with a spatial resolution of 1 m x 1 m. Within the test districts it
was generated from data of airborne laser scanner flight campaigns between 2006 and 2009 (Amt
der NÖ Landesregierung 2013). Four different LiDAR platforms were used, as the flight
campaigns were operated by different companies and in different years: Riegl LMS-Q560 (Riegl
2010), ALTM 3100 (Optech 2008a), ALTM Gemini (Optech 2008b) and Leica ALS50 (Leica
Geosystems 2003; Amt der NÖ Landesregierung 2013).
The within ArcGIS 9.3 computed derivatives from the LiDAR DTM were hillshade maps
calculated with different azimuth angles (315°, 135°, 45°), a slope map displayed in inverted
greyscale and contour lines with a spacing of 4 m (Petschko et al. 2013; Figure 1). Furthermore,
orthophotos with a spatial resolution of 25 cm and 12.5 cm taken in the periods between 20002004 and 2007-2008 respectively were available in the test districts (Amt der NÖ Landesregierung
2013).
The information on lithology was derived from the geological map of Lower Austria at the scale
1:200,000 (Schnabel 2002).

3. Methods
The need for mapping a new landslide inventory for Lower Austria was pointed out in a previous
study visually comparing existing landslide inventories with the newly available opportunity to
positional accuracy given by the LiDAR data (Petschko et al. 2010). Furthermore, an assembly of
all existing inventories showed areas with different landslide density which can be attributed to the
reporting activity of municipalities and to the focus of the geologist mapping in the area (Schwenk
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1992; Kociu et al. 2007). While traditionally landslides were mapped on topographic maps
(1:50,000), a new level of positioning precision of the landslide mapping can be reached with
recently available high resolution data (orthophotos, LiDAR DTM; Petschko et al. 2010). This
allows the production of a landslide inventory suitable for the aimed output scale of the
susceptibility map (1:25,000).
Whereas the following sections describe the methods of mapping polygons and points in more
detail, we first present the similarities of the methods. Both methods (mapping polygons or points)
were based on the mapping on remote sensing imagery (LiDAR derivatives and orthophotos;
Figure 2). The mapping method in both applications was to visually interpret the imagery
regarding discernible (morphological) features remaining after landslide occurrence (Carrara and
Merenda 1976; McCalpin 1984; Wieczorek 1984; Schulz 2004; Guzzetti 2005). At sliding
processes these features include: a steep concave main scarp, possibly also concave minor scarps
or cracks, a landslide toe characterized by a steep convex form, irregular hummocky morphology
sometimes with ridges across the slide direction and longitudinal cracks in the toe area (Varnes
1984). At minimum a transition from a concave main scarp to a convex toe must be visible to
consider the form being a slide (Guzzetti 2005). This might be recognized by a distinct change of
the slope angle or of a river course due to landslide deposits (Cardinali et al. 2000).
Additional signs for landslide occurrence are abrupt vegetation changes from dense vegetation
cover (forest, brushes or grassland) to no cover (McCalpin 1984). This is best visible for recent
landslides on corresponding orthophotos, as on old landslides the vegetation might be regrown.
Also, the forests and brushes were filtered and erased in the LiDAR DTM.
The landslide mapping should always be done at a larger scale than the susceptibility or hazard
zoning maps to provide a thorough inventory (Cascini 2008). Given the aimed scale of the
susceptibility map and the detail of the LiDAR DTM, hillshade maps and orthophotos were
screened for landslide morphology on a scale of 1:2,000. However, the mapping (and digitizing) of
the landslides was done at any larger scale necessary (1:200 – 1:2,000) to ensure a smooth and
correct delineation of the landslide polygons and accurate and precise positioning of the landslide
points.
Both methods include the mapping of easy discernible landslides with usually rather fresh looking
morphology only. Considering easy detectable landslides only, accelerates the mapping process, as
the decision on the delineation or placing a point is done faster. Furthermore, it reduces
uncertainties introduced by erroneous delineation of the landslides without clear boundaries
(Malamud et al. 2004; Van Den Eeckhaut et al. 2006).
Another mapping criterion was the identification of all parts of the landslide (main scarp and toe)
before outlining the polygon or setting the point. This reduces possible errors in the mapping due
to misinterpretation of morphological convergent forms of landslide (scarp) features.
Morphological convergence describes the presence of similar forms resulting from different
natural but also anthropogenic processes (Antonini et al. 2002). Manmade features such as quarries
or embankments built at houses or roads can have a similar appearance to sliding processes on the
LiDAR DTM derivatives. This misinterpretation was avoided by checking the land cover on the
orthophoto. Furthermore detailed field surveys of exemplary, characteristic and representative sites
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were performed. This was done to revise the desktop mapping regarding the identification of
landslides, the delineation of landslide boundaries and morphological convergence.

Fig. 1 A comparison of materials used for the landslide mapping: (a) Hillshade map derived from
the LiDAR DTM with an azimuth angle of 315°; (b) Hillshade map derived with an azimuth angle
of 135°; (c) Hillshade map derived with an azimuth angle of 45°; (d) Orthophoto (25cm x 25cm)
acquired between 2000-2004; (e) Orthophoto (12,5cm x 12,5cm) acquired between 2007-2008; (f)
Slope map derived from the LiDAR DTM; (g) Contour lines derived from the LiDAR DTM with
4m spacing. Source: DTM and orthophotos: Provincial Government of Lower Austria; Landslide
mapping: own survey.

3.1 Landslide polygons – mapping and derivatives
Although the availability of a high resolution LiDAR DTM, an area-wide mapping of all visible
landslides with polygons is a challenging task given restricted resources and a very high density of
landslides as for example in the Flysch Zone (Petschko et al. 2010). To meet this challenge we
further developed and tested a strategy to map a representative subset of landslides as polygons (as
previously presented in Petschko et al. 2010 and Petschko et al. 2013) in the three test districts.
Our main principle was to map a characteristic subset of landslide polygons (without
distinguishing between main scarp, transport and accumulation zone) in all lithological units,
while ascertaining to map a representative number of landslides of all sizes and types in each unit.
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This results in a landslide inventory with functional completeness (Malamud et al. 2004) designed
for statistical modeling.
Each mapped landslide polygon was assigned with the following attributes: landslide type, relative
landslide age, certainty of mapping and certainty of the assigned type. The mapped landslide types
grouped according to Cruden and Varnes (1996) were (shallow and rotational) earth and debris
slides, earth flows, complex and we introduced an “area with slides” (Petschko et al. 2013). This
area includes a slope with several landslides of different relative age, size and maybe also type,
which occurred very close or upon each other. As in this area the single landslide boundaries were
difficult to distinguish, especially for very old, or strongly overlapping landslides, an “area with
slides” was delineated (Petschko et al. 2010). This was done to increase the mapping effectiveness
by reducing the mapping time while increasing the mapping accuracy. The relative age was
estimated according to the appearance of the slide morphology in the imagery after an approach
presented by McCalpin (1984). This approach and its results are presented and discussed in more
detail in Petschko et al. (2014a).
The certainty of mapping and the assigned landslide type was expressed as “certain”, where the
type and landslide boundaries are clear and easy to detect. “Uncertain” was assigned to polygons
where the boundaries were transitional and unclear or where the landslide type was ambiguous.
Landslides assigned as “uncertain” were not included in the further analysis.
In addition, the mapping strategy includes the mapping of landslides larger than 100m² only, as
this represents the area of a grid cell (10m x 10m) planned to be applied in susceptibility modeling
(Petschko et al. 2014b). Furthermore, landslides below this size might be difficult to delineate on
basis of the LiDAR derivatives.

3.1.1 Automated derivation of main scarps from landslide polygons
Many statistical landslide susceptibility modeling approaches use the information of the landslide
main scarp rather than of the entire body. More distinct results of the modeling can be achieved by
using points in the main scarp only (Van Den Eeckhaut et al. 2006; Van Den Eeckhaut et al. 2009;
SpatialModels Inc. 2006). Furthermore, by subsampling one point for each main scarp spatial
autocorrelation of the landslide samples can be avoided (Carrara 1993; Atkinson et al. 1998; Van
Den Eeckhaut et al. 2006; Guns and Vanacker 2012). However, the extent of the main scarp is not
always available within a landslide inventory and the mapping of the main scarp alongside with
the landslide polygon needs additional resources.
Therefore, an automated derivation of main scarps from landslide polygons was tested to show the
potential of the mapped features. Successfully implementing this automated approach might
accelerate the mapping process, as only one polygon per landslide has to be mapped and therefore
it potentially enhances the mapping effectiveness.
We propose a similar method as presented within the Spatial Prediction Modeling System (SPMS,
Spatial Models Inc. 2006). Using the elevation data stored in a DTM, the landslide part with the
highest elevation is assigned as trigger area or main scarp (SpatialModels Inc. 2006). Furthermore,
the percentage of the area to be allocated as main scarp can be selected by the user within SPMS.
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Likewise, we developed a raster based approach within ArcGIS 9.3 using the mapped landslide
polygons and a DTM.
The LiDAR DTM was resampled to a spatial resolution of 10m x 10m, as this allowed faster
computation and is the selected susceptibility modeling resolution (Petschko et al. 2014b).
Furthermore, the DTM was masked by the landslide polygons resulting in a raster containing the
landslides with elevation information for each grid cell.
Within the proposed approach a group of the highest grid cells per landslide was assigned as main
scarp. Therefore, the minimum (Minpne) and maximum (Maxpne) elevation (e) and the elevation
range (Maxpne – Minpne) within each landslide polygon (pn) was determined within ArcGIS 9.3.
Considering differences in the elevation range between the landslide polygons we calculated a
dynamic threshold value (Tpne) giving the lowest elevation of the main scarp for each landslide.

Tpne  Max pne  P  (Max pne  Min pne)

(1)

The dynamic nature of the threshold value originates from the percentage value (P) representing
the percentages of the elevation range assigned for the main scarp. This gives the opportunity to
consider the elevation differences of each landslide polygon in the derivation of the main scarp. In
contrast, a static value subtracted from the maximum elevation might not be equally appropriate
for very small or very large landslides.
Given this threshold value (Tpne) the grid cells of the main scarp were determined using a
conditional statement within the raster calculator. Within this statement the cells of the landslides
with a value lower than the threshold value were excluded from the landslide.
Moreover, we tested different percentages (P; 30%, 35% and 40%) of the elevation range and
visually compared the computed main scarps with rasterized expert mapped main scarps. We
visually identified the appropriate percentage value resulting in a good agreement with the expert
mapping.
Comparisons of the size of the entire body and the main scarp of the slides were prepared for each
lithological unit to characterize the landslides and main scarps.

3.2 Mapping of landslide points in the main scarp
While the polygons are marking the entire landslide body, we used points to map the main scarp
only. The landslide main scarp is the most distinct discernible part of a landslide and therefore
comparably easy and fast to detect on any imagery. At the main scarp the best accuracy of the
mapping can be achieved as the boundary between stable terrain and the failed mass particularly at
the lateral boundaries but also the toe of the landslide is often transitional (Malamud et al. 2004;
Van Den Eeckhaut et al. 2006). This is not only a matter of the resolution of the imagery but was
also recognized during field mapping (refer also to Santangelo et al. (2010) for similar findings).
While the data and imagery used for the mapping was identical in this approach, the main
difference between mapping polygons and points in the main scarp was the mapping of all easy
discernible landslides instead of a representative sample. Furthermore, no attributes describing the
landslide type, relative age or certainty of mapping were assigned to the points. Despite assigning
attributes to a single point is simple, this process is very time consuming for the huge sum of
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points (Malamud et al. 2004). Additionally, the mapping was focusing on slides only excluding
any flow, complex or areas of slides from the inventory. Areas with slides and very old slides were
not considered in this mapping, as the decision of placing the point in the main scarp was very
difficult and the information of single landslides is of higher importance for the modeling.
The location of the point within the main scarp was selected patterned on a random sample done
within GIS in the main scarp as usually applied in susceptibility modeling (e.g. Atkinson et al.
1998). Therefore, the point was manually set fast and at random locations in the main scarp of the
identified landslide.

3.3

Comparing

landslide

polygons

and

points

–

effectiveness estimate
As an estimate on the success of the representative mapping of the landslide polygons we
calculated and compared the landslide density of each inventory (polygon or point) and the
landslide ratio (RRl) within the lithological units (l). The landslide density (D l) is calculated
dividing the number of landslides mapped in the lithological unit (N l) by the area of the unit (km²;
Al) (Dl = Nl/Al). The landslide ratio (RRl) was derived dividing the percentage of earth and debris
slides mapped as polygons within the lithological unit by the respective percentage of earth and
debris slide points within each lithological unit. The landslide ratio gives an estimate on the
success of the representative mapping of landslides as polygons, assuming the landslide point
mapping being substantially complete. Values greater than 1 (RR l > 1) indicate an overrepresented
mapping of earth and debris slide polygons. Hence, values less than 1 (RRl < 1) signal an
underrepresented mapping of earth and debris slide polygons within the respective lithological
unit.
Furthermore, the median slope angle of the different inventories was compared for the different
lithological units as one proxy for the topographic characteristics. The median and range
(minimum to maximum) of the slope angle of the landslide polygons, the extracted main scarps
and of the mapped points in the main scarp was derived using the LiDAR DTM slope map. This
gives an overview on representativeness and also on the general characteristics of landslides in the
study area.
We assembled a record of the needed resources (person months, working 40h/week) for the
mapping of both inventories. This allowed estimations on the demand for mapping the entire
province, given the landslide mapping rate.
Considering the usage of the obtained inventory within statistical susceptibility modeling the
advantages and drawbacks of the applied mapping methods are discussed reflecting on examples
from literature and the needs given in Table 1. Therefore, the obtained inventories are compared to
inventories mapped by other methods (based on aerial photographs, high resolution satellite
images, semi-automated detection) as presented by Guzzetti et al. (2012) and in Table 4.
Assessing the effectiveness of the mapping of a given inventory (i) considering the type of analysis
(a), we defined a semi-quantitative mapping effectiveness estimate (Ee).
The proposed effectiveness estimate
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Eeia 

N i PM i Ai
 wia
M

(2)

takes into account the ratio of the number of landslides mapped (N) in the study area, the used
resources given by the person months (PM; working 40h/week) and the study area size (A; km²).
This landslide mapping rate was divided by the maximum value (M) of this rate of all compared
inventories to obtain a value ranging between zero and one. Furthermore, the importance of the
inventory (i; mapped polygons or points) for a specific analysis or application (a) was considered
assigning a weight (wia).
This weight is obtained by comparing the general requirements of the given type of analysis and
the characteristics of the respective earth and debris slide inventory. Therefore, we identified
different requirements for four analysis types: (1) characterization of the landslide process, (2)
statistical landslide susceptibility modelling (using grid cells), (3) hazard and (4) risk analysis. The
requirements we generally identified for all analysis types according to general practice and
recommendations in literature, are specifically seen in the context of the analysis of earth and
debris slides (Tab. 1): knowing the accurate landslide extent and / or location; knowing the date of
occurrence; distinction between landslide zones (scarp, transportation and accumulation zone);
information on the landslide runout length and/or angle of reach; landslide type; landslide volume;
knowing the location of the main scarp; available multi temporal information on the landslide
extent; one feature (polygon/point) representatively; one feature (polygon/point) substantially
complete available per landslide and information on the triggering conditions (Van Westen et al.
1997; Guzzetti et al. 2006; Van Westen et al. 2006; Fell et al. 2008; van Westen et al. 2008). As
these requirements are not equally important for every analysis type we differentiated between five
levels of requirements on the landslide inventory given the analysis type: “absolutely necessary
(++)”, “necessary (+)”, “helpful (o)”, “not necessary (-)”, and “adverse (--)”. For example for
statistical susceptibility modelling using grid cells as terrain units, the accurate landslide location
is “absolutely necessary”, whereas information on the landslide extent was considered as
“helpful”. We compared our mapped point and polygon inventory to the previously defined
requirements evaluating if the inventory met the requirements and assigned up to three stars (***)
according to the level of the essential information (Table 1). For example the “absolutely
necessary” accurate location of the landslides requirement was met by both our inventories.
Therefore, both inventories score three stars (***). However, if one essential was not met, negative
stars were assigned. For example the polygon inventory did not provide the date of occurrence
which is a “helpful” characteristic of the inventory for statistical modelling. Therefore, for this
inventory and requirement one negative star (-*) was assigned. Where the information could be
obtained with some simple further analysis of the inventory (such as the automated derivation of
main scarps) only the half amount of stars was given. The requirements indicated for the risk
analysis show the expectations on the results of the hazard analysis and data required for
evaluating the vulnerability and consequences of the hazard (Fell et al. 2008). As the data
requirements for the specific analysis types is also scale dependent the mapping or analysis scale
was set to range from medium (1:100,000 – 1:25,000) to detailed scale (> 1:5,000; Fell et al.
2008).
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Tab. 1 Weights (wia) assigned for the importance of the polygon or point earth and debris slide inventory (inv.) mapped in the test study area for the listed analysis type. The
requirements on the earth and debris slide inventory are listed and the requirements of the different analysis types are assigned using the following coding: “++” = absolutely
necessary; “+” = necessary, “o” = helpful, “-“ = not necessary, “--“ = adverse (refer to Fell et al., 2008, Van Westen et al., 1997, 2008). We compared the information given by
our inventory of points in the main scarp (Point) and our inventory of polygons marking the entire earth and debris slide body (Polygon) to the defined requirements (Requ.).
Waves (~) or up to three stars (***) were assigned respectively if the requirements were met by the inventory: absolutely necessary characteristic given  “***”; necessary
characteristic given  “**”, helpful characteristic given  “*”, not necessary characteristic given  “∆”, adverse characteristic given  “-#”. If information could be obtained
by some further analysis of the inventory only half of the stars were assigned. If information was required but not given by the inventory corresponding negative stars (e.g. “***”) were allocated. A wave is half a star and the sign “∆” equals zero. The risk analysis does not include the required hazard analysis. The requirements indicated for the risk
analysis show the expectations on the results of the hazard analysis and data required for evaluating the vulnerability and consequences of the hazard. The weight (wia) is the sum
of the stars and waves times 100 for each inventory divided by the potential sum of stars of the respective analysis type. The resulting effectiveness estimate (Eeia; Eq. 2) is given
in the last row. The mapping or analysis scale range of the listed analysis types is from medium (1:100,000 – 1:25,000) to detailed scale (> 1:5,000; Fell et al., 2008).

Analysis Type
Landslide
process
/
Evolution analysis Information required / given from
Morphometric analysis
inventory for specific analysis
Point Polygon
Requ.
inv.
inv.
Accurate landslide extent
++
-***
***
Accurate landslide location
++
***
***
Date of occurrence
++
-***
-***
Distinction of landslide zones
(Depletion,
transportation
and
++
-***
-***
accumulation zone)
Landslide runout length and/or angle
++
-***
***
of reach
Landslide type distinguished
++
***
***
Landslide volume
+
-**
*
Location of main scarp known
+
**
*

Statistical earth and
debris slide susceptibility Hazard analysis
Risk analysis
modeling
Point Polygon
Point Polygon
Point Polygon
Requ.
Requ.
Requ.
inv.
inv.
inv.
inv.
inv.
inv.
o
-*
*
++
-***
***
++
-***
***
++
***
***
++
***
***
++
***
***
o
-*
-*
++
-***
-***
++
-***
-***
o

~

~

+

-**

-**

+

-**

-**

o

-*

*

++

-***

*~

++

-***

*~

++
++

***
∆
***

***
∆
*~

++
+
+

***
-**
**

***
*
*

++
++
o

***
-***
*

***
*~
~
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Multi temporal information on the
landslide extent
One feature (point/ polygon) per
landslide representative for entire
study area
One feature (point/ polygon) per
landslide substantially complete in
study area
Trigger or triggering conditions
Sum of (potiental) stars and waves
Total weight (wia) for inventory for
given application
Value “N/PM/km² / M”#
Effectiveness estimate (Eeia) # of
inventory for given application
#
According to equation (2)
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++

-***

-***

-

∆

∆

+

-**

-**

o

-*

-*

o

*

*

++

***

***

++

***

***

++

***

***

o

*

-*

++

***

-***

++

***

-***

++

***

-***

+
29

-**
-9

-**
3

o
20

-*
11.5

-*
8

++
32

-***
-4

-***
2.5

+
30

-**
-4

-**
4.5

-31.0

10.3

57.5

40.0

-12.5

7.8

-13.3

15.0

1

0.17

1

0.17

1

0.17

1

0.17

-31.0

1.8

57.5

6.9

-12.5

1.3

-13.3

2.6

As the different analysis types reached a different potential total amount of stars, scored if all
requirements would be fulfilled, the sum of all stars (and waves = half a star) obtained by the
inventory was divided by the potential amount of stars of the analysis type and multiplied by 100.
This resulted in the weight (wia) for the inventory for a given application ranging from 0-100.
Therefore, the larger the resulting value of the effectiveness estimate the higher the effectiveness
of the inventory for the given analysis type. An effectiveness estimate below zero corresponds to a
very low or no effectiveness of the given inventory for the analysis type.
The inventory mapping method with the highest effectiveness for statistical landslide susceptibility
modelling using grid cells as terrain unit was applied for mapping landslides in the entire province
Lower Austria.

4. Study area
The three test districts Amstetten, Baden and Waidhofen/Ybbs were selected for assessing the
most effective method of inventory mapping applicable for Lower Austria. The districts are
considered as representative of the lithology and topography of Lower Austria (Figure 2).
Furthermore, they are characterized by a different number of reported landslides (mainly slide
processes) in the so called “Building Ground Register”, an archive run by the Geological Survey
of Lower Austria (Schwenk 1992). This allowed us to test the mapping in areas of different
landslide documentation density.
The lithology of the test study area includes clastic sediments of the Molasse Zone, a unit of Loess
and Loam, sandstone interbedded with marl in the Flysch Zone, limestone (with marls) and
dolostone in the Austroalpine Unit, granite and gneiss in the Bohemian Massif and sand, gravel
and clay in the Intramontane Basin (Figure 1; Wessely 2006). These units showed a very distinct
general susceptibility to landslides given by the differences in the predominant material (Petschko
et al. 2010; Petschko et al. 2014b). Furthermore, the lithological map of the study area contains a
unit named “landslide deposits”. This unit was assigned for areas where landslides were observed
abundantly and no information on the underlying lithology is available (Wessely 2006). However,
not all landslides visible in the LiDAR DTM were assigned as “landslide deposits” in the
lithological map. Furthermore, drawbacks of the map scale (1:200,000) have to be considered.
The main landslide processes (as defined by Cruden and Varnes (1996)) in Lower Austria are
shallow and deep seated earth and debris slides, but also earth and debris flows and rock falls
occur. In this study we focus on sliding processes mainly. Most slide processes were reported in
the Flysch Zone (Schwenk 1992). Furthermore, many slides are documented in the Klippen Zone,
Molasse Zone and the Austroalpine Unit with limestone and marl (Schwenk 1992). During the
past 60 years (1953-2011) 535 landslides were reported in the Building Ground Register for the
district Amstetten (1187km²), 7 landslides were documented in Baden (754km²) and 151
landslides were filed for Waidhofen/Ybbs (131km²) (Petschko et al. 2013). Associated damage
occurred mainly on farmland (43%) as well as on private houses and on infrastructure (23%)
(Petschko et al. 2010; Petschko et al. 2012).
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Fig. 2 Location and lithology of the three test districts (a) Amstetten, Waidhofen/Ybbs and (b)
Baden. Source: DTM: Provincial Government of Lower Austria; Lithological map: Geological
Survey of Austria (GBA-2009-Zl. 383/1-09).
The main triggers of landslides in Lower Austria are exceptional rainfall and/or intensive snow
melt events (Schwenk 1992; Schweigl and Hervás 2009). Earthquakes occur rarely (Eisinger et al.
1992) but have not been analyzed as a landslide trigger in Lower Austria so far. The distribution of
the mean annual precipitation rates (between 2001 and 2010) throughout Lower Austria shows a
gradient from low rates in the northeast (500mm) to high rates in the southwest (1600mm –
1700mm, Hydrographischer Dienst des Landes Niederösterreich 2011). Likewise, the station
Hinterlug in the district Waidhofen/Ybbs showed a mean annual precipitation of 1379mm with a
daily maximum of 130.5mm measured on the September 6, 2007 (Hydrographischer Dienst des
Landes Niederösterreich 2011). At the station Alland in Baden comparably low mean annual
precipitation rates of 820mm were recorded whereas the daily maximum in this period is very high
(131.4mm, measured on the June 6, 2002; Hydrographischer Dienst des Landes Niederösterreich
2011).
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5. Results
5.1 Landslide polygons and points in the main scarp
Compared to existing landslide inventories the mapping of landslides on the LiDAR DTM
derivatives revealed a large number of additional, previously unknown landslides in our test
districts. 1213 landslide polygons and 2709 landslide points in Amstetten, 107 polygons and 219
points in the main scarp in Baden and 694 landslide polygons and 1061 landslide points were
mapped in Waidhofen/Ybbs. This totals to 2014 mapped landslide polygons (including 1834
landslides assigned as certain and thereof 1437 slides) and 3994 points in the main landslide scarp
in our test districts. (Tab. 2, Fig. 3). Among these mainly earth and debris slides (75.7%) and
“areas with slides” (20.3%), but also landslides classified as earth flows (3.8%) and complex
landslides (0.2%) were mapped. Nearly half of the landslides were considered to be of “old”
relative age (48%) whereas 34% were assigned as “young”, 10% as “very old” and 8% as “very
young” (Petschko et al. 2014a).
The lithological unit with the most landslides is the Rheno-danubian Flysch Zone (1021 landslide
polygons, 2373 points). However, looking at sliding processes only the highest landslide density
(Dl) was found for the Mélange Zone or also called Klippen Zone (5.09 landslide polygons / km²;
13.85 points / km²; Tab. 2). The Rheno-danubian Flysch Zone ranks fourth (2.23 polygons / km²;
6.41 points / km²) following the unit of landslide deposits (4.3 polygons / km²; 7.03 points / km²)
and the Molasse, Schlier unit (4.17 polygons / km²; 8.79 points / km²). Only few landslide
polygons or points in the main scarp were mapped in the alluvial deposits, Intramontane Basin and
Bohemian Massif (Tab. 2). This comparison shows a clear difference in the landslide density of
mapped landslide polygons and points and therefore suggests a high heterogeneity in the study
area regarding landslide susceptibility.
We analyzed the success of the representative mapping of landslide polygons by comparing the
landslide ratio (RRl) assuming that the points in the main landslide scarp represent a substantially
complete sample. Generally the results show both, an underrepresented and overrepresented
mapping of earth and debris slide polygons within the lithological units of the test districts (Tab.
2). The landslide ratio values range from zero (in the Bohemian Massif) to a maximum of 1.7 (in
the Landslide deposits) times as many polygons as points. Besides, the presented minimum and
maximum values showing the highest under- and overrepresentation of polygons, earth and debris
slide polygons were comparably high overrepresented in the lithological units of Debris and
Intramontane Basin. Apart from the Bohemian Massif, where no landslide polygons were mapped,
the Austroalpine Unit with limestone, marl and sandstone shows the highest underrepresentation
of polygons (RRl = 0.7). Unlike, nearly the same percentage of earth and debris slide polygons or
points was found for the Rheno-danubian Flysch Zone (RRl = 0.97) and for the Mélange Zone
(RRl = 1.02).
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Fig. 3 Comparison of resulting landslide inventories. Landslides mapped with points (a, b) and
with polygons (c), (d) presented in a zoomed in example (e). Source: DTM: Provincial
Government of Lower Austria; Landslide mapping: own survey.

The mapping of the polygons of all landslide types mapped as “certain” required the setting of
160,316 vertices (points) to delineate the polygons within 4 person months. The polygons of the
type earth and debris slide were mapped with 100,256 vertices (points) within 1.5 person months.
Compared to the total points set in the main earth and debris slide scarp this results in a ratio 25:1.
However, it has to be kept in mind, that the landslide polygons were only mapped representatively
(about a third of the landslides mapped with a point). Therefore, to map one earth and debris slide
with a polygon around 75 vertices have to be set opposed to one single point set in the main scarp.
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Tab. 2 Comparison of the number of mapped polygons (N pnl, Npsnl) and points (Nptl), of the landslide density of mapped polygons (D pnl, Dpsnl) and points (Dptl), of the landslide
percentage within each lithological unit (Rpnl, Rpsnl, Rptl) and the landslide ratio (RRl) in the test study area in the lithological units. Furthermore, the median slope angle within the
lithological units is presented.
Area
lith.
unit

Landslide count (Nl)
ID

Lithological unit

Landslide
(Dl = Nl/Al)

density

Polygons
all
landslide
types
(Npnl)

Polygons
" Slides"

Points

Polygons

Polygons
"Slides"

Points

(Npsnl)

(Nptl)

(Dpnl)

(Dpsnl)

(Dptl)

8

6

20

231.5

0.04

0.03

0.09

(A,
km²)

Landslide percentage within
lithological
unit
(Rl = Nl/Nl*100)
Polygons Polygons Points
"Slides"

(Rpnl, %)

Landslide
ratio
(RRl
=
Rpsnl/ Rptl)

Median slope angle (°)
Slide
polygon

Main
scarp
slide
polygon

Main
scarp
slide
point

(Rpsnl, %)

(Rpt,l %)

0.44

0.42

0.50

0.83

19

21

17

11

Alluvial deposits

13

Debris

55

44

81

33.5

1.64

1.31

2.42

3.00

3.06

2.03

1.51

18

19

20

14

Loess, Loam

70

47

165

88.4

0.79

0.53

1.87

3.81

3.27

4.13

0.79

10

12

14

15

Landslide deposits

66

55

90

12.8

5.16

4.30

7.03

3.60

3.83

2.25

1.70

20

15

18

21

Quaternary fluvial
terrace

50

44

145

275.1

0.18

0.16

0.53

2.72

3.06

3.63

0.84

10

14

14

22

Intramontane Basin

6

6

11

274.6

0.02

0.02

0.04

0.33

0.42

0.28

1.52

7

n.a.

12

31

Molasse Zone

45

35

135

150.9

0.30

0.23

0.89

2.45

2.44

3.38

0.72

8

10

15

32

Molasse, Schlier

261

189

398

45.3

5.76

4.17

8.79

14.22

13.15

9.96

1.32

8

10

13

1021

826

2373

370.4

2.76

2.23

6.41

55.64

57.48

59.41

0.97

15

16

19

127

91

248

17.9

7.10

5.09

13.85

6.92

6.33

6.21

1.02

14

18

19

54

44

109

367.0

0.15

0.12

0.30

2.94

3.06

2.73

1.12

23

25

25

72

50

198

149.6

0.48

0.33

1.32

3.92

3.48

4.96

0.70

25

25

26

0

0

21

55.7

0.00

0.00

0.38

0.00

0.00

0.53

0.00

n.a.

n.a.

20

1835

1437

3994

2072.7

0.89

0.69

1.93

41
42
51
52
61

Rheno-danubian Flysch
Zone
Mélange Zone, Klippen
Zone
Austroalpine Unit with
dolostone
Austroalpine Unit with
limestone, marl and
sandstone
Bohemian Massif

TOTAL (

N

psn

N

pt

)
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5.2 Automated derivation of main scarps from landslide
polygons
The automated derived main landslide scarps, using different percentage values of the elevation
range assigned as main scarp, gave rather similar results (Fig. 4). Despite, with the visual
comparison of the automated derived and rasterized expert mapped main landslide scarps we
identified the derived main scarps with the best agreement with the rasterized expert mapped main
scarps. As a result, 35% of the elevation range assigned as the main scarp gave the closest
representation of the main scarps.

Fig. 4 Derivation of the main scarp within ArcGIS. (a) Mapped landslide including main scarp.
Rasterized main scarps and scarps derived with ArcGIS using (b) 40% and (c) 35% and 30% of the
elevation range assigned as the main scarp. Source: DTM: Provincial Government of Lower
Austria; Landslide mapping: own survey.
Looking at the size (area in m²) of the landslide polygons and the derived main scarps we observed
a distinct change between size of the entire polygon and the main scarp. 75% of the earth and
debris slide bodies showed a size between 477m² and 2257m², whereas 75% of the main scarps of
earth and debris slides ranged between 100m² to 600m² (Tab. 3). Besides, the size of the earth and
debris slide polygons and derived main scarps changed with the lithological unit, as shown best by
the median of the boxplots (Fig. 5). The largest earth slide was mapped within the landslide
deposits (1,844,305m²) but the smallest landslide was found in the debris, till unit (59m²). This
shows that despite our expectation, also landslides smaller than 100m² can be mapped on the
LiDAR derivatives.
By extension, the median slope angle of the mapped earth and debris slides distinctly changed
between the different lithological units (Tab. 2). Comparing the median slope angle of the entire
earth and debris slide polygon and the derived main scarp revealed a trend toward a steeper slope
angle of the main scarp. This matches the general understanding of the distribution of slope angles
in an earth slide area (Varnes 1984). Also the points mapped in the main scarp showed a steeper
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slope angle than the polygons. Compared to the automated derived main scarp the median slope
angles of the points were different in some lithological units (e.g. the Rheno-danubian Flysch Zone
(16°, 19°) or the alluvial deposits (21°, 17°). However, the median slope angles were similar or
identical in the Quaternary fluvial terrace (14°, 14°), the Mélange Zone (18°, 19°) and the
Austroalpine Unit with dolostone and with limestone, marl and sandstone (25°, 25°; 25°, 26°; refer
to Tab. 2). An analysis of the minimum and maximum values of the slope angle within the derived
main earth and debris slide scarps and the mapped points (not presented here) showed that the
points mainly fit into the range of values given by the main scarps derived from the earth and
debris slide polygons. These results show the dependency of the median slope angle of the mapped
landslides points on the selected location to map the main scarp. Furthermore, landslides which
were mapped as point but not as polygon might have slightly different median slope angles.
Generally, these results emphasize the heterogeneity of the study area also in terms of earth and
derbis slide characteristics.

Fig. 5 Comparison of the area of mapped earth and debris slide processes (a) and their derived
main scarps (b) presented with boxplots for each lithological unit. The Bohemian Massif is not
presented here, as no earth and debris slide polygons were mapped in that lithological unit. The
width of the bars is relative to the number of landslides in the respective lithological unit. Numbers
of the lithological units refer to the respective numbers given in Table 2.

5.3 Effectiveness estimate
The mapping of 1834 landslide polygons took 2.67 times as many person months (PM, working
40h/week; 4 PM) as mapping 3994 landslide points (1.5 PM; Tab. 4). This results in a landslide
mapping rate of 459 and 2663 landslides per person month respectively (Tab. 4). Taking into
account the size of the study area we found that 518km² (mapping polygons) and 1382km²
(mapping points) were mapped per person month. Compared to studies using different mapping
methods (e.g. mapping from aerial photographs or satellite images) presented by Guzzetti et al.
(2012) the area mapping (and digitizing) rates were comparable but mainly higher using LiDAR
imagery in Lower Austria (Tab. 4). This area mapping rate was mainly dependent on the
production

scale

of

the

inventory

and

less

on

the

mapping

method

(Tab.

4).
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Tab. 3 Landslide size in m² for the entire landslide body and the automated derived main scarp. The minimum (Min), maximum (Max) and median of the landslide (main scarp)
polygon area are given. While the size of the landslide bodies was derived from the polygons, the area of the main scarps was calculated based on the 10m x 10m grid, thus the
minimum area cannot be smaller than 100m². The main scarps of complex features were not analysed (n.a.).

Landslide Type

Landslide
(m²)

size

-

body Landslide size - main scarp (m²)

All types

1st
3rd
1st
3rd
Median
Max
Min
Median
Max
Quartile
Quartile
Quartile
Quartile
59
595.0 14080.
4203.0 1844305
100
200
400
1300 154800

Slides

59

Min

477.0

971.0

2257.0

1844305

100

100

300

600

124900

Area with slides

356

4624.3 10871.5

36689.0

746785

100

1375

3750

11125

154800

Flow

274

1615.8

3282.5

13400.3

123566

100

500

1100

4400

56100

1546

3229.0

3740.0

17724.0

51935

n.a.

n.a.

n.a.

n.a.

n.a.

Complex

Tab. 4 can be found at the end of this publication due to its page size.
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Unlike, the landslide mapping rate seems to be depending on the mapping method (as shown by
the imagery type used). Using aerial photographs, a lower landslide mapping rate was achieved
than by mapping on satellite or LiDAR imagery (Tab. 4). The largest landslide mapping rate was
achieved using satellite imagery for automated detection of landslides (Tab. 4; Mondini et al.
2011).
We assessed the requirements of statistical landslide susceptibility modelling on the landslide
inventory and compared these to the information given by each of the mapped inventories. We
obtained a weight (wia) 57.5 for mapping landslides with points and 40 for mapping with polygons
(Tab. 1). Accordingly, the resulting effectiveness estimate (Eeia) was 57.5 (points) and 6.9
(polygons; Tab. 1).
Comparing this to other analysis types as evaluated according to the requirements listed in
literature (e.g. Fell et al. 2008; van Westen et al. 2008), the effectiveness estimates were ranging
from -31 (using points for the analysis of the landslide process) to +2.6 (using landslide polygons
analyzing landslide risk; Tab. 1). Except for the statistical modelling of landslide susceptibility the
mapping of landslide points in the main scarp had very low (or no) effectiveness for the other
assessed analysis types (Tab. 1). The effectiveness estimate of mapping landslide polygons was
highest for risk analysis, considering the identified requirements on the results of the hazard
modelling and on the data for assessing the hazard consequences for this analysis from literature
(e.g. Fell et al. 2008; van Westen et al. 2008).
According to our objective of statistically modelling landslide susceptibility in a large study area,
visualization of the final map in three classes (Petschko et al. 2013) and the respective
effectiveness estimate the mapping of points was the preferable and acceptable method for Lower
Austria. Consequently, our mapping team for the remaining districts mapped points in the main
landslide scarp for the entire province (Fig. 6). Applying the methods to the study area Lower
Austria revealed new insight into the presence of landslides in the province as 13,166 landslides
were mapped in total (Fig. 6). Compared to previously existing landslide inventories, such as the
Building Ground Register of the Geological Survey of Lower Austria, we identified up to 10 times
more landslides in some districts.

6. Discussion
We successfully mapped landslides of different types and size in forested but also open land using
derivatives from a LiDAR DTM and orthophotos. The result of a historical landslide inventory
clearly distinguishing between single landslides (polygons or points) can be used for further
analysis such as susceptibility modelling. However, no information is available on the time of
occurrence of the landslides and the age can only be estimated relatively (McCalpin 1984).
Analyzing landslide triggering conditions an event inventory is beneficiary as it represents only
landslides and related losses occurred and mapped after a trigger event (Van Westen et al. 2006).
Compiling these, other landslide mapping methods (e.g. stereoscopic interpretation of multi
temporal aerial or satellite images (e.g. Fiorucci et al. 2011; Ardizzone et al. 2013) are preferable
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to using LiDAR DTMs due to currently high costs of the data acquisition and low availability of
multi temporal and event related data.

Fig. 6 (a) Resulting landslide inventory mapped using LiDAR DTM derivatives and orthophotos
in Lower Austria (number of mapped main earth slide scarps = 13,166). (b) Zoom to the earth and
debris slides mapped in the Molasse, Schlier area in Amstetten (refer to location marked in (a) as
red dot). Source: DTM: Provincial Government of Lower Austria; Landslide mapping: own
survey.

Generally the visual analysis of optical imagery (aerial photographs, satellite images) is well
suitable creating an event inventory as “fresh” landslides are characterized by missing vegetation
due to the landslide process (McCalpin 1984; Guzzetti et al. 2012). Inventories resulting from
these methods can give a detailed insight into the landslide process including the date of
occurrence, the related trigger or in the multi temporal context into the evolution of landslides over
years. However, some drawbacks of aerial photograph interpretation are the time consuming
collection and digitizing process which might create transfer errors, the high costs for aerial
photographs and the therefore restricted study area size (Tab. 4; Baeza et al. 2010; Guzzetti et al.
2012). Furthermore, problems of landslide identification in forested areas might occur (Brardinoni
et al. 2003; Van Den Eeckhaut et al. 2007).
For mapping landslides in large areas semi-automated methods are very promising, as cloud free
satellite data is usually available briefly after an event (e.g. typhoon; Martha et al. 2010; Mondini
et al. 2011; Martha et al. 2012). These methods work best for large, deep seated landslides or
debris flows, where the morphological and vegetational footprint of the landslide is obvious. Also
the comparison of the landslide mapping rate (N/PM) showed, that these methods are very fast in
detecting landslides over a large area (Tab. 4; Mondini et al. 2011). However, regarding the
mapping or detection of single events most of these advanced methods are currently lacking the
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possibility to delineate single landslides but the results are zones containing several landslides.
This is of disadvantage especially when the landslide inventory should be used as a basis for
susceptibility modeling, where the exact location of each landslide must be known, and also the
information on how many landslides are in a certain area is important (Petschko et al. 2014b).
Therefore, an (additional) “old-fashioned” visual interpretation to identify the single landslides is
still of high importance in landslide inventory mapping. Consequently, the mapping effectiveness
is reduced.
The representative mapping of a subset of landslides with a polygon was very successful for the
Rheno-danubian Flysch Zone and the Mélange Zone. Within three units out of 13 a rather high
overrepresentation of mapped polygons was found (Landslide deposits, Debris and Intramontane
Basis). However, the expert based representative mapping of earth and debris slides was
surprisingly successful. Nevertheless, the performed expert estimation of the representativeness
during the mapping might be considered as not effective and highly subjective. It seems that there
is a tendency that subjectivity in mapping landslides is influenced by landslide density. While an
overrepresentation of mapped landslide polygons was observed in relatively small lithological
units showing a high landslide density, in lithological units with low landslide density the mapped
landslide polygons were underrepresented.
However, the idea of mapping a representative sample only in the sense of creating a substantially
complete inventory might be attractive for statistical modelling of landslide susceptibility
(Calvello et al. 2013). A more sophisticated representative mapping approach inspired by
geospatial sampling techniques might be preferable. For example mapping all visible landslides in
a limited number of quadrats (of a specific size) randomly located in the study area / lithological
unit. This methodology is patterned on the quadrat count method widely used in ecology (Krebs
1999; Christman 2000; Ver Hoef 2002; Thompson 2012). Other approaches working with terrain
mapping units of different size related to the analysis scale tested the mapping of landslides over a
portion of the area for landslide susceptibility zoning (Calvello et al. 2013). They derived landslide
distribution zoning maps for terrain units where no landslide mapping was performed. These are
intermediate products between an inventory and a susceptibility map which can be used for
landslide susceptibility or hazard zoning (Calvello et al. 2013). In this way full landslide
information from a relatively small area can be used to calibrate and validate a model used to
transfer the landslide distribution zoning maps (Calvello et al. 2013).
While these spatial sampling methods sound appealing, the heterogeneity of the study area
regarding lithology, morphology, landslide size and density, and land cover poses a challenge
identifying a satisfactory and still applicable sampling technique (e.g. using randomly located
quadrats of a specific size or mapping landslides over a portion of the area only). Fitting a
statistical susceptibility model within each lithological unit requires information on the landslide
density of each unit (Petschko et al. 2014b). Furthermore, the irregular shape and differing
landslide density e.g. from east to west of a lithological unit are challenging (Fig. 1, Fig. 6). In a
previous study we assessed the spatial transferability of landslide susceptibility models in
lithological units in Lower Austria (Petschko et al. 2014b). The spatial transferability is a
comparison of changes in the model performance dividing the sample of landslide and nonA-111

landslide points spatially in training and test samples (Townsend Peterson et al. 2007; Ruß and
Brenning 2010). This simulates the modelling of the landslide susceptibility in only one subarea
and applying it to the remaining area. Our results showed that the spatial transferability is very
different for each lithological unit and rather low in units with small sample sizes (Petschko et al.
2014b). Furthermore, the comparison of the median slope angles of derived main scarps and
mapped points showed differences of up to 6°. These examples illustrate the challenges of defining
an appropriate geospatial sampling design characterizing heterogeneous study areas. Moreover, in
this study the analysis using grid cells as terrain units was part of the objective.
Apart from that, the substantial completeness of the earth and debris slide points inventory might
be questioned. In agricultural land the vegetational and morphological footprint of landslides is
potentially removed naturally by erosion or anthropogenically rather quickly by farming or
remediation activities (Fiorucci et al. 2011; Bell et al. 2012). Therefore, the landslides are not
visible on the LiDAR imagery anymore. Accordingly, the point inventory might have a bias of
unknown extent towards underrepresenting landslides in agricultural, not forested, land (Bell et al.
2012; Petschko et al. 2014a; Petschko et al. 2014b). This is a further drawback of the limited
availability of multi temporal or event related LiDAR data. However, more detailed analysis is
necessary to assess the presence or absence of a potential bias in our study area.
The automated derivation of the main landslide scarp was performed using a 10m x 10m grid cell
size. Although the results are promising and rather satisfactory, the performance needs to be
assessed quantitatively and different grid cell sizes could be tested. Any prediction (or in our case
model to derive the main scarp) is of no value if its performance is not assessed (Chung and Fabbri
2003; Chung and Fabbri 2008; Fabbri et al. 2003). The geographical discrepancy of derived and
mapped main landslide scarps could be quantified on a raster base or by a method proposed and
adopted by Carrara (1993) and Galli et al. (2008). Facilitating this, the error index and the degree
of matching of the derived main landslide scarps could be determined quantitatively instead of
visually. Furthermore, using the derived scarps in subsequent analysis the possible introduction of
a bias into the landslide sample has to be considered, if the mismatch of the mapped and derived
main scarp is too big or not random.
The mapping (or usage) of points in the main landslide scarp leads to a limited representation of
the landslide process. However, modelling with one point (per landslide or scarp) only is a
standard method used in susceptibility modelling (e.g. Atkinson et al. 1998; Beguería 2006; Van
Den Eeckhaut et al. 2006; Felicísimo et al. 2012). Furthermore, it is common to use the main scarp
area only in the susceptibility analysis (Dai and Lee 2002; Fernández et al. 2003; Remondo et al.
2003; Santacana et al. 2003). This must be considered in the further usage of the inventory e.g. in
susceptibility modelling as the result only shows the probability of landslide initiation, not of the
run out (Petschko et al. 2014b). Assessing the entire landslide extent (e.g. for hazard or risk
analysis) the run out of the individual earth and debris slides has to be estimated. One possible run
out modelling solution was proposed by Tobler et al. (2013).
The proposed effectiveness estimate helped to assess the requirements of different analysis types
on the inventory in a structured way. Although it might be considered as rather subjective or
experimental, the resulting effectiveness estimate gave a good summary of the benefits and
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drawbacks of the respective inventory using it for different analysis types. This table on the
effectiveness estimate should help to identify priorities in assigning resources for landslide
inventory mapping, especially in large heterogeneous study areas.
Neither of the mapped landslide inventories is “perfect” for the listed analysis types as shown by
the effectiveness estimate. Analyzing landslide hazard and risk, more attributes to the landslide
polygons (e.g. trigger conditions, date of occurrence, consequences including caused damage) as
necessary for the analysis are missing (e.g. Fell et al. 2008). Additionally, the results and
discussion outlined limitations in the general representativeness of both mapped inventories due to
the performed mapping approach.
The effectiveness of the mapping might also be discussed or compared using the landslide
mapping rate per square kilometer (N/PM/km²). However, this estimate is not reliable comparing
study areas of different size. By extension, the size of areas with flat topography in the different
study areas is unknown. This has a huge influence on this rate, as in flat areas no landslides can be
mapped and consequently the rate is lowered substantially. Therefore, interpreting the
effectiveness measure is only feasible within the same study area. Another possibility would be to
consider only areas which can be prone to landslides a priori excluding flat areas from the study
area. Therefore, we did not compare the mapping effectiveness for using the one or the other
mapping method (e.g. aerial photographs, satellite imagery) as presented in Table 4 to map
landslides in large study areas.
What we did not include into the effectiveness measure is the quality of the final susceptibility
map (Petschko et al. 2014b). We assessed the change in the model performance and the
visualization of a susceptibility map with three classes using randomly sampled points in the entire
polygon or the main landslide scarp only in a logistic regression model in a previous study
(Petschko et al. 2013). The resulting area under the receiver operating characteristic curve
(AUROC) values were only slightly higher using points in the polygon than using points in the
main scarp. Additionally, the appearance of the classified landslide susceptibility maps was similar
(Petschko et al. 2013). The present study showed that this similarity can not be attributed to a
similar size of the rasterized landslide body and main scarp (Fig. 5). From this modelling
perspective, not only from the effectiveness estimate, we considered mapping the points in the
main scarp only as effective method still resulting in reliable classified susceptibility maps for
Lower Austria (Petschko et al. 2013).

7. Conclusions
Generally, in the best case the landslide mapping is performed briefly after a landslide event,
delineating landslide polygons and assigning as many attributes as possible. Similarly, the
availability of multi temporal data is required to analyze the potential bias of the landslide
inventory towards an underrepresentation in agricultural land. However, this is a question of
available resources (data, time and trained people), the study area size and the number of
landslides occurred in this area. The restricted (multi temporal) availability and high acquisition
costs are clear limitations of the LiDAR DTM used in this study. Nevertheless, the LiDAR DTM
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has proven to be of advantage for identifying and mapping landslide morphology also in forested
areas throughout Lower Austria.
We conclude that mapping points in the main landslide scarp only is the most effective landslide
inventory mapping method, in particular considering its usage in statistical landslide susceptibility
modelling deriving classified susceptibility maps for large and heterogeneous study areas.
However, the effectiveness estimate showed that on the long term perspective the mapping of
landslide polygons is beneficiary for upcoming hazard and risk analysis. The representative
mapping of landslide polygons within the lithological units was only partly successful. Therefore,
the testing of more sophisticated geospatial sampling methods, such as the quadrat method taking
into account the heterogeneity of the study area is strongly recommended.
We successfully implemented the automatic derivation of main scarps from polygons which helps
minimizing the resources needed for landslide mapping and increasing the mapping effectiveness.
However, a quantitative assessment of the mismatch is pending.
The proposed effectiveness estimate might be considered as rather experimental and subjective.
Despite this, it aims to help expressing the importance of an inventory for a specific analysis type
in a semi-quantitative way. Naturally, this effectiveness estimate can be expanded or adapted for
other analysis types as well. Moreover, if resources are limited and the subsequent analysis type is
defined, identifying or considering the listed requirements as done in assessing the effectiveness
estimate might be helpful to identify the most effective mapping method.
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Tab. 4 Details on the mapping area, scale, data source, number of investigators (P), time, person months (PM), number of landslides mapped (N), area mapping rate, area mapping and digitizing rate and landslide mapping rate of the inventories compared for the
inventories of this study with international examples published by Guzzetti et al. (2012). The original table of Guzzetti et al. (2012) was updated (marked with *), partly simplified to include sliding processes mainly (where replicable from the publications) and
additional information on the number of mapped landslides was added. It is distinguished between different types of inventory: G=geomorphological / historical inventory; E= event inventory; M= multi temporal inventory. Furthermore the type of imagery is stated:
AP = Aerial photograph; SI = Satellite images; LI = (airborne) LiDAR derivatives (Guzzetti et al., 2012). The time for digitizing an inventory mapped analogue on aerial photographs was only considered where the information was available in the publications.
Sources: (1) Cardinali et al. 1990, (2) Guzzetti and Cardinali 1989, (3) Antonini et al. 2002a, (4) Galli et al. 2008, (5) Cardinali et al. 2000, (6) Guzzetti et al. 2004, (7) Mondini et al., 2011, (8) Ardizzone et al. 2007, (9) Fiorucci et al. 2011, (10) Petschko et al. 2013
and this contribution, (11) this contribution, (12) Glade et al. 2012 and this contribution. + No information on single landslide polygons is available, only on areas affected by landslides.

ID

Study area

Size

Type

Scale

1

New Mexico, USA

2

Imagery

Investigators (P)

Time [Months]

Person months (PM)

[km²]
315,194

G

Production
1:100,000

Publication
1:500,000

Type
AP

Sets
1(2)

Mapping
2

Digitizing
n.i.

Mapping
18

Digitizing
n.i.

Mapping + digitizing
36

Umbria, Italy

8456

G

1:25,000

1:100,000

AP

1

2

1

9

2

3

Umbria, Italy

8456

G

1:10,000

1:25,000

AP

2(1)

4

4

28

5

1:33,000;
1:13,000;1:73,000
1:13,000; 1:33,000

4

Collazzone, Italy

79

M

1:10,000

1:10,000

AP

2

1

5

Umbria, Italy

1500

E

1:10,000

1:10,000

AP

1

1:20,000

2

6

Imperia, Italy

500

E

1:10,000

1:10,000

AP

2(1)

1:10,000

1:10,000

AP

2

1:13,000, 1:5000;
1:55,000
1:3500, 1:4500

7

Messina, Italy *

9.4

E

9.4

E

1:10,000

1:10,000

SI

2

0.6 m x 0.6 m

2

0.16

Scale/resolution
1:31,500; 1:12,000;
1:58,000
1:33,000

Number of
landslides
(N)

Area mapping
rate

9000

[km²/P/month]
8755

Area mapping
and digitizing
rate
[km²/P/month]
n.i.

20

5270

470

20

192

47414

5

1

11

n.i.

6

n.i.

2

n.i.

2

2.5

2

0.58

Landslide mapping rate

[N/PM]
250

[N/PM/km²]
0.0008

423

264

0.0312

100

44

247

0.0292

2564

8

7

233

2.9505

12

4000

125

n.i.

333

0.2222

n.i.

4

1204

125

n.i.

301

0.6020

0.16

1.8

821

6

5

463

49.2282

0.3

821

2545

270.755+

29

8

Collazzone, Italy

10

E

1:10,000

1:10,000

LI

1

2mx2m

1

2

2

47

5

24

2.3500

9

Collazzone, Italy

79

S

1:10,000

1:10,000

SI

2

1 m x 1 m,
0.5 m x 0.5 m

1

3

3

542

26

288

0.6793

10

Test districts polygons, Austria
Test districts points, Austria
Lower Austria

2073

G

1:2,000

1:10,000

LI

1

1mx1m

1

4

4

1834

518

459

0.2212

2073

G

1:2,000

1:10,000

LI

1

1mx1m

1

1.5

1.5

3994

1382

2663

1.2846

19,186

G

1:2,000

1:25,000

LI

1

1mx1m

5

3.2

16

13166

1199

823

0.0429

11
12
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cover data in statistical susceptibility modeling
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B. Tables
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Table B.1

Variable frequency of variables used linearly (N) or with a smoothing function (S) applying spatial k-fold cross validation (spCV) and k-fold cross
validation with random subsampling (CV). The grey shaded cells mark the variable usage in the global model used to compute the susceptibility map.

Homogeneous modelling domain

0124

spCV / CV
Count of variables used N or S

02297

spCV
N

CV

S

N

spCV

S

Slope angle

0 100

North versus South aspect

1

0

78

East versus West aspect

1

0

2

Catchment height

41

59

Curvature

21

0

Topographic wetness index

1

Catchment area (log)

2

Convergence Index (10)

10

N

0 100

CV

S

N

1

99

0

0

0

6

22

75

1

52
4

6

0

Convergence Index (50)

15

Permeability (0-20cm)

35

spCV
S

N

CV

S

N

3786

spCV

S

N

CV

S

N

39

spCV
S

N

CV

S

N

spCV

S

N

CV

S

N

0 100

S

92

8

30

70

2

98

51

14

19

75

8

79

49

51

0 100

0

3

0

35

1

28

8

0

0

47

2

47

2

0

0

7

2

17

2

0

10

4

3

0

0

3

3

2

3

1

2

0

1

0

1

2

2

0

3

0

99

0

24

1

5

0

0

76

10

86

49

0

27

68

30

5

33

11

2

21

2

5

0

1

1

1

8

0

39

1

81

7

14

2

1

0

7

1

23

1

23

5

13

1

12

94

3

73

26

24

76

2

92

11

10

6

1

55

2

1

1

16

0

5

3

57

13

3

7

0

1

31

42

48

38

17

7

15

6

4

27

8

54

12

3

29

47

35

1

88

3

94

5

1

1

18

3

12

2

2

0

23

10

40

31

22

7

19

4

0

37

0

5

3

0

16

20

3

1

1

0

8

56

1

8

77

92

3

20

3

0

0

8

45

9
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20

24

5

6

6

11

1

0

1

0

56

4

49

3

2

0

Permeability (min)

0

0

0

0

3

0

4

9

0

1

0

0

0

0

0

0

0

0

2

0

0

0

0

1

Void space (0-20cm)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

Void space (mean 0-100cm)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

20

0

9

6

0

87

0

5

29

4

0

0

10

0

2

3

7

3

0

2

52

48

62

38

6

53

5

90

0

77

11

4

6

84

0

0

94

6 100

0

69

13

2

0

0

88

0

91

Euclidian distance to tectonic lines
Euclidian distance to nappe
boundaries
Mean variable count
Variable count "global" model
Percentage of total count of
variables
Sum of count of variables (N+S)

4.28

4.71

4.61

4.33

6
31

69

427

5.4

7
32
471

68

19

81

3.79

5.07

6.34

5
84

458

433

16

63

37

540

3.68

3.56

7
55
379

45

47

53

510

6

4
40
634

60

63

38

368

6.16
6

62
352

38

38

62

600

613

Number of earth slides

222

196

329

177

52

428

Landslide density

0.3

0.05

0.12

0.81

0.42

0.29
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42

58

Homogeneous modelling domain

58~

spCV / CV
Count of variables used N or S

104

spCV
N

CV

S

N

120

spCV

S

N

CV

S

N

126

spCV
S

N

CV

S

N

179

spCV

S

N

CV

S

N

191*

spCV
S

N

S

N

spCV

S

N

CV

S

N

S

Slope angle

0 100

0 100

0 100

51

0

0 100

0 100

0 100

0 100

0 100

0 100

0 100

North versus South aspect

7

5

1

0

0

0

11

0

3

2

0

0

0

0

30

0

0

0

0

0

3

46

0

0

East versus West aspect

21

15

1

0

0

1

0

0

2

0

4

0

0

0

0

0

0

0

0

0

20

2

2

9

Catchment height

10

50

0

7

1

1

2

0

0

2

1

3

43

57

0 100

91

9

91

9

0 100

0 100

Curvature

37

63

1

82

0 100

0 100

0

69

0

98

0 100

0 100

0 100

0 100

0 100

0 100

Topographic wetness index

26

64

66

34

1

90

7

69

1

92

0 100

0 100

0 100

0

0

99

0 100

0 100

Catchment area (log)

5

0

11

6

4

4

0

19

0

30

2

0 100

0 100

0 100

0 100

0 100

0 100

Convergence Index (10)

1

79

69

24

87

5

39

61

2

98

0 100

0

0

21

0

99

0

11

0

0

Convergence Index (50)

3

0 100

CV

38

63

98

83

28

70

40

60

22

0

55

9

11

88

21

74

0 100

0 100

25

75

1

99

0 100

0 100

Permeability (0-20cm)

0

59

8

72

90

8

24

34

1

4

4

0

0

12

0

7

0

22

0

6

0

85

0 100

Permeability (min)

0

0

0

0

0

0

0

0

5

5

0

0

0

3

0

62

0

0

0

0

0

0

0

0

Void space (0-20cm)

0

5

2

1

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

Void space (mean 0-100cm)

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

0

Euclidian distance to tectonic lines n.a. n.a. n.a. n.a.
Euclidian distance to nappe
boundaries
n.a. n.a. n.a. n.a.

4

6

0

96

3

97

3

96

42

58

0 100

20

22

37
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72

1
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13

80

0
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Mean variable count
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Variable count "global" model
Percentage of total count of
variables
Sum of count of variables (N+S)
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7.26
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72
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9.2
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5
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0 100
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Number of earth slides
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1419

Landslide density
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0.39
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0.66

A-133

Homogeneous modelling domain
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S
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0
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0
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0
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0
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0
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5.21

7.86

7.61
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7
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6
20

786

761

80

40

60

403

4
41
414

59

62

38

452

47
461

88

586

227

52

0.76
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C. Maps

Figure C.1 Map of the Building Ground Register of the Geological Survey of Lower Austria. Source:
Geological Survey of Lower Austria

Figure C.2 Explanatory variable: catchment area
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Figure C.3 Explanatory variable: catchment height

Figure C.4 Explanatory variable: convergence index (10m radius)
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Figure C.5 Explanatory variable: convergence index (50m radius)

Figure C.6 Explanatory variable: Curvature
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Figure C.7 Explanatory variable: Euclidian distance to nappe boundary

Figure C.8 Explanatory variable: East versus West exposition (Eastness)
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Figure C.9 Explanatory variable: North versus South exposition (Northness)

Figure C.10 Explanatory variable: Permeability (0cm - 20cm)
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Figure C.11 Explanatory variable: Minimum permeability (0cm - 100cm)

Figure C.12 Explanatory variable: Slope angle
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Figure C.13 Explanatory variable: Euclidian distance to tectonic line

Figure C.14 Explanatory variable: Topographic wetness index
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Figure C.15 Explanatory variable: Void space (0cm – 20cm)

Figure C.16 Explanatory variable: Void space (mean 0cm – 100cm)
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D. German and English Summary

D.1. Zusammenfassung
Die Berücksichtigung gravitativer Massenbewegungen, insbesondere Rutschungen,
stellt eine besondere Herausforderung in der Raumordnung dar. In diesem Kontext
wurden Gefahrenhinweiskarten für gravitative Massenbewegungen als hilfreiche
Grundlage identifiziert, welche den Planungsprozess in der örtlichen Raumplanung
unterstützen kann. Diese Gefahrenhinweiskarten weisen flächendeckend drei
unterschiedliche Klassen aus. Jede Klasse entspricht einer Empfehlung zu
Maßnahmen, welche im Fall einer Widmung, bzw. vor einem Bauvorhaben seitens
der Gemeinde getätigt werden können. Diese Maßnahmen sollen dazu beitragen
unerwünschte Entwicklungsarten (Widmungsarten) zu vermeiden, bzw. möglichen
Schäden durch gravitative Massenbewegungen vorzubeugen.
Vor allem in Fällen wo Gefahrenhinweiskarten in der örtlichen Raumplanung zur
Anwendung kommen, ist eine Aussage über ihre Qualität und deren zulässigen
Interpretation unabkömmlich. Die Qualität einer Gefahrenhinweiskarte wird
maßgeblich durch die Eingangsdaten, allen voran dem Inventar zu gravitativen
Massenbewegungen, beeinflusst.
In der vorliegenden Dissertation wurden verschiedene Aspekte der Qualität
(Modellgüte,
thematische
Übereinstimmung
verschiedener
Modellläufe,
Übertragbarkeit des Modells auf andere Gebiete) einer Gefahrenhinweiskarte vor
allem mit quantitativen Methoden, wie der wiederholten mehrfachen
Kreuzvalidierung, untersucht. Speziell bei der Bearbeitung von sehr großen und
heterogenen Gebieten entstehen Herausforderungen bezüglich Datenverfügbarkeit,
beschränkter Ressourcen zur Kartierung und der Vergleichbarkeit der Gefährdung
in allen Bereichen des Untersuchungsgebietes. Diesen Herausforderungen wurde
mit Überlegungen zur größtmöglichen Effektivität bei der Kartierung von
Rutschungen und einem neuen Forschungsdesign zur statistischen Modellierung der
Rutschungsanfälligkeit eines Gebietes begegnet. Die Kartierung erfolgte auf Basis
von Schummerungen eines hochauflösenden digitalen Geländemodells. Die
Modellierung der Gefährdung wurde innerhalb geotechnisch und topographisch
homogener Teilgebiete durchgeführt. Die Vollständigkeit des Inventars und der
menschliche Einfluss auf die Auslösung von Rutschungen wurden mittels einer
Persistenzanalyse der Morphologie der Rutschung und der Abschätzung des
Einflusses von alten Weganalagen auf das Einzugsgebiet einer Rutschung beurteilt.
Zusätzlich wurden Unsicherheiten in der „Vorhersage“ der Rutschungsgefährdung
durch die Analyse ihrer Konfidenzintervalle bestimmt. Die Überlappung von
Gefährdungsklassen der Gefahrenhinweiskarten der vorhergesagten AuftretensWahrscheinlichkeit von Rutschungen und der Konfidenzintervalle der Vorhersage
wurde ermittelt. Diese Überlappungen entsprechen den räumlichen Unsicherheiten,
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welche auf einer Karte visualisiert wurden. Diese Visualisierung soll die
Kommunikation über Unsicherheiten in der Gefährdungsmodellierung mit den
Anwendern der Gefahrenhinweiskarte erleichtern bzw. eine Diskussion zum
zulässigen Ausmaß von Unsicherheiten ankurbeln.
Im Rahmen dieser Forschungsarbeit konnte eine effektive Methode zur Kartierung
von Rutschungen auf Basis des hochaufgelösten digitalen Geländemodells erarbeitet
werden. Das resultierende Inventar ist besonders auf die Anforderungen der
statistischen Gefährdungsmodellierung von heterogenen Gebieten abgestimmt. Die
Ergebnisse bestätigen die Entscheidung für das neue Forschungsdesign, da in jedem
homogenen Teilgebiet eine unterschiedliche Variablenauswahl zur besten
Charakterisierung der Rutschungsanfälligkeit geführt hat. Des Weiteren konnten
Unterschiede bezüglich der Modellgüte, je nach Größe der verwendeten Stichprobe
zum Modellieren festgestellt werden. Teilgebiete mit sehr großen Stichproben
zeigten eine geringere Spannweite der Validierungsmaße auf als Teilgebiete mit
kleinen Stichprobengrößen.
Die Darstellung der Überlappung von verschiedenen Gefährdungsklassen, welche
durch Berechnung der Konfidenzintervalle der Vorhersage ermittelt wurden, mit der
ursprünglichen Gefahrenhinweiskarte zeigen deutlich Bereiche mit sehr großen
Unsicherheiten aber auch mit sehr kleinen Unsicherheiten auf. Die Bearbeitung der
Fortpflanzung von Unsicherheiten der Eingangsdaten zu Unsicherheiten der
Modellierung ist eine der Perspektiven dieser Forschungsarbeit.
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D.2. Summary
Landslide susceptibility maps have been identified as powerful tool for the
identification of areas susceptible to landslides. As they provide spatial information
on the level of susceptibility these maps are very valuable for spatial planning
strategies.
The scope of this thesis was the statistical modelling of landslide susceptibility of a
large and heterogeneous area, including the preparation of an inventory with high
positional accuracy and the evaluation of different aspects of quality of the landslide
susceptibility map. Landslides of the type earth and debris slides were visually
mapped on the basis of high resolution LiDAR DTM derivatives. Assessing the
effectiveness of mapping landslides for statistical susceptibility modelling the
mapping of polygons and points was compared according to resources needed for the
mapping and the potential output. Furthermore, the persistence and relative age of
the landslide forms was assessed to estimate the incompleteness of the inventory
mapped solely using LiDAR DTM derivatives and the sustainability of using land
cover as explanatory variables.
The landslide susceptibility modelling was performed using generalized additive
models. Information on their quality is of high importance, as the final landslide
susceptibility maps may be implemented in spatial planning practices. The model
performance was assessed applying a repeated k-fold cross-validation, once with
random subsampling and once with spatial subsampling. This was done to estimate
the range of performance measures using different samples for the modelling and to
assess the transferability of the model. Furthermore, a good susceptibility model can
be described by a high thematic consistency, which selects similar sets of input
variables within each model run. As the study area was very large and
heterogeneous, as defined by a large range of lithological units and geotechnical
characteristics present in the area, a new study design had to be developed. This was
done to characterize the landslide susceptibility of the study area in its best possible
way and to allow for the comparison of the susceptibility throughout the study area.
The new study design included modelling within homogeneous modelling domains.
The uncertainty of the modelling result was visualized using the 95% confidence
intervals of the predicted probability of landslide susceptibility. These maps were
compared with the map of the predicted probability and overlaps of different
susceptibility classes were derived. The visualization of these class overlaps might
aid stakeholders in the interpretation of the uncertainties of a modelling result and
start the discussion about acceptable uncertainty levels.
With the applied methods it was possible to identify an effective landslide inventory
mapping method optimized for statistical landslide susceptibility modelling mapping
points in the main scarp. Furthermore, the quality of the landslide susceptibility
map was assessed quantitatively showing a different transferability and thematic
consistency depending on the modelling domain size and the sample size used within
the analysis. The visualization of the spatially varying prediction uncertainties was
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successful showing areas of high uncertainty and of low uncertainty. This allows the
identification of hot spots for future slope stability analysis with more detailed,
maybe physically based models.
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