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Abstract
Multi-temporal Landslide Inventories (MLI) are essential to increase understanding about evolutionary
processes of landsliding and have become a prerequisite for time-variant landslide susceptibility modelling.
However, until today only a handful of unique, rich and detailed MLI are available for the long run (>15 years)
worldwide. To create more MLI, current knowledge, tools and techniques as used in mono-temporal landslide
mapping need to be investigated.
The overall objective of this thesis is to find out how MLI can be created using visual interpretation of satellite
imagery. It answers two questions to meet this objective: 1) Which satellite data sources can be used for visual
interpretation to create MLI? Through literature research, an overview was obtained on which freely accessible
satellite data sources can be used for visual interpretation to create MLI. And 2) For the Collazzone study area
in Italy, what are the differences between the existing MLI created by multiple sources and a MLI created by
visual interpretation of satellite imagery only? World’s richest MLI contains 17 time-slices of this study area.
Using only freely accessible satellite imagery of this study area, a second MLI was created through pseudostereoscopy. Resulting MLI was compared with the existing MLI for validation.
Visual interpretation through pseudo-stereoscopy of solely freely accessible satellite imagery identified only 441
out of 1567 known landslides, with total landslide surface area of underidentifications nearly twice as high as of
overidentifications. While time-slices of the existing MLI are timed shortly after landslide-triggering events,
time-slices created from freely accessible imagery were not. It is therefore expected that, with proper timing by
means of purchasing imagery, more satisfactory MLI can be created. The low identification performance
contrasts with published work that inventoried landslide types that leave more easily detectable signatures and
at landslide prone areas with less spatial complexity than in the Collazzone area. As to date, for such areas and
landslides, MLI of 15 years at max can be created. Future research should investigate the potential of methods
that exploit parts of the electromagnetic spectrum other than the visual window and of non-heuristic methods
for the creation of MLI.
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1 Introduction
This introduction chapter presents a background on landslides, landslide types and research, landslide
susceptibility modelling and requisite inventory mapping for those unfamiliar in the field first. Next, it signifies
a knowledge gap present in current landslide research that raises the objective of this research. At the end of
the chapter, I will introduce the research questions that this thesis answers.
_________________________________________________________________________________________
1.1
1.1.1

Background
Research, types and susceptibility modelling of landslides

Landslides are a major type of natural disaster which annually cause billions of dollars and thousands of deaths
over 240 countries worldwide (Korup & Clague, 2009; Stokes et al., 2013; RedCross, 2015). Because of the
danger that landslides trigger for human survival and its environment, directly and through tail-end effects
(Guzzetti, 2000; IGOS, 2004; Nadim et al., 2006; Stokes et al., 2013), landslide research interfaces with
engineering-, environmental- and social sciences. Their research improves disaster management of landslides,
minimising the destructive effects. Landslide research has therefore been an area of interest for geomorphologists
already since the first half of previous century (Galloway, 1906; Griggs, 1920; Preobrajensky, 1920; Benson,
1940; Grater, 1945), and has not lost any attention ever since (Sassa et al., 2007). In the second half of previous
century, landslide research has evolved by revealing landslide types, characteristics and intrinsic and
environmental triggering factors (Carrara et al., 1977; Varnes, 1978; Crozier 1986; Cruden & Varnes, 1996;
Carrara et al. 1999). With this as foundation, research has been able to shift to current rapid trends and
developments in monitoring and especially modelling of landslide susceptibility and hazards in various ways
(Barredo et al. 2000; Van Westen et al. 2003; Guzzetti et al. 2005; Braakhekke, 2007; Ruff & Czurda 2008;
Yeon et al. 2010; Samia et al., 2018).
Landslides are movements of a mass or rock, debris or earth down a slope in response to gravitational forces,
modifying the surface of the earth (Varnes, 1958; Cruden & Varnes, 1991). They are a component of the
continual levelling of the surface features of the earth, referred to as the erosion process. Landslides occur not
exclusively on the terrestrial surface of the earth, but also subaquatious and even extraterrestrial (Brunetti et al.,
2009). The most common and updated system of landslide classification of Hungr et al. (2012) distinguishes 32
types of rock falls, topples and a variety of slumps and slides to flows of different materials, see Appendix 1.
Based on this classification, in this research the term landslide will be used to describe any terrestrial shallow
landslide only (Figure 1), unless specific reference is made to another type. Typically, landslides are triggered
by a combination of extreme natural events and human activities, such as deforestation and intensive land use
(Crozier, 1986; Selby, 1993; Dai & Lee, 2002). Examples of triggers for landslide occurrence are earthquakes,
intense and prolonged rainfall or snowmelt, tsunami’s and volcanic eruptions. Rainfall and snowmelt events are
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the largest contributor globally in terms of event scale, impact and frequency and trigger shallow landslides in
particular (IGOS, 2004). Hence, landslides studied in this research are rainfall or snowmelt triggered only.

Figure 1. Shallow planar slide-earthflow, Campania Region, Italy. This type of shallow landslide is triggered
by prolonged rainfall- or snowmelt (Photo by O. Hungr).
Landslides typically occur in mountainous areas that have a poor accessibility (Crozier, 1986). Landslide
susceptibility is the probability of landslide occurrence in an area based on a set of conditioning attributes (e.g.
morphology, geology, soil), solely providing an assessment of where a landslide is likely to occur (Brabb, 1984).
Hence landslide susceptibility is a time-invariant concept. From that aspect it differs from landslide hazard,
which considers the temporal probability of landslide occurrence (Samia et al., 2018). Both landslide
susceptibility and hazard can be modelled to overcome the accessibility barriers in landslide prone areas.
Approaches applied in such models always involve estimating the relation between a generally large set of
conditioning attributes on one hand and the presence or absence of landslides on the other (Samia et al., 2018).
While landslide susceptibility modelling has been applied through a variety of methods for over two decades,
landslide hazard modelling has only recently been applied (Samia et al., 2018). To do so, a new concept for
landslide modelling that includes the local, transient effects of previous landslides on susceptibility had to be
defined (Samia et al., 2017a) and quantified (Samia et al., 2017b). Regardless of whether landslide susceptibility
or landslide hazard is modelled, a prerequisite for the modelling is landside inventory mapping (LIM) (Cardinali
et al., 2002; 2006; Van Westen et al., 2006; 2008; Bălteanu et al., 2010; Guzzetti et al., 2005; 2006a; 2006b;
2012; Arbanas and Arbanas, 2015; Yu & Chen, 2017), which is defined as the identification, documenting and
mapping of landslides.
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1.1.2

Landslide inventories and their requirements

IM originates from the previous century (Benson, 1940; Grater, 1945; Varnes, 1978; Brunsden, 1993). It has
evolved from visual interpretation methods involving fieldwork surveys and aerial imagery interpretation into
modern methods involving manual, semi- or even fully automatic landslide detection using a variety of remote
sensing products (Guzzetti et al., 2012). LIM produces landslide inventory, which is a register of the distribution
of landslides and their characteristics (Hervás, 2013). They are not only used in geomorphology but also in
overlapping fields such as engineering-, environmental- and social sciences (Guzzetti et al., 2000). Despite the
wide attention for landslide inventory mapping (see Ch 1.1.1), criteria for LIM and quality evaluation remain
poorly defined (Soeters & van Westen, 1996; Guzzetti et al., 2000; van Westen et al., 2006; 2008). This has
three effects on the components of a landslide inventory.
Firstly, no standards exist for the legend of a landslide inventory. As a result, landslide inventories are often
altered (adding-, deleting-, splitting- and merging classes) for refinement purposes during the course of LIM
(Guzzetti et al., 2012). Efforts to resolve this are however being made. Based on existing literature, Golovko et
al. (2015) published a Table that provides an overview of the minimally required landslide attributes per level
of detail, see Appendix 1.
Secondly, no standards exist for the landslide inventory accuracy, which depends on the completeness1 of the
map and the geographical and thematic correctness of the information shown (Galli et al., 2008). In attempts to
quantify this accuracy, statistical properties have been associated to landslide inventory. These so called
frequency-area statistics are used to obtain criteria to check the completeness of an inventory, and have already
been studied to detail (Wood et al., 2015). These are retrieved from a model that estimates the probability of
occurrence of landslides of a given size as part of landslide inventory. For further explanation on the criteria for
these statistics, see Appendix 1. Despite studies on landslide frequency-area statistics, fixed standards for
accuracy of a landslide inventory remain poorly defined (Guzzetti et al., 2012).
Lastly, landslide inventories may require additional components besides those described by Golovko et al.
(2015) and Wood et al. (2015). These additional components depend on the purpose of the concerned landslide
inventory. Asides from (i) being a prerequisite for landslide susceptibility modelling, landslide inventories may
have three other purposes. These are, as summarised by Guzzetti et al. (2012):
“(ii) documenting the extent of landslide phenomena in areas ranging from small to large watersheds (e.g.,
Cardinali et al., 2001), and from regions (e.g., Brabb and Pampeyan, 1972; Antonini et al., 1993; Duman et al.,
2005) to states or nations (e.g., Delaunay, 1981; Radbruch-Hall et al., 1982; Brabb et al., 1989; Cardinali et
al., 1990; Trigila et al., 2010), (iii) to investigate the distribution, types, and patterns of landslides in relation to
morphological and geological characteristics (e.g., Guzzetti et al., 1996a), and (iv) to study the evolution of

1

“Completeness refers to the proportion of landslides shown in the inventory compared to the real (and most of the time

unknown) number of landslides in the study area. It is related to the size of the smallest landslide consistently portrayed in
an inventory, an information that is rarely provided with a landslide map.” (Guzzetti et al., 2012)
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landscapes dominated by mass-wasting processes (e.g., Hovius et al., 1997, 2000; Malamud et al., 2004a,b;
Guzzetti et al., 2008, 2009a; Parker et al., 2011).”
Based on these purposes, landslide inventories have been classified by their scale and type of mapping (Guzzetti
et al., 2000; Galli et al., 2008; Guzzetti et al., 2012). Distinction can be made between archive inventory and
four types of geomorphological inventory:
-

Archive inventory: prepared by collecting historical information on landslide events from literature and other
archive.

-

Historical inventory: showing the cumulative effects of many landslide events over a long (10-1000’s of years)
period, where landslide age is either defined in relative terms (i.e. recent, old, extinct, or re-activated) or not at
all.

-

Event inventory: where date of the landslides corresponds the date (or period) of the triggering event. One event
inventory is in this research referred to as a time slice (TS).

-

Seasonal inventory: shows landsides triggered by single or multiple events during a single season, or a few
seasons. Here the date (or periods) of the landslides is attributed based on the date (or periods) of the triggers
and the date of the imagery or the field surveys carried out to compile the inventories.

-

Multi-temporal inventory (MLI): recording the distribution of landslides in space and time in different TS.
Poorly described criteria are a weakness for any type of map, yet for landslide inventory maps they are extra
crucial. The reason for that is that limitations of landslide inventory refer to their subjectivity and to the difficulty
of measuring their reliability especially. As summarised by Guzzetti (2000), inventory reliability is dependant
on seven factors:
“the type and scale of the aerial photographs used; the experience and skill of the interpreter; the scale of the
final map; the complexity of the geological, morphological, and land-use setting; and the persistence of landslide
morphology within the landscape (Carrara and others 1992, Fookes and others 1991, Mulder 1991, Rodolfi
1988, Hansen 1984b, Roth 1983, Rib and Liang, 1978).”
Accordingly, when working with a landslide inventory it is crucial to trace back and to always take into account
how the LIM was performed.
1.1.3

Inventory mapping

The combination of purposes that a landslide inventory can have determines the selection of specific techniques
and methods to create inventory (Guzzetti et al., 2012). Since the type of the inventory is correlated to this
combination (see Ch 1.2.2), one would expect that there is much consistency in methodologies for LIM. In
reality the opposite is true. In the work of Guzzetti et al. (2012), a systematic review of the literature on LIM
was not attempted simply because the variety of methodologies is too large (Guzzetti, 2006b; Gokceoglu and
Sezer, 2009).
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There are two reasons for the wide variety of methodologies for LIM. Firstly, there are more factors that
influence the methodology for LIM other than the combination of purposes that a landslide inventory can have.
Extent of the study area, scale of available base maps, scale, resolution and characteristics of the available
imagery (not limited to optical window, see Appendix 2), skills and experience of the geomorphologist(s) and
resources available to complete the work too influence the methodology (Guzzetti et al., 2006b; Van Westen et
al., 2006). These factors are identical to factors for the accuracy of a landslide inventory (Guzzetti et al., 2012),
which because they lack in standards (see Ch 1.1.2) cause dispersion in LIM methodologies. Secondly, “high
tech” remote sensing techniques with an unjustified preference by geomorphologists as described by Guzzetti et
al. (2000) have nowadays been developed into a range of successful LIM methodologies because of recent
technological advancements. Nevertheless, it remains possible to make a categorisation of the wide variety of
LIM methodologies between either:
-

heuristic: methodologies completely depending on subjectivity of the creator(s) through e.g. fieldwork or
interpretation of remote sensing imagery of any window (see Appendix 2). Heuristic methodologies tend to cost
a lot of time, but are effective for any type of study area; or

-

non-heuristic: methodologies partly or fully relieved from subjectivity of the creator(s) through semi- or fully
automated methods such pixel based (Marcelino et al., 2009; Martha et al., 2009; Moosavi et al., 2014) or object
oriented (Martha et al., 2009; Lu et al., 2011; Stumpf & Kerle, 2011; Moosavi et al., 2014; Feizizadeh et al.,
2017) approaches. These methods are effective where the event (either recent or reactivated) landslides leave
distinct contrasting signatures, chiefly in forested terrain (e.g., Mondini et al., 2013), in tropical and equatorial
areas (e.g., Nichol et al., 2006; Borghuis et al., 2007; Tsai et al., 2010; Yang & Chen, 2010; Mondini et al.,
2011), and in arid or sub-arid environments where the vegetation cover is sparse.
The variety of methodologies for LIM counts in for all inventory types. This has led to an increase in available
inventories of all types (see Ch 1.1.2) except for one, the MLI. Regarding this shortage, Samia et al. (2017a)
wrote that:
“A likely reason for the lack of attention for quantifying the effect of earlier landslides on future landslides is
that MLI are very difficult to obtain (Atkinson and Massari 1998; Brenning 2005) and high-resolution multitemporal datasets of intrinsic properties are virtually absent”.
Until today thereare only a handful of unique, rich and detailed MLI available for the long run (>15 years)
worldwide (Gao & Maro, 2010; Ardizzone et al., 2013; Golovko et al., 2015; Schlöger et al., 2015a; Tang et al.,
2016) whose components fulfilled inventory purposes (see Ch 1.1.2). Moreover, until today only one of these
MLI (Ardizzone et al., 2013) has fulfilled the inventory purpose of being a prerequisite for landslide
susceptibility modelling (Samia et al., 2018). At the same time, MLI are essential to increase understanding of
evolutionary processes of landsliding (Guzzetti et al., 2012). Furthermore, multi-temporal behaviour of
landslides by changing the surface morphology (Schuster & Highland, 2003), the sediment or regolith properties
(Chen 2009), the vegetation (Singh et al., 2014) and the slope angle (van Westen et al., 2006) have been studied
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and known for a while. This has led to the need of incorporating the knowledge on this behaviour in future
landslide susceptibility modelling.
1.2
1.2.1

Problem definition
Scope

Conventional landslide susceptibility modelling is a time-invariant concept, but studying MLI made it possible
to include landslide hazard (see Ch 1.1.1) in the definition. Using one of the only detailed MLI known in
existence (Ardizzone et al., 2013), a path dependency effect among landslides was found (Samia et al., 2017a).
This MLI covers the Collazzone region of Umbria, Italy and has to date been the only MLI that led to landslide
susceptibility modelling (see Ch 1.1.3). A landslide path dependency effect explains that earlier landslides partly
determine susceptibility for future landslides. Samia et al. (2017b) subsequently quantified this effect for
landsliding in the Collazzone area and found that an increased susceptibility caused by earlier landslides is
reduced to about a quarter of its magnitude after ten years and is insignificant after ~25 years. Therefore, research
on landslide path dependency requires an MLI of a region with an extent of at least 15 years. Consecutively,
Samia et al. (2018) were able to amend landslide susceptibility modelling with path dependency variables. While
on one hand such variables should be incorporated in future susceptibility modelling in other regions,
prerequisite MLI are unavailable. This highlights the need for MLI and the lack of resources in LIM
methodologies to create them.
1.2.2

Research questions

The overall objective of this thesis is to find out whether and how multi-temporal landslide inventories can be
created using visual interpretation of satellite imagery. Therefore the main research question is stated as
following:
Can a multi-temporal landslide inventory of at least 15 year extent be created based on satellite
imagery?
I aim to answer this question using the following secondary research questions:
Research question 1
Which satellite data sources can be used for visual interpretation to create multi-temporal
landslide inventory?
Research question 2
For the Collazzone study area in Italy, what are the differences between the existing multitemporal landslide inventory created by multiple sources and an inventory created by visual
interpretation of satellite imagery only?
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2 Methods
This second chapter presents how the two different research questions are answered to meet the objective of this
thesis. Firstly methodology the literature review used to answer the first research question will be described.
Next, I will introduce the study area and data used to answer the second research question. Lastly, the methods
used to create and validate multi-temporal inventory are described. Because of the chronological order of the
research questions, this chapter is divided per research question.
_________________________________________________________________________________________
2.1

Research question 1
Which satellite data sources can be used for visual interpretation to create multi-temporal landslide
inventory?

To answer this research question, I needed to conduct a thorough literature review on which satellite sources
have already been used in LIM. Simultaneously, I had to narrow the sources found to those who have potential
for visual or heuristic interpretation methods, and finally to which ones can be freely available. I decided to only
focus on MLI creation by visual interpretation of satellite imagery because of four reasons:
-

Although methodologies involving non-heuristic methods have been successfully used in LIM, they still have
their limitations (Yu & Chen, 2017). The study area that is covered by the only MLI that was a prerequisite for
hazard modelling (Ardizzone et al., 2013; Samia et al., 2018) is for example too complex for such approaches
in their current state of development (Ardizzone, personal contact 2017). Its landscape complexity shows on
satellite imagery both to spatial (e.g. dense road network that is diverse in terms of spectral signature, scattered
agricultural plots, forests and buildings, outcrop of different layers) and to temporal (e.g. seasonal crop rotation,
annual crop and land use rotation, construction activity) extent.

-

The number of experienced aerial imagery interpreters is declining rapidly (Guzzetti et al., 2012). Satellite
imagery interpretation, which can provide equivalent results (Scaioni et al., 2014), has potential to substitute
this deficit.

-

Visual interpretation of satellite imagery benefits from the recent improvements in spatial, radiometric and
temporal resolution (Guzzetti et al., 2012). Particularly temporal resolution is expected to be important in the
creation of MLI.

-

The given time frame of this thesis is too limited for using non-heuristic approaches and more complex preprocessing of imagery outside of the visual window (see Appendix 2).
From preliminary literature research it is known that satellite sources with spatial resolution coarser than 10m
are likely insufficient (Mantovani et al., 1996; Nichol et al., 2006;; Murillo-García et al., 2014a Casagli et al.,
2016). However, I expected that non-heuristic techniques have slightly lower requirements in spatial resolution
of the satellite imagery. In the literature review I therefore included literature in which methods other than visual

15
interpretation are described. I also looked into satellite imagery that that may have been combined with any of
the following datasets in literature:
-

Textual records (newspapers, logbooks, interviews, luminescence dating records etc.)

-

Previously-made landslide inventories (verbal descriptions, tabular data, logbooks, analogue maps, digital maps
etc.)

-

Aerial imagery (photos in panchromatic and RGB, thermal, LIDAR etc.)

-

Geo-information files and WEB portals (shapefiles, Bing Maps, Mapbox etc.). From earlier work I learned that
Google Earth in particular has made LIM possible (Sato and Harp, 2009; Dagdelenler et al., 2014; Voermans,
2016).

-

Remote sensing products (multi-spectral HR products, RGB VHR products, SAR products etc.)

-

Other auxiliary information (land use and topographic maps, information on landslide triggering events and
remaining unmentioned information. The first two can be used to exclude certain areas from the analyses, but
also to incorporate seasonality in terms of changes in tree leaf coverage, crop growth stage and coverage. The
third includes seismic information, newspapers or other media and meteorological data, on precipitation for
rainfall-triggered landslides, on temperature for melting event-triggered landslides etc.)
Keeping these additional information sources in mind, I judged the satellite sources represented in the literature
for their potential in LIM through visual interpretation. While doing so, I focussed on how the methodologies
described in literature dealt with the timing of used imagery in relation to the following points: cloud coverage,
snow coverage, reflectance or shadow, seasonality (e.g. tree leaf coverage and crop stages), landslide triggering
events (e.g. rapid snowmelt, intense and prolonged rainfall) and other artefacts. I also included the possibilities
for reaching finer resolutions. This can for example be achieved using pan-sharpening, which fuses panchromatic
and RGB imagery together (Scaioni et al., 2014).
Accordingly, a total of 139 literature sources were consulted. A share of literature sources presented
methodologies involving similar imagery sources or LIM methods. Literature sources were subdivided into the
following categories: a) Previously carried out literature reviews on LIM; b) Literature without LIM; c)
Literature on LIM without using satellite imagery; d) Literature on LIM by non-heuristic methods on satellite
imagery; e) Literature on LIM by visual interpretation of satellite imagery; and f) Literature where MLI created
by visual interpretation of satellite imagery. Although thorough review on the subjectivity and reliability of each
imagery source and inventory found upon is impossible (see Ch 1.1.3), I wrote a more elaborate description of
the more important literature sources per category. Also, I compiled all satellite sources that I judged as suitable
for LIM through visual interpretation. For those satellite sources that are in some way freely accessible, I
additionally investigated the required steps to obtain imagery from them. Complementary to figures presented
in the results chapter, Appendix 3 presents information about these satellite sources, the steps to possibly obtain
them for free and the description of the most relevant consulted literature per category (Smith, 1943; Colwell,
1960; Miller, 1961; Thompson, 1966; Rib & Liang, 1978; Van Zuidam, 1986; Pike, 1988; Brunsden, 1993;
Mantovani et al., 1996; Soeters & Van Westen, 1996; Haugerud et al., 2003; Paine & Kiser, 2003; Cardinali et
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al., 2006; Cheng et al., 2004; Haeberlin et al., 2004; Schulz, 2004; Roessner et al., 2005; Metternicht et al., 2005;
Barlow et al., 2006; Nichol et al., 2006; Weirich & Blesius, 2006; Guzzetti et al., 2006a; Ardizzone et al., 2007;
Borghuis et al., 2007; Crowder, 2007; Lin et al., 2007; Schulz, 2007; Van Den Eeckhaut et al., 2007; Bajracharya
& Bajracharya, 2008; Galli et al., 2008; Booth et al., 2009; Haneberg et al., 2009; Marcelino et al., 2009; Martha
et al., 2009; Sato & Harp, 2009; Bussmann & Anselmetti, 2010; Gao & Maro, 2010; Moine et al., 2010; Saba et
al., 2010; Alkevli & Ercanoglu, 2011; Ardizzone et al., 2011; Fiorucci et al., 2011; Probert, 2011; ; Razak et al.,
2011; SafeLand, 2011; Sisak, 2011; Guzzetti et al., 2012; Allum, 2013; Ardizzone et al., 2013; Othman &
Gloaguen, 2013; Smith et al. 2013; Bardi et al., 2014; Chen et al., 2014; Dagdelenler et al., 2014; Del Ventissette
et al., 2014; Wasowski and Fabio, 2014; Lillesand et al., 2014; Kiseleva et al., 2014; Murrilo-García et al., 2014a
Murrilo-García et al., 2014b; Scaioni et al., 2014; Golovko et al., 2015; Lazecký et al., 2015; Roberts-Pierel et
al., 2015; Santangelo et al., 2015; Schlöger et al., 2015b; Taylor et al., 2015; Casagli et al., 2016; Catini et al.,
2016; Di Martire et al., 2016; Fuller et al., 2016; LaHusen et al., 2016; Tang et al., 2016; Voermans, 2016; Barla
et al., 2017; Bovenga et al., 2017; Novellino et al., 2017; Roback et al., 2017; Yu & Chen, 2017).
2.2

Research question 2

For the Collazzone study area in Italy, what are the differences between the existing multi-temporal
landslide inventory created by multiple sources and an inventory created by visual interpretation of
satellite imagery only?
This research question will be answered in three phases: 1) Collection of all free imagery resulting from research
question 1 that covers the Collazzone study area; 2) Identification of landslides in collected imagery based on a
created identification framework, including required pre-processing, and; 3) Validation of all identified
landslides from the created TS by comparing them with TS from the existing MLI. Before describing these
phases, I will introduce the Collazzone study area and its existing data on which concerning methodology is
applied first.
2.2.1

Study area and data

The Collazzone area is located in central Umbria, Italy (Figure 3) and extents for 78.9km2. Elevation ranges
from 145 to 634m above sea level, while slopes are found from 0° to 63.7° with a mean value of 9.9° (Servizio
Geologico Nazionale, 1980; LAMPRE, 2017). A 10 x 10m digital elevation model (DEM) of the study area is
available (see Appendix 4) from which these values were computed. The high range of slopes can particularly
be found in the asymmetrical valleys that are present thanks to the lithology and attitude of bedding, controlling
the different slopes in the hilly terrain. Rock outcrops exist of sedimentary material only, including (1) alluvial
deposits, Holocene in age; (2) travertine, Pleistocene in age; (3) continental deposits (gravel, sand and clay),
Plio–Pleistocene in age (Guzzetti et al., 2006a); (4) layered sandstone and marl, Miocene in age and (5) thinly
layered limestone, Lias to Oligocene in age (see Appendix 4). Croplands, forests, urban areas, pastures,
vineyards, orchards and water are the land uses present in the area (see Appendix 4). The present agricultural
activities associated with the land use favour the development of slope failures and erosion (Trezzini et al.,
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2013). Soil thickness ranges from a few decimetres to more than 1m with fine or medium texture (Fiorucci et
al., 2015). Characterised by cold and moist winters and dry summers, these soils have a xeric moisture regime.
The region knows a mean annual rainfall of 841mm in the period from 1951 to 2013, where precipitation is most
abundant in October and November. Every 2-3 years precipitation comes in the form of snow fall. Therefore,
next to intense and prolonged rainfall, rapid snowmelt too triggers the landslides that are abundant in the region.
These landslides range in age, type, morphology and volume from relict—partly eroded—large and deep-seated
landslides, to young, mostly shallow landslides involving the soil mantle. (Ardizzonne et al., 2013)
Figures 2 a-f show landslides in the study area during the summer of 2016. Slow movement of earth is visible
by the many patches that have been done on the road and by the cracks that keep reappearing in Figure 2a. The
house in Figure 2b has cracks, caused by earth movements. The slow but steady loss of land by small
landslides are visible within an agricultural field in Figures 2c and 2d. Figures 2e and 2f show close-up
photographs of a landslide within an agricultural field. This causes two negative results; harvest will be lost in
that area and the soil has to be ploughed again to remove the landslide. (Weerman, 2017)
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Figure 2a-f. Landslides in Collazzone study area during the summer of 2016. Photos are taken by Jalal Samia,
2016.
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Landslides have been documented and mapped in the Collazzone area by CNR–IRPI, forming a unique MLI
that covers more than 50 years (Figure 3). This has made numerous landslide susceptibility and hazard
assessments possible (Cardinali et al., 2006; Guzzetti et al., 2006a; Ardizzone et al., 2007; Galli et al., 2008;
Guzzetti et al., 2009; Fiorucci et al., 2011; Ardizzone et al., 2013; Santangelo et al., 2015; Samia et al., 2017a;
2017b; 2018; Fiorucci et al., 2018). Some of these involved susceptibility and recently even hazard modelling,
where also auxiliary data (see Appendix 4) was involved. Concerning maps are characterised by a dense spatial
variation (mostly between mostly forested and arable areas), resulting in a high level of interjacency2 of
landslides. No remaining available auxiliary information has ever been used in the assessments. There is data
available on the spatial variation of soil moisture, but correlations with landsliding and existing auxiliary data
are lacking (Brocca et al., 2005). Moreover, soil-water conditions do not only cause different types of landslides
but also other geohazards such as rill and gully erosion and rockslides where outcrops of geological layers are
found.

Figure 3. The Umbria region of Italy (right map) where the Collazzone study area (left map) is located.
On a shadow relief image (coordinate system EPSG:32633), the entire MLI containing 17 TS is displayed.

2

The relative count number of landslides that cover multiple features of auxiliary data instead of a single one, e.g. a landslide that

covers both Arable and Grass in land use instead of covering Arable only.
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Adapted from Samia et al. (2017a). For maps of underlying auxiliary information available of the study
area, see Appendix 4.
A total of 3070 landslides that have occurred from the year 1937 until 2014 have been mapped, forming a rich
and detailed MLI (Table 1). It has been tested for its subjectivity and reliability (see Ch 1.1.2) and acknowledged
to be of high quality (Malamud et al., 2004; Galli et al., 2008). Initially the inventory was prepared at scale
1:10,000 through the visual interpretation of sets of stereoscopic aerial photographs, taken unsystematically in
the period 1941–1997 at scales ranging from 1:13,000 to 1:33,000. LIM continued in the period from 1999 to
December 2005 through field surveys carried out after periods of prolonged rainfall or rapid snowmelt. TS from
2010 onwards were created using stereo satellite imagery with 0.5m spatial and panchromatic spectral resolution
(Ardizzone et al., 2007; Fiorucci et al., 2011; Ardizzone et al., 2013). Methods involving SAR have only been
applied for landslide movement monitoring and not for LIM. In 2015 there was a second Lidar mission that
covered the study area, yet the data still is under process so no multi-temporal analysis can yet be done
(Ardizzone, personal contact 2017). Also, semi- or automated methods have not been applied to the area because
of its spatial complexity. The area consists mostly of small to medium-sized agricultural parcels, where not only
seasonality but also annual crop rotations dominate temporal changes that are visible in the imagery. Such spatial
and temporal patterns are to date too complex for non-heuristic methods. In addition, such technologies were
not available until recently (Atkinson and Massari 1998; Brenning 2005). This limits these new trends in LIM
to a short time span, and resulting inventories often contain landslides that occurred over a longer period or in
response to several events instead consisting of one or more distinguishable TS. From such inventories, it is not
possible to estimate the time-dependent effect of landslides on landslide susceptibility, which may lead to biased
susceptibility and hazard modelling (Samia et al., 2017a). The MLI is therefore entirely based on visual
interpretation of auxiliary and legacy data, aerial and satellite imagery and field surveys. Landslide occurrence
after 2014 is insignificant (Ardizzone, personal contact 2017).
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Table 1. The 17 TS that make up the MLI of the Collazzone study area, chronologically sorted by their temporal
coverage, including number of landslides (in #), landslide density (in #/km2), total affected area (in km2) and
LIM method used. Periods of temporal coverage are estimated from the date of the aerial photographs and the
morphological appearance of the landslide. Table adapted from Ardizzonne et al. (2013).

Temporal
coverage
1937 – 1941
1941 – 1954
1954
1954 – 1977
1977
1978 – 1985
1985
1986 – 1997
1997
1999 – 2000
Apr-04
Dec-04
Dec-05
Mar-10
May-10
Apr-13
Apr-14

2.2.2

Landslide Total area
landslides
Landslides density
2
(#)
(#/km )
(km2)
706
8.86
4.09
63
0.79
0.42
97
1.23
0.71
409
5.18
1.49
252
3.19
0.69
105
1.33
0.62
135
1.71
0.45
63
0.79
0.27
413
5.23
0.78
17
0.21
0.07
71
0.89
0.27
154
1.94
0.38
62
0.90
0.18
158
2.00
0.29
55
0.69
0.09
99
1.24
0.12
217
2.73
0.28

Type of
inventory
Aerial
Aerial
Aerial
Aerial
Aerial
Aerial
Aerial
Aerial
Aerial
Fielwork
Fielwork
Fielwork
Fielwork
Satellite
Satellite
Satellite
Satellite

Collected imagery

Results from literature review (see Ch 2.1) provided an overview of all freely accessible satellite sources that
proved to have potential for MLI creation. From these satellite sources, I collected as many images covering the
Collazzone study area as possible. However, despite the range of freely accessible imagery through application
for licenses (see Appendix 4), their spatial coverage was often limited to only a part of the study area if ever
covering at all. Also, one of the major imagery providers with good coverage of the study area rejected the
application for imagery, see Appendix 5. In addition, due to licensing restrictions CNR-IRPI were unable to
share purchased imagery that they previously used for stereoscopy to amend the MLI of the Collazzone area
(Ardizzone et al., 2013). These factors led to a limited range of satellites with spatial coverage of the study area
(Figure 4). While satellites with potential for LIM generally start at spatial resolution of at least 10m (Mantovani
et al., 1996; Nichol et al., 2006; Murillo-García et al., 2014a; Casagli et al., 2016), I assumed that because of the
spatial complexity of the Collazzone study area (see Ch 2.2.1) this resolution is insufficient. Therefore, in the
process I started with collecting only one image of this resolution. This was provided by the The SPOT-4
satellite, other satellites do provide similar resolution but only in later years (LISS-3, EO-1 and Sentinel-2). I
started off the same way with imagery of 3m spatial resolution and coarser, which were available from the
RapidEye and Planetscope satellites. Furthermore, not all found imagery covers the entire Collazzone study area.
Furthermore, most imagery did not cover the entire Collazzone study area, particularly the imagery available in
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Google Earth. Table 2 provides an overview of the temporal and spatial coverage and spatial resolution of this
imagery. The spatial resolution is inconsistent over time. For example fallen trees at landslides are only visible
on imagery from 2013 onwards. Also the imagery showed differences in georeference and some imagery seemed
resampled, making it more difficult to distinguish landslide boundaries. No other freely accessible geographic
WEB portals were able to provide usable imagery asides from Google Earth. Although spatial resolution of
imagery in Bing Maps and Mapbox was sufficient, imagery could only be used for orthographic interpretation
within the portals, in which drawing of landslide polygons was not possible.

Figure 4. Freely accessible satellite imagery sources covering the Collazzone study area, given with their
corresponding spectral (PAN for panchromatic, RGB for red-green-blue) and maximum spatial resolution (in
m). Bars display their temporal coverage. “Today” corresponds to 01-08-2018. Numbers within bars represent
the number of images available. The images do not necessarily cover the entire study area. Because of the
redundancy in accessible imagery with 10m resolution, only one image of the satellite with the earliest temporal
coverage is displayed. All imagery only accessible via Google Earth are presented by “GE-imagery”.

Table 2. Spatial and temporal coverage and spatial resolution (in m) of satellite imagery of the Collazzone study
area available within Google Earth. Although Google Earth does not provide details on the source and resolution
of the imagery, approximations of spatial resolution are given based on Crowder (2007), Sisak, (2011) and Rbao
(2015).

2.2.3

Landslide identification

For pseudo-stereoscopic visual interpretation of the collected imagery (see Ch 2.2.2), Google Earth was used in
favour of other GIS. This is mainly because the VHR imagery available within Google Earth (Table 2) cannot
be loaded in other GIS. Also, existing research showed that Google Earth is the most suitable GIS that makes
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both pseudo-stereoscopy and convenient repetitive drawing of landslide polygons possible (Frankl et al., 2013;
Fiorucci et al., 2015; Voermans, 2016). During pre-processing, Orbview-3 and KOMPSAT-2 imagery required
manual georeferencing which I did in Google Earth. I used ArcGIS 10.6 to perform crop, set correct bands,
reproject and to reclassify pixels. No other pre-processing operations such as pan-sharpening were necessary or
optional on the available imagery.
Landslide identification frameworks date back to the first LIM practices done by visual interpretations of aerial
photographs (Smith, 1943; Colwell, 1960; Miller, 1961; Thompson, 1966). While methodologies were
substantially different than those with pseudo-stereoscopic interpretation of satellite imagery, the underlying
contexts, rules and inventory requirements are essentially the same (Galli et al., 2008; Lillesand et al., 2014;
Golovko et al., 2015). Therefore, deduced from on the following four inputs, I used a landslide identification
framework (Figure 5) for LIM in Google Earth: Literature on photo interpretation (i.a. see Appendix 3); Personal
experience (Voermans, 2016); Literature on satellite use in LIM; Interviews with experts, both on the study area
and in LIM (Ardizzone, personal contact 2017; Ardizzone & Fiorucci, personal contact 2018). Most importantly
are the categorisation of estimated landslide age (in relative terms, see Ch 1.1.2) as either fresh or leftover by
looking at soil colour, shape and vegetation coverage (see (3), (4) and (1) in Figure 5 respectively), the
distinguishing of non-landslide artefacts (e.g. tractor tracks, turns of unpaved roads, construction activity and
outcropping of different stratigraphic layers), deep-seated landslides and other geohazards present in the study
area (see Ch 2.2.1) using auxiliary information loaded in Google Earth (see Appendix 4) and the consideration
of landslide signature in previous (TS-1) and next (TS+1) imagery available (see (1) in Figure 5). For imagery
with spectral resolution limited to the panchromatic window (see Figure 4 and Appendix 2), it proved impossible
to estimate landslide freshness. For that reason, no inter-TS (see (2) in Figure 5) were created prior to the
panchromatic imagery. Similarly, no inter-TS were created when imagery was closer than eight months taken
from each other (less than a four season cycle).

Output

Identification
process

Figure 5. Conceptual representation of the landslide identification framework used in this research. TS-1, TS and TS+1 represent naming convention
of landslide signature in previous, current and next imagery available respectively. Encircled digits represent the most important deductions of
information.

2.2.4

MLI Validation

The limited temporal coverage of the collected freely accessible imagery (Figure 4) does not overlap with all 17
TS of the existing MLI of the Collazzone area (Figure 3, Table 1). Therefore, a selection of seven TS from the
existing MLI containing 830 landslide polygons (N = 830) was made for validation of the created MLI (Figure
6). Assumed was that all of these polygons represent landslides that would have been estimated as fresh in the
created identification framework (Figure 5). Subsequently, Five aspects of MLI were compared in the validation
phase. The first two aspects focus on differences in the characteristics between the two MLI. Therefore the
estimated fresh landslides were considered only. The second two aspects focus on the correctness of
identification and the final aspect on possible correlations with auxiliary information (see Appendix 4). For
these, all landslides of the created MLI are considered. MLI validation is explained per aspect below.
I) Coverage of landslide identifications
Some of the in the first phase collected images are limited in spatial coverage of the study area (see Ch 2.2.2).
This resulted in differences in imagery density, which is defined as the number of TS available on a specific
geographical location. Because TS of the existing MLI constantly cover the entire study area (Table 1, Figure
6), the imagery density is at a constant number of 7 for the existing MLI. Hence, for quantifying possible
differences in imagery density I created parameters for each IMGzone: polygons within the study area that holds
a specific imagery density. These parameters are the Density IMGzone, that describes how frequent landslides
occur within the IMGzone (in #/km2) and the Coverage IMGzone, that describes the areal fraction of the study
area that the landslides within the IMGzone cover. They are calculated using the following equations:
𝐷𝑒𝑛𝑠𝑖𝑡𝑦 𝐼𝑀𝐺𝑧𝑜𝑛𝑒 =

𝑁𝐼𝑀𝐺
𝐴𝐼𝑀𝐺

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝐼𝑀𝐺𝑧𝑜𝑛𝑒 =

𝐿𝐴𝐼𝑀𝐺
𝐴𝑡𝑜𝑡

( eq 1)
( eq 2)

where AIMG, Atot are surface areas of IMGzone and study area respectively (in km 2); NIMG is the number of
occurring landslides within IMGzone (in #); LAIMG is the accumulated landslide surface area within IMGzone
(in km2). In contrast to the created MLI, fixed size of IMGzone and imagery density of 7 result in constant
values of these parameters for the existing MLI. Therefore, for comparison purposes I also created parameters
for each TSzone: polygons within the study area that covers landslides of a specific TS. These parameters are
the Density TSzone, describing how frequent landslides occur within the TSzone (in #/km2) and the Coverage
TSzone, describing the areal fraction of the study area that the landslides within the TSzone cover, which are
calculated using the following equations:
𝐷𝑒𝑛𝑠𝑖𝑡𝑦 𝑇𝑆𝑧𝑜𝑛𝑒 =

𝑁𝑇𝑆
𝐴𝑇𝑆

𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑆𝑧𝑜𝑛𝑒 =

𝐿𝐴𝑇𝑆
𝐴𝑡𝑜𝑡

( eq 3)
( eq 4)

where ATS, Atot are surface areas of TSzone and study area respectively (in km2); NTS is the number of landslide
occurrences within TSzone (in #); LATS = landslide accumulated surface area within TSzone (in km2).
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Figure 6. Selection of 830 landslide polygons (N = 830) from the existing MLI of the Collazzone area, used to
validate the created MLI. The legend chronologically shows seven of 17 TS, given by yyyy-mm since days are
not specified in the full MLI (Figure 3).
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II) Landslide frequency area statistics
One way of quantifying the accuracy of a landslide inventory is associating statistical properties to it (see Ch
1.1.2). Therefore, frequency-area statistics were retrieved by generating a frequency-area landslide distribution
probability model for both the existing and the created MLI. I paid attention to the differences in rollover λ (in
log m2 ) and in the steepness α (in m2log # ) of the two modelled curves. They represent and the size of the most
frequent landslide and the speed in which probability of landslide occurrence decreases as landslide area
decreases respectively. Remaining frequency-area statistics that can be generated (see Appendix 1) were not
checked upon.
III) Correct landslide identifications
For distinguishing which landslides have been correctly identified, I assumed that when a signature has been
identified as landslide in both inventories, the signature indeed represents a landslide. Landslides from the two
MLI do not always precisely overlap due to differences in imagery, in visual interpretation methods and
subjectivity of the interpreters (see Ch 1.1.2). Therefore I also considered landslides that are only a limited
distance away from each other between the two MLI. Because of inaccuracies in georeference of imagery
available within Google Earth (Table 2) in particular, which cannot be corrected for within the GIS, the threshold
for misidentification was set at 75m. The number of correctly identified landslides CN (in #) is described as:
𝐶𝑁 = 𝑁 − 𝑀𝑁

( eq 5)

where N is the total number of landslides (in #); MN is the total number of misidentified landslides (in #). After
knowing all correctly identified landslides, I used parameters for quantifying my overall identification
performance. For this I created the Numerical correctness, describing the percentage of all landslides that have
been identified correctly and the Areal correctness, describing the areal percentage of all landslides that the
correctly identified landslides cover. Because the existing MLI is of such high quality (see Ch 2.2.1), I assumed
the containing landslide polygons as ground-true. Therefore the parameters are calculated only for the created
MLI, which is done as following:
𝐶𝑁
𝑁

( eq 6)

𝐶𝐴
𝑁𝐴

( eq 7)

𝐶𝑜𝑢𝑛𝑡 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 = 100
𝐴𝑟𝑒𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 = 100

Where CN, N are the total number of correctly identified landslides and of landslides respectively (in #); CA, NA
are the accumulated surface area of correctly identified landslides and of all identified landslides respectively
(in km2).
IV) Over- and under identifications
For landslides that are only present in one of the two MLI, I did not assume that they are per definition wrongly
identified. For this reason, these landslides are referred to as misidentified landslides NM (in #, see Ch 2.2.4III)
and not as ‘wrong’ or ‘false’ identified landslides. Misidentified means landslides from one MLI fall outside
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75m range of landslides from the other MLI. Landslides present in the existing MLI but absent in the resulting
MLI are more likely to have been correctly identified than the other way around. This is because the existing
MLI is of acknowledged high quality, whereas the resulting MLI is to be tested in this research (Malamud et al.,
2004; Galli et al., 2008). Taking this into account, I created the parameters Overidentifications,
Underidentifications, Areal overidentification and Areal underidentification. Areal- and Overidentifications
describe the relative surface area (in %) and absolute number (in #) of signatures that in the resulting MLI have
been identified as landslides but not in the existing MLI respectively. Areal- and Underidentifications describe
the relative surface area (in %) and absolute number (in #) of signatures that in the existing MLI have been
identified as landslides but not in the resulting MLI respectively. These are calculated as:
𝑂𝑣𝑒𝑟𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 = 𝑁𝑟 − 𝑁𝐶𝑒

( eq 8)

𝑈𝑛𝑑𝑒𝑟𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 = 𝑁𝐶𝑟 − 𝑁𝑒

( eq 9)

𝐿𝐴𝑟
𝐴𝑡𝑜𝑡

𝐴𝑟𝑒𝑎𝑙 𝑜𝑣𝑒𝑟𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 = 100(

−

𝐶𝐴𝑟

𝐴𝑟𝑒𝑎𝑙 𝑢𝑛𝑑𝑒𝑟𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 = 100(𝐴

𝑡𝑜𝑡

𝐶𝐴𝑐
)
𝐴𝑡𝑜𝑡
𝐿𝐴

− 𝐴 𝑐)
𝑡𝑜𝑡

( eq 10)
( eq 11)

where Nr, Ne, NCr, NCe are total numbers of landslides in the resulting MLI, in the existing MLI and all correctly
identified landslides in the resulting MLI and in the existing MLI respectively (in #); Atot, LAr, LAc, CAr, CAc are
the surface area of study area, accumulated landslide surface area from resulting MLI and from existing MLI,
accumulated surface area of correctly identified landslides from resulting MLI and from existing MLI
respectively (in km2).
V) Comparison of auxiliary data relevant to visual interpretation
Since auxiliary information is a factor of the reliability of an inventory (see Ch 1.1.2), auxiliary datasets were
overlaid with the two MLI to check for correlations with auxiliary classes that the landslide polygons cover.
Three auxiliary datasets are used: on geology, land use, and on slope class (bilinear 100 × 100m) resampled from
10 × 10 m DTM, see Appendix 4. Because of the high level of spatial variety in auxiliary data, I created an extra
class value called ‘interjacent’ (see Ch 2.2.1) within each of the three datasets. Landslides that cover more than
one feature of of geology-, land use- or slope- class will receive this value, e.g. a landslide that covers both
Arable and Grass in land use instead of covering Arable only. For each geology-, land use- or slope- class c
(including ‘interjacent’) I created the parameters Coverage c, Numerical correctness c and Areal correctness c.
Coverage c describes the areal fraction of the study area that the landslides within the c cover. Numerical
correctness describes the percentage of all landslides within the c that have been identified correctly. Areal
correctness c describes the areal percentage of all landslides within the c that are correctly identified. These are
calculated as:
𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 𝑐 = 100

𝐿𝐴𝑐
𝐴𝑡𝑜𝑡

𝑁𝑢𝑚𝑒𝑟𝑖𝑐𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 𝑐 = 100

( eq 12)
𝐶𝑁𝑐
𝑁𝑐

( eq 13)
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𝐶𝐴

𝐴𝑟𝑒𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 𝑐 = 100 𝐿𝐴𝑐
𝑐

( eq 14)

where Atot, LAc, CAc are surface area of study area, landslide surface area accumulated within the c and
accumulated surface area of correctly identified landslides within the c respectively (in km2); Nc, CNc are the
total number of landslides within the c and the number of correctly identified landslides within the c respectively
(in #).
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3 Results
This third chapter presents the results of this thesis. Because of the chronological order of the research
questions, this chapter is divided per research question. For the first research question however, more detailed
results are not given here but in Appendix 3 instead.
_________________________________________________________________________________________
3.1

Research question 1
Which satellite data sources can be used for visual interpretation to create multi-temporal landslide
inventory?

Out of the 139 consulted literature sources, only 20 literature sources that recorded successful use of satellite
imagery in LIM dated from before 2010 were found (see Appendix 3). This suggests a recency in available LIM
techniques relevant for MLI creation. For all satellites with that provide to my knowledge suitable imagery in
the visual spectrum for LIM (see Appendix 2), I was able to find temporal boundaries (Figure 7). Satellites
providing imagery with spatial resolution finer than 5m (grey) have been abundant for almost two decades,
whereas imagery finer than 1m (green) has only been in abundance for the last five years. New satellites
providing imagery with resolution coarser than 1m have been launched in the last five years nevertheless.
Imagery with high resolution seemed not to be available without any form of registration at the imagery supplier
(see Appendix 3). Also, the majority of satellites is commercial and therefore normally not free of charge.
Nonetheless, several satellites proved to provide imagery within certain spatial boundaries by means of certain
applications for licensing. How satellite sources had been accessed (i.e. freely or purchased) was however not
mentioned in the majority of literature in which the imagery was used for LIM. It also proved unable to trace
back the spatial boundaries of each satellite.
I assumed that moment of satellite imagery usage roughly corresponds to the year of publication. Based on this
assumption, Figure 8 shows spatial and temporal resolution of all imagery used in literature (crosshairs) relative
to the first date of availability (Table 1, Figure 7) of each imagery source (circles). Trend line of the availability
(circles) shows that the spatial resolution generally increased over the years until stagnation around 2012 (right).
From that year onwards, there is a high density in launches of new satellites with a wide range in spatial
resolution. After the stagnation (right) of the trend line, both the number of satellite usage and the range of
resolution (crosshairs) are higher than beforehand (left). This indicates that landslide research has been able to
make use of the new imagery with finer resolution (circles), while at the same time new LIM using imagery with
coarser resolution did not halt. The increase in number also confirms the recency of LIM techniques relevant for
MLI creation. Only 22 of the 69 found satellite sources (Figure 7) had been actually used in the consulted
literature for LIM (see Appendix 3). For a significant amount of the 22 satellite sources however, imagery was
used in more than one literature source involving LIM (bold crosshairs and in horizontal line). For the 22 satellite
sources, lag times (years) between the launch of and the first application of its imagery in LIM reveal that older
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satellites generally go with higher lag times (Table 3). Despite imagery of acceptable resolution had been
available for a while, possibilities for LIM using the imagery seem to have emerged only recently.

Table 3. Chronological order of satellite sources used in LIM that have been found in literature with their lag
times (in years) between the launch of a satellite and in landslide inventory creation. They are calculated up until
01-08-2018. Satellites are grouped (by “ / ”) if they have a successor.

Figure 8. Graph with dates each application of satellite imagery and their corresponding spatial resolution (in
m) over time, represented by crosshairs and with dates of when first imagery was made available for the found
satellite sources (Figure 6), represented by circles. Crosshairs in bold represent multiple usages in the same year.
Circles on the y-axis represent satellite launches before 1996.
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Figure 7.
Temporal coverage of satellites
found upon (see Appendix 3)
presented by horizontal bars,
including their spatial resolution
(in m).

The satellites are

chronologically

summed

according to their temporal
coverage. Red bars represent
resolution coarser than 5m, grey
bars

represent

resolution

between 5m and 1m and green
bars represent resolution finer
than 1m. “Today” represents 0108-2018. Satellites are grouped
(by “ / ”) if they have a
successor.
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3.2

Research question 2
For the Collazzone study area in Italy, what are the differences between the existing multi-temporal
landslide inventory created by multiple sources and an inventory created by visual interpretation
of satellite imagery only?

For visually identifying landslides in the Collazzone area, spatial resolution of imagery from Spot-4, RapidEye
and PlanetScope imagery proved insufficient for their entire temporal coverage (Figure 4). Also could they not
aid in the identification of landslides in the remaining collected imagery with finer resolution, i.e. by looking at
imagery of these sources from around the same time (Figure 5). This indicates that imagery with spatial
resolution of 3meters or coarser can be disregarded for MLI creation in the study area. This leaves is a limited
availability of free imagery available of the Collazzone study area. Dates of these images are scattered over a 12
year period with just a slight decrease in gap size over time (Table 2). This contrasts with imagery of the study
area that is available for purchase (Figure 9). If imagery would be paid for, a 15 year period can be covered,
given that spatial resolution of SPOT-5 imagery would prove to be sufficient for LIM. Imagery of SPOT-5 was
not freely accessible (Figure 4), therefore this could not be tested. In addition, the increasing amount of purchase
involving imagery sources over time provides more freedom with regard to selecting the optimal resolution,
achieving the optimal costs and selecting the optimal dates of when the imagery was taken. Especially the latter
advantage can be of value when the timing of landslide-triggering events is known.
Temporal range of availability for purchase
23-12-03

16-10-11
11-02-08

02-06-14
20-06-08

20-09-12
16-11-08
03-06-09

09-05-14
28-07-09

19-09-15
01-08-09
25-08-11
16-08-13
07-02-14
22-06-16
12-03-17
30-04-17

Today Source spat. res (m)
SPOT-5
2.50
Quickbird
0.61
KOMPSAT-2 1.00
WorldView
0.46
IKONOS-2
1.00
FORMOSAT-2 8.00
GeoEye
0.41
RapidEye
6.50
SPOT-6/7
2.00
Pleiades
0.50
TripleSat
0.80
Superview
0.50
DEIMOS
0.75
20-11-17 KOMPSAT-3
0.70

Price/km²
€ 2.30
€ 17.50
€ 4.00
€ 14.00
€ 10.00
€ 4.20
€ 19.50
€ 0.95
€ 3.80
€ 10.00
€ 10.00
€ 14.00
€ 7.00
€ 8.00

Figure 9. All found imagery of the Collazzone study area available through purchase, including temporal
coverage, spatial resolution (in m) and price per square kilometre. Some of the providers currently set a minimum
threshold per order, quantified by either a minimum amount of images or a price.
In the identification phase (see Ch 2.2.3) I created an MLI with a total of 1567 landslide polygons (N = 1567),
spread over 17 TS (Figure 10). For validation (see Ch 2.2.4), five aspects of the created MLI were compared
with those of the existing MLI (Figure 6). Results per aspect are presented below. For lines, bars and boxplots
in the figures presented (Figures 11-19), grey represents values closest to ground-truth (i.e. from existing MLI),
black represents values to be tested (i.e. from created MLI) and dark-grey represents values from subtraction
between the first two, simply referred to as dark.
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Figure 10. Created MLI of the Collazzone study area containing 1567 identified landslide polygons (N = 1567),
which is compared with the existing MLI (Figure 6). The legend chronologically shows the 19 created TS, given
by yyyy-mm-dd. Those TS with mm-dd of 00-00 represent created inter-TS, where yyyy is represented by the
in-between year.
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I) Coverage of landslide identifications
Imagery density of the created MLI varies between 10 and 17 images per IMGzone, in three of which no
estimated fresh landslides were identified at all (Figure 11). Density (eq1) and Coverage (eq2) per IMGzone
seem not to have no correlation with the Imagery density (Table 4). This suggests that more imagery available
does not necessarily result in more landslides identified. Although total numbers of fresh landslide signatures
are almost identical, comparing Density (eq3) and Coverage (eq 4) per TSzone reveals large differences between
the two MLI (Table 5). These differences seem to be related to the high difference in total landslide surface area.
II) Frequency-area statistics of identified landslides
Comparing landslide frequency area statistics between the two MLI reveals that the most frequent landslide is
smaller in the created MLI than in the existing MLI (Figure 12). This is because the rollover λ (in log m2 ) of the
created MLI lies at (-2.5, 1.84) corresponding to 3126m, while that of the existing MLI lies at (-2.25, 1.97)
corresponding to 5621m. Therefore, the created MLI seems to consist of more smaller landslides than the
existing MLI does. Also, the steepness α (in m2log # ) of the created MLI is 0.23 lower than that of the existing
MLI while its curve is always lower than that of the existing MLI as well. This suggests that in the created
inventory, both large and small landslides are more frequent than small and large landslides in the existing MLI.
The proportion of variance (R2) of the existing (0.91) MLI is 0.13 higher than that of the created MLI (0.78),
which confirms that landslide surface areas in the created MLI indeed range more than in the existing MLI.

Area- frequency landslide statistics

3

Created MLI

2.5

Logarithm of frequncy

Existing MLI
2
1.5
1
0.5

Lineair (Created MLI)
y = -0.9351x - 0.7955
R² = 0.7785
Lineair (Existing MLI)
y = -1.0269x - 0.5353
R² = 0.906

0
-4

-3

-2
Logarithm of area

-1

0

Figure 12. Area-frequency statistics of landslides in created MLI in black and existing MLI in grey.

IMGDensity

mean
sum

(#)
15
14
16
14
15
11
15
13
15
15
14
16
14
14
17
15
16
16
17
10
16
14.67
-

AIMG
(km²)
0.23
0.29
0.47
0.75
0.85
1.51
1.72
1.89
2.32
2.62
3.02
3.09
3.62
3.75
4.09
4.23
5.21
5.42
9.29
10.40
13.41
79.63

NIMG
(#)
5
1
4
9
11
52
5
27
31
30
8
31
13
32
57
45
53
64
137
101
119
835

LAIMG Density IMGzone Coverage IMGzone
(m²)
(#/km²)
(m²L/km²IMG)
723
22.03
9.08
1998
3.46
25.09
4184
8.60
52.54
4353
12.01
54.66
12335
12.90
154.90
37611
34.47
472.31
1180
2.90
14.82
39462
14.28
495.55
21476
13.34
269.69
21320
11.45
267.73
13001
2.65
163.26
20403
10.03
256.21
7926
3.59
99.53
21520
8.54
270.24
41311
13.95
518.77
46843
10.63
588.24
60491
10.18
759.63
65303
11.81
820.05
168079
14.75
2110.68
92986
9.71
1167.69
108295
8.87
1359.93
11.44
472.89
790800
10.49
9931

.
Table 4. Density and coverage
per IMGzone of the created MLI,
sorted from lowest to highest
surface area of IMGzone AIMG (in
km2). Numbers of IMGDensity
(in #) correspond to those of the
polygons containing estimated
fresh landslides in Figure 10.

Table 5. Density and coverage per TSzone of both existing and created MLI. Since each TS of the existing MLI covers the
entire study area, there is only one TSzone. For the created MLI, each TSzone is sorted from lowest to highest surface area
ATS (in km2), as represented by a shade of red in Figure 10.

existingMLI
createdMLI

mean
sum

ATS
(km²)
79.63
4.12
30.06
42.95
48.81
55.10
63.69
76.70
79.63
-

NTS
(#)
830
6
7
19
41
7
108
58
589
835

LATS
Density TSzone Coverage TSzone
(km²)
(#/km²)
(m²L/km²TS)
1617333
10.42
20310
3521
1.46
44.22
10726
0.23
134.69
43333
0.44
544.16
36776
0.84
461.82
6176
0.13
77.56
174080
1.70
2186.04
29486
0.76
370.28
486702
7.40
6111.84
1.62
1241.32
790800
-

Figure 11. Map of IMGdensities for each
IMGzone of the created MLI of the Collazzone
study area, including all estimated fresh
landslides in blue. Each polygon represents an
IMGzone (Table 4), whereas each shade of red
represents a TSzone (Table 5).

III) Correct identifications
Quantifying correctly identified landslides (eq 5), which refers to all landslides from one MLI fall within 75m
range of landslides of the other MLI (see Ch 2.2.4), first of all revealed a much higher total of identifications for
the created MLI (N=1567) than for the existing (N=830) (Figure 13). Differences in N seem to be smaller around
periods when TS of the existing MLI contain a relatively high N. However, the created MLI does not seem to
have such high N around periods with high N for the existing MLI. The year 2014 is the only exception to that.
Extracting the misidentified landslides MN from the N reveals a minimal difference in correctly identified
landslides between the created (CN=441) and the existing MLI (CN=472) (Figure 14). This indicates a reliability
of the existing MLI with regard to the assumption of treating it as ground-true. Noticeable is that CN of the
created MLI are relatively higher in the periods around TS of the existing MLI, with the exception of the TS in
2010. For the created MLI there seems to be a small increase in CN relative to N (Figure 13), over time.

Figure 13. Number of landslide identifications N per TS (in #) in chronological order for both the created (black
bars) and existing (grey bars) MLI. Added up, N is 1567 for the created and 830 for the existing MLI.

Figure 14. Number of landslides that are correctly identified CN (eq 5) per TS (in #) in chronological order for
both created (dark bars) and existing (grey bars) MLI. Added up, CN is 441 for the created and 472 for the
existing MLI.
Outliers aside, detected landslide signatures from the created MLI generally have a much smaller surface area
than those of the existing MLI (Figure 15). This is in line with differences found in landslide area-frequency
statistics (Figure 12). As a result, values of Aerial correctness (eq 7) are generally higher than values of
Numerical correctness (eq 6) of the same TS (Table 6). Areal correctness is generally higher where absolute
values of total identified and correctly identified landslide surface area are relatively low (Figure 16). TS on
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20090820 and 20170624 (yyyymmdd) are an exception to that. Numerical correctness, which ranges from zero
to maximally 60% per TS (Table 6), is well represented in the absolute values of surface area and indicate that
the created MLI does not resemble the existing MLI well.

Numerical correctness (%) 62.5 23.3
Areal correctness (%) 80.5 14.8

7.7
9.0

37.0 26.6
40.5 21.4

0.0
0.0

7.5 40.0
11.6 49.2

8.1
5.9

25.0 60.0 32.8 54.3 33.7 50.0 29.5 60.0 15.3
44.5 85.9 26.5 75.6 39.4 66.9 42.4 76.5 7.6
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00
00
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20
07
00
00
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08
12
20
09
08
20
20
09
09
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20
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06
27
20
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08
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20
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04
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20
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00
00
20
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05
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20
13
00
00
20
13
08
07
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14
00
00
20
15
07
08
20
16
00
00
20
17
06
23
20
17
06
24

Table 6. Numerical (eq 6) and Areal (eq 7) correctness (in %) of the created MLI in overall and per TS.

28.1
34.3

Figure 15. Distribution of surface area (in m2) of landslides from the created MLI represented by the black and
from the existing MLI by the grey boxplot.

Figure 16. Insight in Areal correctness (eq 7) of the created MLI by showing per TS the total surface areas of
all identified landslides NA (in m2) by black bars behind accumulated surface area of correctly identified
landslides CA (in m2) in grey bars.
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IV) Over- and underidentifications
The total misidentifications MN are made up of a significant 394 Overidentifications (eq 8) and 358
Underidentifications (eq 9) (Figure 17), which explain the large differences between identified total (Figure 13)
and correctly identified (figure 14) landslides. There is a distinctive peak in the period between 2012 and 2015
in both Under- and Overidentifications. Also, there is a relatively high amount of Underidentifications timed
around the first TS. Surface area of the misidentifications reveals that much less landslide area has been
overidentified than has been underidentified (Figure 18). This is in line with the differences in landslide areafrequency statistics (Figure 12) and in the distribution of surface area of landslides (Figure 15) between the
created and existing MLI. As a result, values for Areal overidentifications (eq 10) are significantly lower than
those of Areal underidentifications (eq 11) of the same TS (Table 7). For instance, there are only two TS
(20120510 and 20130807) where Areal overidentifications are not lower than the lowest Areal
underidentification (30.494m2) (Figure 19). Both Areal under- and overidentifications seem to be larger when
more surface area was identified (Figure 16, Figure 19). Also, absolute values of misidentified surface area
(Figure 19) follow the same pattern over time as the misidentifications in absolute numbers (Figure 17).

Figure 17. Misidentifications MN (in #) in numbers of Over- (eq 8) in dark bars and Underidentifications (eq 9)
in grey bars per TS in chronological order. Added up MN consists of 394 Overidentifications and 358
Overidentifications.
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Figure 18. Distribution of landslide surface area (in m2) misidentified in created (dark boxplot) and in existing
(grey boxplot) MLI.
Table 7. Areal Over- (eq 10) and Underidentifications (eq 11) in overall and per TS.
OverTS
Underidentifications ( yyyymmdd) (yyyymm) identifications
0.032
20050000 200405
0.152
0.016
20050628 200412
0.182
0.016
20050731 200512
0.051
0.051
20070000
0.015
20090812
0.000
20090820
0.019
20090911 201003
0.123
0.000
20100627 201005
0.038
0.017
20100804
0.009
20110402
0.002
20120000
0.006
20120510
0.051
20130000 201304
0.071
0.016
20130807 201404
0.132
0.085
20140000
0.018
20150708
0.033
20160000
0.006
20170623
0.003
20170624
0.396
overall
0.750

41

Figure 19. Misidentified landslide area (in m2) in Areal over- (eq 10) by dark bars and underidentifications (eq
11) by grey per TS. Added up, 315.486m2 of landslide surface area was overidentified and 597.542m2
underidentified.
V) Comparison of auxiliary data relevant to visual interpretation
Similar to Density (eq 3) and Coverage (eq4) per TSzone (Table 5), Coverage (eq 12), Numerical (eq 13) and
Areal correctness (eq 14) of classes c of auxiliary data provided no explanations for the differences between the
created and existing MLI. This is because significant differences could be found between the auxiliary datasets
“underneath” the created and the existing MLI, see Appendix 4.
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4Discussion
In this fourth chapter, the results of this thesis will be discussed per research question, similar as in previous
two chapters. In addition to that, I will end with an overall discussion in which the thesis will be reflected with
literature on a broader spectrum and some perspective for the future will be given.
________________________________________________________________________________________
4.1

Research question 1: Satellite imagery and their usage in literature
Available satellite imagery and their usage in literature

The Results from the performed literature review suggest a recency in available LIM techniques relevant for
MLI creation. This is in line with the fact that less than two decades ago, earliest “high tech” LIM methods were
still regarded as unjustified (Guzzetti et al., 2000). Lag times between launch and use of specific satellite imagery
decreased over time (Table 7). This decrease represents how these “high tech” methods have nowadays
developed into a wide variety of LIM methodologies (see Ch 1.1.3). Particularly from about the year 2012
onwards, developments led to successful usage of satellite imagery in LIM with spatial resolution ranging from
of 0.5 to 10m (Figure 7). This means that in theory, today’s LIM methods using satellite imagery can create TS
from 1986 onwards (Figure 6). However, there are some remarks in practice:
-

Spatial boundaries of satellite sources are in most cases impossible to quantify. It is therefore uncertain
whether a satellite source actually provides imagery for a study area. End owners of some of the satellite
sources (see Appendix 3) provide imagery only to research or national intelligence agencies of certain
countries. This limits the spatial boundaries for such satellite sources for certain users. According to
João Paulo Estevam, Aeronautical Technologist at AEB (Agência Espacial Brasileira), advertised spatial
resolutions of such difficult to assess satellite sources can even be called into question because they lack
constructive technical evidence (Estevam, personal contact 2019).

-

Purchasing imagery seems to remain inevitable for a number of reasons. Firstly, most of the 22 satellites
used in literature (Figure 7, Table 7) are not freely accessible. Secondly, temporal coverage and timing
of imagery is limited for freely accessible imagery. Lastly, free imagery is often limited to certain areas,
often resulting in limited spatial boundaries.

-

Spatial resolution of 10m is the bare minimum (Mantovani et al., 1996; Nichol et al., 2006; MurilloGarcía et al., 2014a Casagli et al., 2016), there can be no high complexity of landscape patterns in the
study site and of the type of landslides to be identified.

This made me come up with the following approximate categorisation regarding what kind of landslides can
potentially be detected visually in specific sites (Figure 7):
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-

10-5m (red): Shallow landslides cannot be visually detected in any landscape. Other landslide types with
higher surface area such as deep-seated and rockslides (see Appendix 1) may be detectable in sites with
low spatial diversity (e.g. forested hills).

-

5-1m (grey): Shallow landslides can only be detected in sites with low spatial diversity, while detecting
larger landslide types has potential in more spatially complex areas.

-

<1m (green): Shallow landslides can be detected in spatially complex sites like the Collazzone study
area.

This rough categorisation overlaps with the requirements for spatial resolution for non-heuristic LIM (Casagli
et al., 2016). Because landslide sizes and their signatures on imagery can in cases majorly be affected by sitespecific characteristics, making a finer categorisation remains difficult (Wood et al., 2015).
4.2

Research question 2
Differences between the created and existing MLI

Initial validation of the created MLI suggested a high resemblance with the existing MLI (Figure 6, Figure 10).
The created MLI contained only five more estimated fresh landslide signatures than the existing MLI (Table 5).
Also, parameters per IMGzone (Table 4) seemed to not to be correlated to the imagery density (Figure 10). This
suggests absence of an increased bias of interpreter when more imagery is available, resulting in a higher
reliability (see Ch 1.1.2). Such bias was found for multiple interpreters in Voermans (2016). However, the
existing MLI should be assumed as ground-true, which latter results emphasised (Figure 14). Based on this
assumption, more aspects of the entire created MLI were validated, which showed opposite results.
Results pointed out that the created MLI has a low reliability. Quality of used imagery is important for the
reliability of an inventory, but so is the complexity of the geological, morphological, and land-use setting (see
Ch 1.1.2). Both the large differences in spatial and temporal coverage of the used imagery (Figure 4, Figure 10)
and the lack of correlation with auxiliary information of the complexity (see Appendix 4) weaken that quality.
Results also pointed out that the created MLI simply does not resemble the existing MLI well. The high number
of misidentifications is spread over the entire period the MLI cover (Figure 17). There is a peak in
Underidentifications around the first TS, which can be ascribed to the fact that the created MLI had no previous
imagery available to rely on (Figure 5) whereas the existing MLI did. There is however a higher peak in both
Under- and Overestimations in the period between 2012 and 2015, which cannot be accounted for. Meanwhile,
the year 2014 was the only year in which the created MLI contained a comparable number of landslides as in
the existing MLI (Figure 13). This makes the peak in Under- and Overestimations stress out the lack of
resemblance even more. Apparently, in this year mostly small landslides occurred (Ardizzone & Fiorucci,
personal contact 2018). In combination with results on the differences in landslide surface area between the MLI
indicated (Figure 12, Figure 15, Figure 18), this suggests that the created MLI is less often incorrect with smaller
landslides than with larger ones. This explains why numerical results are indicating resemblance even less than
areal (Table 7). Nonetheless, aerial results are unsatisfactory throughout the period covered (Table 7).

44
Although a landslide inventory is never fully ground-true, theses large differences found in the results show that
the existing MLI represents actual landsliding in the study area better than the created MLI is. However, lessons
can be learned from these differences. Between the two MLI, differences in numbers of identified landslides are
generally smaller around periods when TS of the existing MLI contained a relatively high number of landslides
(Figure 13). Also, the number of correctly identified landslides of the created MLI is relatively higher in the
periods around TS of the existing MLI (Figure 14). These indicate that the timing of the TS being of great
importance. In creating the existing MLI, TS were only created shortly after landslide-triggering events occurred
(Ardizzone, personal contact 2017). For the created MLI, this was not the case. Purchasing imagery of the
Collazzone area can greatly resolve this, as in contrast with the freely accessible imagery (Figure 4) temporal
resolution and coverage are not limited (Figure 9). This could reduce the dominance of underidentifications
(Figure 19) significantly.
4.3

Overall discussion and perspective

Interpreting the results of this thesis with regard to the overall objective brings to light three points that need to
be made regarding the methodology used. For each of these points, I will address lessons that can be learned for
the future.
First of all, despite that all LIM techniques were included in the literature research (see Ch 2.2.1 and Appendix
3), little focus was put on techniques other than visual interpretation of satellite imagery from the visual
spectrum. More specifically, because of unavailability in freely accessible stereoscopic satellite imagery (see Ch
2.2.2), meaning two images with >50% overlap for whole of the study area of the same date (Ardizzone, personal
contact 2017), focus was put on pseudo-stereoscopy. Four reasons were given (see Ch 2.1), nonetheless nonheuristic methods and methodologies using parts of the electromagnetic spectrum other than the visual window
(see Appendix 2) have a wide variety of methodologies and potential in LIM (see Ch 1.1.3). Research in
continuation of this thesis should definitely explore the potential of these different methods for creation of MLI.
In such follow-up research, one does not necessarily have to use the Collazzone MLI for validation, as few other
MLI (see Appendix 3) were found.
Next, the lack of resemblance of the created MLI with the existing MLI cannot entirely be ascribed to the
unsatisfactory timing of satellite imagery from which TS were made. Two other factors may play a role, which
future research can pay attention to. First of all, using Google Earth as GIS for LIM had as biggest advantage
that it provided for more than half of the freely accessible imagery (Figure 4, Table 3), yet this was at the expense
of imagery quality (see Ch 1.1.2). It proved difficult to georeference remaining imagery in the GIS and the
Google Earth imagery itself is known to be badly georeferenced (Sato & Harp, 2009). There is no option to
correct the Google Earth imagery for this, which lead me to set the threshold for misidentification at a high 75m
(see Ch3.2 III). Remote sensing analysis is possible by extracting the imagery from Google Earth (Ploton et al.,
2012), which could resolve these issues. However, because this extraction is time-consuming, this would be an
option for small study areas only. The second factor concerns the used landslide identification framework (Figure
5). Using relative terms (see Ch 1.1.2) for landslide age, advice from local experts and through testing signatures
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(see Ch 2.2.3) for underlying auxiliary data (see Appendix 4), I tried to cope with the spatial complexity of the
Collazzone area while working fully ex-situ. The high numbers (Figure 17) and surface area (Figure 19) of
overidentifications suggest that despite these efforts, the use of in-situ knowledge in identification was missing.
It is known that for visual interpretation of aerial imagery, knowledge through fieldwork is necessary for the
quality of the inventory (Fookes et al, 1991; Brardinoni, 2003). Also, Arbanas and Arbanas (2015) claim that
although ex-situ methods are nowadays more reliable than in-field LIM, for sites with considerable topographic
details or occurrence of smaller landslides, field survey is required for validation nevertheless. Accordingly, in
future LIM through visual interpretation field visits should be considered, especially for spatial complex study
sites such as the Collazzone area.
The last point concerns the available satellite imagery explored in this research. While purchasing SPOT-5
imagery of the Collazzone area can potentially make creation of a MLI starting from 2003 possible (Figure 9),
it could not be checked if its spatial resolution of 2.5m would suffice. However, the imagery can be used in
combination with imagery of 1m resolution that is freely available from 2005 (Figure 4), which together could
realise a MLI of 15 years. Results for the Collazzone area do not mean that LIM using freely accessible imagery
only should be disregarded. Cases are known where only free imagery was used in successful LIM for study
sites with significantly less spatial complexity than the Collazzone area (Sato & harp, 2009; Behling et al., 2014;
Dagdelender et al., 2014). Whereas some imagery providers do currently not accept applications any longer (see
Appendix 5), literature (see Appendix 3) describes future satellite launches that will provide freely accessible
imagery within the visible window with high potential for LIM (Guzzetti et al., 2012; Murillo-García et al.,
2014a; Casagli et al., 2016; Planet team, 2017). As this availability will not decline in the near future, this means
MLI of 20 years are possible in 5 years and so on. Creating such MLI for spatially complex sites such as the
Collazzone area will be successful provided that only imagery timed shortly after the landslide-triggering events
is used. This makes purchase of imagery often inevitable, yet freely accessible imagery can reduce the costs. For
sites with less spatial diversity, pseudo-stereoscopy is sufficient to create MLI of about 15 years as of today,
without needing such sharp timing of the imagery. On global scale, this would mean that for a significant share
of the landscapes that have been affected by landslides in the two last decades, MLI can be created. Subsequently,
landslide hazard modelling will be able to aid them in land use and engineering decisions. What remains
debatable whether local actors and scientists will make time to create MLI.
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5Conclusions
The main focus of this research was to investigate whether and how multi-temporal landslide inventories can be
created using visual interpretation of satellite imagery. The Collazzone region, Italy was chosen as a study area.
Two research questions were selected to complete the research goal. Based on the findings, conclusions are
drawn for each of the research questions, which are summarised in this final chapter.
_________________________________________________________________________________________
Which satellite data sources can be used for visual interpretation to create multi-temporal landslide
inventory?
All satellite sources with spatial resolution of 1m and finer can per definition be used for creating multi-temporal
landslide inventory through visual interpretation. This is regardless of their spectral resolution. These sources
are generally not available without expenses. Few images of this resolution can be obtained freely through
application processes, which provides insufficient temporal coverage to create MLI. Imagery with spatial
resolution between 1 and 5m cannot be used to visually detect shallow landslides in spatially diverse regions
such as around Collazzone, Italy. Shallow landslides can occur with very small surface areas, which would
require finer spatial resolution in order to be detected. Also, high spatial diversity results in many artefacts in
imagery that result into both false identifications and misidentifications. These images can however be suitable
for detecting landslide types with larger surface areas. Literature showed that in some regions with very low
spatial diversity, imagery with spatial resolution up to 10m can even be used. Roughly half of these sources are
available without expenses. Through application processes, sufficient free imagery can be obtained that would
be needed to create a multi-temporal landslide imagery. Imagery with spatial resolution coarser than 10m can
generally be obtained without expenses, but can per definition not be used to create a multi-temporal landslide
inventory.
For the Collazzone study area in Italy, what are the differences between the existing multitemporal landslide inventory created by multiple sources and an inventory created by visual
interpretation of satellite imagery only?
The created MLI contains 1567 landslides whereas the existing MLI contains 830. Both in space and in time
does the created MLI not resemble the existing MLI well, for which three reasons were found. Firstly, the
created MLI consists of 19 TS, while in the same period only seven TS were selected for the existing MLI, each
after a by local experts monitored landslide triggering event had occurred. Because of this, the created MLI
contains overidentifications partly consisting of landslides that have been overseen in inter-TS periods of the
existing MLI, resulting in a higher number of landslide. Secondly, by the same cause, TS of the existing MLI
were created at moments when landslides were optimally detectable. TS of the created MLI on the other hand
depended on availability of the free imagery, and thus lack in this optimal timing. Therefore, the created MLI
contains 358 underidentifications, resulting in a lower quality. Thirdly, the existing MLI is partly based on expert
knowledge on landslide signatures in the study area, which was absent for the created MLI. The created MLI
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therefore contains, asides from the overseen landslides mentioned in the first reason, overidentifications that are
false. The relative low surface area that overidentified landslides generally cover indicate the presence of the
false overidentifications, which affect the quality of the created MLI. Over- and underidentifications showed no
relation with underlying DEM slope, land use or geology class of the landslides.
Can a multi-temporal landslide inventory of at least 15 year extent be created based on satellite
imagery?
As to date, some MLI can be created through pseudo-stereoscopic visual interpretation, yet with some limitations
and only when a certain requirements are met. Firstly, the earliest dated TS of the MLI will be of lower quality
than the other TS. Earlier imagery to detect changes from as available for all other TS will not be available. On
top of that, spatial resolution of the imagery used to create earlier TS will likely be lower than those of the more
recent TS. Secondly, knowledge about the study area is a requisite to guarantee the quality of the MLI. This
knowledge concerns timing of landslide triggering events as well as how landslides are represented by
interpretable artefacts in the specific study area. Without this knowledge, the interpreter will encounter too many
artefacts from which it is difficult to decide whether they are landslides or not, resulting in over- and
underidentifications. Lastly, depending on the complexity of the study area, whether the MLI will be created
using solely freely accessible imagery or not can majorly affect its quality. The complexity of the Collazzone
study area proved too high to solely depend on freely accessible imagery. Freely accessible imagery is generally
not lacking in spatial or temporal coverage or in spatial resolution. It would therefore suffice for creating MLI
for areas where less spatial variation is visible over time, e.g. where the land is not worked but fully tree-covered.
Instead, freely accessible imagery lacks in timing in relation to landslide-triggering events. For places like the
Collazzone area, it is crucial that TS are created from imagery taken closely after landslide triggering events
have taken place. However, precisely regions like the Collazzone area have a high need for MLI. This is because
of the role they play in providing food security, habitation, infrastructure and interspersed wildlife habitats,
which are affected by the landslides. A MLI makes landslide hazard modelling possible, which help in decision
making regarding engineering and land use. It is therefore worth to consider the expenses for satellite imagery
so that MLI can be created to foster further landslide research.
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Appendix 1

General insights in landslides, their inventory and statistics by
literature
(Numbers of figures and tables in this Appendix remain identical from how found in
original literature)
“The goal of this article is to revise several aspects of the well-known classification of landslides, developed by
Varnes (1978). The primary recommendation is to modify the definition of landslide-forming materials, to
provide compatibility with accepted geotechnical and geological terminology of rocks and soils. Other, less
important modifications of the classification system are suggested, resulting from recent developments of the
landslide science. The modified Varnes classification of landslides (Table 5) has 32 landslide types, each of
which is backed by a formal definition. The definitions should facilitate backward compatibility of the system
as well as possible translation to other languages. Complex landslides are not included as a separate category
type, but composite types can be constructed by the user of the classification by combining two or more type
names, if advantageous. A summary of the proposed landslide type classes appears in Table 5. There are now
32 landslide-type keywords, compared with 29 used in the 1978 Varnes Classification, thus the system remains
simple. Ambiguities will always remain, especially where types grade from one to another, without a clear-cut
boundary. However, the proposed revision of the Varnes classification meets the objectives laid out at the
beginning of this article and the authors hope the classification may be found useful by researchers and
practitioners.”

Hungr et al., 2014
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“A landslide inventory is one of the main prerequisites for an objective landslide hazard assessment, which
includes both the spatial and the temporal aspects of the probability of landslide occurrence (Guzzetti et al.
2005). A landslide inventory is a register of the distribution of landslides and their characteristics (Hervás 2013,
Guzzetti et al. 2012). The latter usually occurrence and reactivations, type, state of activity, area and volume.
Additionally, information on landslide geometry, geo-environmental characteristics at landslide site, triggering
factors, landslide impact, monitoring data, etc. can be incorporated. The set of recorded characteristics may differ
depending on the scale and LIM method, on properties of the study area as well as on the project goals. An
overview of the most common landslide attributes is presented in Tab. 1.”

Golovko et al., 2015
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“The frequency–area distribution can be
used to quantify the completeness of a
modern inventory and has been shown to
follow a number of different empirical
distributions including double Pareto
(Stark and Hovius, 2001) and an inverse
Gamma distribution (Malamud et al.,
2004) (Fig. 2); all exhibit a negative
power–law relationship in the tail of the
distribution. Given the robustness of this
empirical distribution and its applicability
across a range of triggers and geologies, a
series of theoretical three-parameter
inverse gamma distributions (Fig. 2) were

created across a range of magnitudes (after
Malamud et al., 2004, p. 694) to assess the
completeness of the RI.
where a = location of maximum
probability, Γ(ρ) = gamma function of ρ
which controls the power–law decay, s =
parameter controlling exponential rollover for low area values, and AL = landslide area. The frequency density
for LSS was then calculated following
Malamud et al. (2004, p. 703), and
plotted against the theoretical distributions:

where f(AL)= frequency density of landslide area, δNL δAL =the increment of landslide number (NL) with
increase in AL, NLT = number of landslides in inventory, and pAL = probability density for landslides of size
AL.
If we assume that the theoretical distribution is valid for the given datasets in the RI then we can calculate the
expected frequency of landslides: where LTa = total area affected by landslides,
and
ML = maximum landslide magnitude.”
Wood et al., 2015
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Appendix 2

Electromagnetic spectrum and windows for remote sensing

Figure from lecture slides of Clevers, 2012

63

Appendix 3
Overview of conducted literature and resulting insight in availability of satellite
sources
For answering the first research question of this thesis, I have conducted a thorough literature review on which
satellite sources have already been used for landslide research. A total of 139 literature sources were consulted.
A share of literature sources presented similar methods using similar imagery sources. Subsequently, I had to
narrow the sources found to those who have potential for heuristic or visual interpretation methods, and finally
to which ones can be freely available. In addition, here in the results of my literature research I will discuss
sources found that used methodologies and sources that not only have potential for- but also that already did
create actual multi-temporal landside inventory (MLI). To remain overview, I subdivided them in the following
categories: a) Previously carried out literature reviews on LIM; b) Literature without LIM; c) Literature on LIM
without using satellite imagery; d) Literature on LIM by non-heuristic methods on satellite imagery; e) Literature
on LIM by visual interpretation of satellite imagery; and f) Literature where MLI created by visual interpretation
of satellite imagery. This Appendix provides elaborate description of the contributing literature sources per
category below. In these descriptions, references will be made to Table A3.1 and A3.2. These are presented and
explained at the end of this appendix, and complete this overview with the aim to facilitate both
geomorphologists and scientists from overlapping fields in future landslide research.
a) Previously carried out literature reviews on LIM
The literature sources in this category have contributed by introducing me to a significant share in the total found
literature sources that answer this research question. Therewith I got introduced to satellite sources that I would
have had overlooked elsewise. The most significant contribution on LIM reviewing literature is done by Guzzetti
et al. (2012). Not only did they review conventional methods, they also reflected new technologies upon them.
An important finding is that visual interpretation of aerial imagery has remained the most common LIM method,
despite all significant technological innovations. They presented a Table similar to Table A3.1, where only 13
satellite sources were summed up. Nevertheless they made an observation about the spectral resolution of the
imagery. Although panchromatic imagery has always been preferred, both the visual interpretation- and the nonheuristic techniques that have been newly introduced make use of the wider spectrum (mainly RGB). This is
why they are predominant in Table A3.1. Another important point that they stressed is the role of pre-processing
per time slice (TS) in visual interpretation of satellite imagery, which can affect the resulting landslide inventory
if done improperly. This receives more attention in Table A3.2 of the results of the second research question. A
final important mark they make on the use of the radar part of the spectrum of imagery for LIM. Although
examples of landslide detection using spaceborne radar do exist, they require deep and specific expertise and are
only relevant if detailed landslide characteristics are required to be quantified. This explains why there are no
radar sources summed in Table A3.1 (Guzzetti et al., 2012).
Additionally, while conducting my literature review I came across reviewing literature more recent than Guzzetti
et al. (2012) that requires to be mentioned here. Firstly Murillo-García et al. (2014a) presented a general review
of the available VHR satellite imagery, software and hardware that can be useful for LIM, where they put extra
emphasis on whether sources are obtained across- or along track, which depends the procedure for stereoscopy.
Whereas I included these sources in Table A3.1, it should be noted that none of these are and are likely never to
become free of expenses. In an interview with experts on LIM I found out that this is never the case with
stereoscopic imagery, because they always are a very specific request that will not be requested by any other
customers for the same research area (Ardizzone & Fiorucci, personal contact 2018). The one exception would
be imagery from the ASTER satellite, however its spatial resolution is too low to identify landslides except for
very large ones (Probert, 2011). I will get back on the presented hardware techniques for stereoscopy further on
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in this chapter. Next Scaioni et al. (2014) presented an overview of RS techniques that achieved LIM, monitoring
and susceptibility analysis in the last decade. Interesting is their conclusion that visual interpretation seemed the
most suitable method, and that semi-automated-, let alone automated methods still have a long way to go to
overtake. Just like Guzzetti et al. (2012) they stressed out that more attention needs to be paid to the preprocessing stage, especially with operations like image registration, pan-sharpening and image orthorectification. Again this will receive some extra attention in the results of the second research question. Lastly ,
Casagli et al., 2016 discuss several cases with different non-heuristic LIM techniques that were part of their
project. Interestingly all these techniques required imagery with spatial resolution as high as needed for visual
interpretation techniques, suggesting not per se lower requirements as I initially hypothesized.
Finally my literature research resulted in finding several outdated reviewing literature, of which some are worth
considering for the results of this research question nevertheless. Firstly Metternicht et al. (2005) analysed the
use of remote sensing data in landslides studies during the 1980s, 1990s and 2000s, and presented Tables that
instigated me to create Table A3.1 and A3.2. Interesting is that in their discussion they already talked about the
challenges that the multi-temporal behavior of landslides bring, whereas these have started to get attention only
recently by Samia et al. (2017a). Another study was done by Nichol et al. (2006), who investigated visual
interpretation techniques for landslide hazard management for their applicability on large areas. Already at that
time, when satellite imagery and processing was more costly than today, their cost-benefit analysis concluded
that satellite imagery is preferable over aerial. Interesting also is their conclusion on the absolute minimum
requirement for spatial resolution of the imagery of 10m, which is consistent with both previous and later
research by Mantovani et al. (1996), Murillo-García et al. (2014a) and Casagli et al. (2016). Furthermore Alkevli
& Ercanoglu (2011) determined after Soeters & Van Westen (1996) minimum object sizes needed for landslide
identification for six different imagery. This confirms my decision to regard imagery with spatial resolution of
at least 10m only in the results of this research question even more. Last of all, the SafeLand (2011) project
(ECFP7) worked on guidelines for the selection of appropriate RS technologies for monitoring different types
of landslides. Although not specified to LIM, I have used their resulting fact sheets on the different RS techniques
to create Table A3.1.
b) Literature without LIM
This second category of literature includes all articles that proved useful in answering this research question
where no landslide inventory was created. I will now elaborate them in chronological order so to emphasize the
rapid trends and developments of landslide research as described in the introduction. First one that is worth
mentioning here is the work of Cheng et al. (2004), who performed a pixel-based image classification for LIM
using pre- and post-event satellite imagery. While instead of an inventory they produced a band-ratio difference
image usable in change detection, they were one of the first in landslide research who used multi-temporal
satellite imagery. Also, Weirich & Blesius (2006) did not look at landslide inventory- but susceptibility maps,
for which production requires landslide inventory maps. Sources used in both works have been taken up in Table
A3.1. Gao & Maro (2010) explored ASTER imagery by overlaying with visually interpreted inventory from
aerial imagery that was 30 years older. Relevant here is the fact that although the spatial resolution of ASTER
imagery is not sufficient to detect landslides, the imagery proved to be useful still as insight in distribution
change of landslide-affected sites was achieved. Also worth mentioning here is the trend of using radar
techniques in landslide research (Bardi et al., 2014; Kiseleva et al., 2014; Schlöger et al., 2015b; Barla et al.,
2017; Bovenga et al., 2017), for LIM this will shortly be discussed in one of the next categories. Successful with
even coarser resolutions was the research of Roberts-Pierel et al. (2015). They created a tool to detect landslides
by using satellite imagery (Landsat 8) and DEM, incorporating auxiliary rainfall data. The model did not provide
results with accuracies sufficient to be regarded as actual landslide inventories. Nevertheless their work needs
to be taken into consideration for answering this research question since it is an important first step in an
automated framework that uses freely available satellite imagery. Lastly Fuller et al. (2016) quantified
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connectivity3 to better understand landscape dynamics and the contribution of landslides to slope–channel
coupling over a time span of 65 years using six sets of aerial photography flown between 1946 and 2011.
Although debris was mapped instead of the landslides themselves, its importance lies in the fact that it is one of
the very few works where multiple TS were mapped through visual interpretation.
c) Literature on LIM without using satellite imagery
This category includes all literature on LIM by visual interpretation of aerial- photographs, analysis of laser
radar- (i.e. LiDAR) and thermal imagery and other non-spaceborne sources. I will now elaborate these sources
found in that order.
First of all methods is the oldest of LIM, visual interpretation of aerial imagery has been in constant use for this
purpose since world war two (Smith, 1943; Colwell, 1960; Miller, 1961; Thompson, 1966; Rib & Liang, 1978;
Van Zuidam, 1986; Pike, 1988; Brunsden, 1993; Soeters & Van Westen, 1996; Paine & Kiser, 2003; Guzzetti
et al., 2006a; Allum, 2013; Lillesand et al., 2014). While here methods were substantially different than for
pseudo-stereoscopic interpretation of satellite imagery, the underlying contexts and rules are essentially the same
(Galli et al., 2008; Lillesand et al., 2014). Literature sources that use and describe these techniques therefore
have majorly contributed to the creation of the identification framework. A blanket explanation of these
techniques is given by Guzzetti et al. (2012).
Secondly is the visual or non-heuristic analysis of products obtained from LiDAR, consisting mostly of DEMs
(including slope maps and shaded relief images e.g., Ardizzone et al., 2007; Van Den Eeckhaut et al., 2007;
Haneberg et al., 2009). By being the only technique that penetrates canopy, examples particularly proved to be
important for LIM in forested areas (Haugerud et al., 2003; Schulz, 2007; Van den Eeckhaut et al., 2007; Booth
et al., 2009; Razak et al., 2011). Guzzetti et al. (2012) even call it the most promising application for LIM over
larger areas because it is comparable to the visual interpretation of panchromatic stereoscopic aerial photographs
(Haugerud et al., 2003; Schulz, 2004, 2007). After their literature review the method was even automated
successfully (Chen et al., 2014) as well as used to create MLI (LaHusen et al., 2016).
Thirdly are airborne techniques that use the thermal infra-red (IR) spectrum for LIM. In their earlier introduced
literature review, Scaioni et al. (2014) write the following: “Thermal IR data can be used to measure the relative
difference of land surface temperature (LST) in the different parts of a slope, which can be related to soil
moisture and groundwater circulation. Both might be indicators of high hydrogeological risk. Soil saturation is
one of the most important factors in determining stability conditions and the activation of slope movements,
especially shallow landslides, and should be evaluated together with real-time rainfall data for early-warning
purpose.”. However actual examples from literature still are in coming (Guzzetti et al., 2012). Literature sources
using spaceborne techniques using thermal IR will be presented in the next categories.
Last of all I found literature sources with remaining miscellaneous methods of LIM. Although sources from this
category do not contribute to Table A3.1, they are relevant results for the main research question as a whole. In
2016 I made use of a laser rangefinder to estimate landslide size and volume in the Three Parallel Rivers area in
China’s Yunnan province. Although I experienced delineating of landslides in the field sometimes difficult
without regarding the satellite imagery, I found out that the difference from measuring with visual interpretation
of satellite imagery were acceptable (Voermans, 2016). Santangelo et al. (2015) used the same approach and
compared the method with making multiple GPS measurements per landslide. Results were very comparable
and both methods proved superior to the information obtained through the visual reconnaissance mapping. They
however commented the following: “The ability to follow a landslide boundary accurately in the field is limited
by the reduced visibility of the slope failure, a consequence of the local perspective, of the size of the landslide,
3

Connectivity is defined as the spatial proximity of landslides to fluvial channels. (Roback et al., 2017)
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and of the fact that the landslide boundary is often indistinct or fuzzy.” (Santangelo et al., 2015). Next of all,
LaHusen et al., (2016) presented an integrated approach to dating landslides on a regional scale by augmenting
quantitative surface roughness analysis with radiocarbon dating and numerical landscape modelling used Near
Oso, USA. By using radiocarbon dates from samples of wood they were able to trace landslide tracks from
events that occurred over 5000 years ago. Also, Catini et al. (2016) looked into a potential tool to map the
continuous space distribution of landslide volumes, and Bussmann & Anselmetti (2010) performed a singlechannel reflection seismic survey in Central Switzerland, where one of the largest historic landslides of the
Alpine region was released already back in 1806AD. Finally, in contrast to the other sources in this category,
the work of Taylor et al., (2015) was done ex-situ. They were able to amend both landslide events and additional
information on e.g. impact on two time slices by systematically searching an archive of regional newspapers
published in the UK.
d) Literature on LIM by non-heuristic methods on satellite imagery
This category includes all literature on LIM by non-heuristic methods that use satellite imagery. These include
all literature sources that use spaceborne radar, thermal IR and multispectral imagery. Panchromatic sources will
not be discussed at all since they contain no additional information to analyze (Moine et al., 2010; Guzzetti et
al., 2012), neither will hyperspectral sources as no work that exploit these was found at all. I will now elaborate
on the resulting literature sources in this order.
First of all, as earlier mentioned there is a trend of using spaceborne radar imagery in landslide research (Bardi
et al., 2014; Kiseleva et al., 2014; Schlöger et al., 2015b; Barla et al., 2017; Bovenga et al., 2017). Other works
of reviewing research as mentioned in the first category of this paragraph have already looked thoroughly on
radar (SafeLand, 2011; Guzzetti et al., 2012; Scaioni et al., 2014). Techniques are however primarily used to
measure- and construct time series of surface deformations , not for landslide identification (Guzzetti et al.,
2012). Despite that, some LIM has been successful using the radar spectrum (Del Ventissette et al., 2014; Di
Martire et al., 2016; Novellino et al., 2017). Studies have put to light the limitations and difficulties of these
methods (Wasowski and Fabio, 2014; Lazecký et al., 2015) and given the purpose and target audience of this
research I will neglect any methods on- and sources of radar.
Secondly examples with the use of spaceborne thermal IR imagery for LIM are also limited, and can evidently
be neglected for this research. The main reason for this is the too high spatial resolution from the existing thermal
satellites (ASTER, Landsat & Sentinel, therefore absent in Table A3.1). For other purposes in landslide research
it can however still be a viable source (Scaioni et al., 2014).
Finally I found many works where multispectral imagery was used in non-heuristic methods for LIM. One of
the first successful work using SPOT-5 imagery was carried out by Cheng et al. (2004). Lin et al. (2007) used
the same satellite source and also yielded with acceptable results. At the same time however, using the same
satellite source Borghuis et al. (2007) were not. Such pixel-based landslide detection algorithms often result in
significant over- and underidentifications and a limited accuracy (Marcelino et al., 2009; Martha et al., 2009).
This is why research has also explored object based landslide detection algorithms. One of the first doing so
were Barlow et al. (2006), who successfully detected landslides also by using SPOT-5 imagery, combined with
DEM. Notwithstanding, in both types of methods recent works are shifting from semi-automated to more and
more and even almost fully automated methods (Guzzetti et al., 2012; Scaioni et al., 2014). Lastly publications
are emerging where methods have been used that cannot be categorized in either. Yu & Chen (2017) for example
used a selective search technique as image segmentation to detect landslides using Landsat-8 imagery, combined
with DEM. Its 30m resolution however is far from sufficient for visual interpretation, Landsat series are therefore
absent in Table A3.1.
e) Literature on LIM by visual interpretation of satellite imagery
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This last category of literature sources that did not create MLI is the spaceborne substitute of the earlier
mentioned visual interpretation of aerial imagery. As mentioned in the 1st category, Murillo-García et al. (2014a)
already did literature research that helped supplement Table A3.1. I will get back on the presented hardware
techniques for stereoscopy further on in this chapter, as these result from the second research question. Missing
in their literature research however are the important works of Haeberlin et al. (2004) and of Saba et al. (2010).
Firstly Haeberlin et al. (2004) found out SPOT-5 imagery is suitable for LIM by pseudo-stereoscopy (further on
applied imagery with finer spatial resolution by Roessner et al., 2005; Bajracharya & Bajracharya, 2008; Sato
& Harp, 2009; Othman & Gloaguen, 2013; Dagdelenler et al., 2014; Tang et al., 2016; Voermans, 2016) for
their study area in the tropics of Nicaragua. In addition it is interesting that they already stressed out the
importance of updating landslide inventory with multi-temporal imagery after future events, which essentially
creates MLI. The requirement of DEM for pseudo-stereoscopy proved no limitation in any of the literature
sources, since spatial resolution of DEM is inferior to that of the imagery. As a result visual interpretation via
WEB portals, where often no information on the resolution of underlying DEM is given, has proved successful
in LIM (Sato & Harp, 2009; Dagdelender et al., 2014; Voermans, 2016). Examples are Bing Maps, Google
Earth, Mapbox and the unfortunately nowadays shut down Virtual Disaster Viewer (Guzzetti et al., 2012). Also
despite that Google Earth may locally show TS with aerial imagery, simple visual interpretation checks can
confirm whether imagery is spaceborne or not (Crowder, 2007; Sisak, 2011). Secondly Saba et al. (2010) created
inventory after testing imagery from multiple satellite sources for their applicability for on-screen stereoscopy.
Their results are represented in Table A3.1.
For more spatially complex study areas than for example the tropics (Haeberlin et al., 2004), a finer spatial
resolution is often needed and therefore attempted to achieve in pre-processing. For example Nichol et al. (2006)
and Murillo-García et al. (2014b) were successful in LIM by stereoscopic interpretation of pan sharpened
IKONOS imagery and GeoEye imagery respectively. Alternatively Alkevli & Ercanoglu (2011) were able to
create landslide inventory consisting of simple hazard boundaries and locations by stereoscopic interpretation of
false colour composite ASTER imagery. At the same time however, Marcelino et al. (2009) used image fusion
techniques (i.e. pan sharpened) on Landsat-7 and SPOT-5, yet failed to realize resolution sufficient to identify
landslides properly for LIM. Additionally Fiorucci et al. (2011) found out that pan sharpened imagery did not
provide better results than panchromatic imagery for LIM by stereoscopic interpretation. This is in line with the
emphasis made by earlier mentioned literature research of Guzzetti et al. (2012) and Scaioni et al. (2014) on the
importance of proper pre-processing. Lastly Smith et al. (2013) mentioned potential for visual interpretations
via augmented or mixed reality view. Until today however no work has been done where imagery has been preprocessed to use such technologies in LIM as far as I was able to come across in this literature research.
f) Literature where MLI created by visual interpretation of satellite imagery.
Despite the deficiency in MLI addressed in the Chapter 1, I was able to gather several existing work that created
MLI while conducting my literature review for this final category of literature found. Evidently most articles
found focused on amending- or relied on the earlier mentioned Collazzone study area (Ardizzone et al., 2011;
Fiorucci et al., 2011; Ardizzone et al., 2013) thanks to satellite imagery. Necessary to point out is the reason
why it was over time possible to construct this MLI to the completeness it is in today. The study area is constantly
monitored for its landslide triggering factors, being intensive rainfall, snow melt and to a lesser degree seismic
activity (Cardinali et al., 2006; Ardizzone et al., 2007). As landslide signatures are most clearly visible in the
weeks after the triggering events, having this auxiliary information by hand makes it possible to identify
optimized amounts of landslides. Additionally more auxiliary data on topology, geo-morphology and land use
is available of the study area (Samia et al., 2017a). Lastly I found out that geomorphological expertise of the
user that performs visual interpretation is of great importance for the quality of MLI (Ardizzone, 2017 skype
interview).
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Aside from the Collazzone MLI, I did find some literature where less detailed and/or shorter time-spanning MLI
was created. The previously mentioned work by Gao & Maro (2010) for example did not produce MLI with
consistence in TS, despite the decrease in resolution of the 2nd TS important information is yielded about the
evolution and distribution change of the landslides. Tang et al. (2016) created an MLI of which certain TS come
from visual interpretation of satellite imagery, but have also noted that the TS created from other methods are
inconsistent. At the same time a MLI with consistent TS was produced by Golovko et al. (2015) by combining
landslide event data from Tables of local organizations, analogue landslide maps created by field campaigns,
pseudo-stereoscopic interpretation of mono- and multi-temporal satellite imagery and automated detection from
multi-temporal satellite imagery. In the next research question more elaboration will be given on how this MLI
has been composed. Lastly Taylor et al. (2015) also created a MLI with consistent TS, although landslides are
not represented by polygons but by point features. Reason for this is that they amended both landslide events
and additional information on e.g. impact on two existing TS by systematically searching an archive of regional
newspapers published in the UK, dating back to the 18th century. Lastly LaHusen et al. (2016) were able to
create MLI that dates even older. The resulted MLI however loses out on temporal detail because of their
methodology that is very different from field mapping.
Resulting availability of satellite sources
To facilitate overlapping sciences (see thesis Ch 1.1.1) and not only geomorphologists and landslide experts,
results from the literature research shall be given as clear, pragmatic and to the point as possible. In Table A3.1,
all usable sources and corresponding relevant features are shown. It is inspired by-, and shall be a continuation
of the overview provided by Metternicht et al. (2005) The headers in Table A3.1 represent the following features
of the satellite source that are relevant for visual interpretation (e.g. tile size left out; irrelevant) to create MLI:
-

Satellite: Only satellites positively tested upon their characteristics in the visual spectrum in literature are
represented.

-

Free: whether the satellite source is freely available for research purposes or not (includes when having to apply
for certain permissions). If only available through applications, henceforth features (headers to the right) only
account for share of tiles that are freely available through such procedures.

-

Spatial boundaries: Geographical coverages of each satellite source(e.g. some sources only cover certain parts
of a hemisphere).

-

Temporal boundaries: start and (if present) end dates of source in between which it provides for imagery,
including yet-to-be-launched sources and ended missions.

-

Spatial resolution: only the resolutions of visual spectrum usable for visual interpretation for MLI. If any
limitations to spectral resolution, this will here be noted down between brackets (e.g. PAN for panchromatic if
containing of only black and white pixels).

-

Temporal resolution: Average return times4 of satellites. Attention is paid to moments imagery was taken in
relation to cloud coverage, snow coverage, reflectance or shadow and other artefacts, seasonality (tree leaf
coverage, crop stages etc.), to the identified landslides, i.e. does the inventory include landslides from the most
recent landslide-triggering event only or from whole of the past?

4

The time span between tiles that cover the same geographical area.
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-

Required (pre-)processing: both application steps for free availability (see header ‘Free’) as well as steps on
the imagery itself and possibly required additional data (e.g. SAR, LIDAR etc.). If pseudo-stereoscopy or mixed
reality is possible with the imagery, required processing for this is included here.
To complete the overview, I need to elaborate on those of the resulted satellite sources that are freely available
(Table A3.1). In Table A3.2, each of the satellite sources the corresponding portal(s) or owner(s) and application
process are presented. This process however is depending on the position of the user; for example students,
researchers and local committees are more likely to succeed in an application process than commercial
researchers. Additionally, location of the user may play a role as well. Citizens of the EU for example may be
more likely to get access to ESA’s imagery archive, whereas citizens of Japan may have more chance with
JAXA’s archive. I therefore browsed through application processes of all possible imagery providers, and noted
down such circumscriptions in Table A3.2.
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Satellite
Access
ALOS-1
LL
ASNARO-1/2
P
Astrobus-XS/S/L
PU
Cartosat-1
LL , LL
Cartosat-2
PU
Cartosat-2D/E
PU
CBERS/HJ/SJ/ZY
PU , LL
ChubuSat-1
PU
Deimos-2
LL
DMC+4/Beijing-1
PU
Dubaisat-1
PU
Dubaisat-2
PU
EgyptSat-1
PU
EgyptSat-2
PU
EO-1
LL
EROS-A
PU
EROS-B
PU
FORMOSAT-2
PU
FORMOSAT-5
PU
GaoFen-1/6
PU
GaoFen-2/7
PU
GeoEye
LL
GoTurk-1
PU
GoTurk-2
PU
IKONOS
LL
Iris
PU
KANOPUS
PU
KazEOSat-1/2
PU
KOMPSAT-2
LL
KOMPSAT-3
PU
Landmapper-HD
PU
LAPAN-1/2
PU
Monitor-E
PU
Nigeriasat-2
PU
Orbview-3
LL
ORS-1/TacSat's
PU
PlanetScope
LA
Pleiades
LL
PRISM
PU
Qsat-EOS
PU
Quickbird
LU
RapidEye
LA , LL
RASAT
PU
RazakSat
PU
Resourcesat-1/2 LL , LL, LL
Resurs-DK1
PU
RISESat/RISING-2
PU
Sentinel-2
LA , LA , LA
Sich-2
PU
SkySAT
LA
SPOT-1/4
LL , LL , LU
SPOT-5
LL , LU
SPOT-6/7
PU
SSOT
PU
Superview-1
PU
TeLEOS
PU
TES
PU
Theia
PU
Theos
PU
TopSat
PU
TripleSat/DMC3
PU
UOSAT-12
PU
VNREDSat-1
PU
VRSS-1
PU
VRSS-2
PU
Worldview-1
LL
Worldview-2
LL

Owned
JAXA
JAXA
Airbus
ISRO
ISRO
ISRO
CRESDA
JAXA
Urthecast
CRESDA
SIIS & EIAST
SIIS & EIAST
NARSS
NARSS
NASA, usgs
ImageSat
ImageSat
NSPO
NSPO
CRESDA
CRESDA
DigitalGlobe
TUBITAK
TUBITAK
DigitalGlobe
Urthecast
ROSCOSMOS
Airbus
SIIS
SIIS
Astrodigital
TUB
NTs OMZ
Airbus
DigitalGlobe
USAF
Planet
Airbus
JAXA
JAXA
DigitalGlobe
Planet
TUBITAK
ATSB
ISRO
NTs OMZ
JAXA
Airbus , ESA
SSAU
Planet
Airbus
Airbus
Airbus
FACh
Spaceview
SIIS
ISRO
Urthecast
Airbus
Airbus
Airbus
Airbus
VAST
ABAE
ABAE
DigitalGlobe
DigitalGlobe

Table A3.1
from - In orbit - to Spat res (m) Temp res (days)
24-01-06 12-05-11
2.5
46
06-11-14 01-06-18
0.5
30 All found satellites including
15-09-15 01-06-18
0.7
3
05-05-05 01-06-18
2.5
116 parameters according to Table 1. No
10-01-07 01-06-18
1
4
18-02-17 01-06-18
0.65
4 values for temporal resolution (Temp
19-09-07 01-06-18
2.36
26
res) imply nothing could be found.
06-11-14 01-06-18
10
19-06-14 01-06-18
0.75
2
Spatial resolution (Spat res) is given
27-10-05 01-06-18
4
4
29-07-09 01-06-18
2.5
in the highest resolution possible,
21-11-13 01-06-18
1
8
17-04-07 19-07-10
7.8
13 regardless of imagery being
16-04-14 14-04-15
1
21-11-00 30-03-17
10
16 panchromatic or pan-sharpening or
05-12-00 24-04-12
1.9
4
other pre-processing is required for
25-04-06 01-06-18
0.7
4
21-05-04 20-06-16
2
1 that resolution. “01-06-18” is the
24-08-17 01-06-18
2
2
29-09-12 01-06-18
2
4 most recent recorded date of orbit
19-08-14 01-06-18
0.8
5
01-09-08 01-06-18
0.4
3 and does not imply end of mission.
05-12-16 01-06-18
0.8
2
Owned displays no intermediate
18-12-12 01-06-18
2.5
2.5
24-09-99 31-03-15
0.82
3 clients but the satellite’s end
25-11-13 01-06-18
1
22-06-12 01-06-18
2.1
17 providers only. Abbreviations of the
30-04-14 01-06-18
1
2
28-07-06 01-06-18
1
28 means of access of the imagery are
26-03-15 01-06-18
0.4
28
as following: PU: paid/unattainable
14-07-17 01-06-18
2.5
4
01-07-91 01-06-18
6
to access as European student; F:
26-08-02 21-01-08
8
11-08-11 01-06-18
2.5
2 free; LA: licence proved accessible
26-06-03 23-04-07
1
3
in this research; LU: license proved
11-06-11 01-06-18
1
26-11-13 01-06-18
3
1
02-12-12 01-06-18
0.5
26 unattainable in this research; LL:
23-01-09 01-06-18
10
licence proved accessible for only a
06-11-14 01-06-18
5
18-10-01 27-01-15
0.61
2.5 limited amount and coverage of tiles.
29-08-08 01-06-18
6.5
5.5
17-08-11 01-06-18
7.5
4 Several satellites are accessible
14-07-09 24-10-11
2.5
7
29-09-97 01-01-10
6.5
24 through multiple ways, therefore font
15-06-06 07-02-16
0.8
6
colours represent to which satellite
24-05-14 01-06-18
5
25
23-06-13 01-06-18
10
5 owner the mean of access refers to.
25-08-11 12-12-12
8.2
21-11-13 01-06-18
0.8
1 Satellites are grouped (by “ / ”) if
22-02-86 19-06-13
10
26
03-05-02 31-03-15
5
26 they have a successor.
30-06-14 01-06-18
1.5
26
16-12-11 01-06-18
1.45
37
26-12-16 01-06-18
0.5
2
16-12-15 01-06-18
1
1
22-10-01 01-06-18
1
3
25-11-13 01-06-18
5
01-10-08 01-06-18
2
26
27-10-05 01-06-18
2.5
4
10-07-15 01-06-18
0.8
1
28-04-99 21-09-03
10
07-05-13 01-06-18
2.5
3
10-10-12 01-06-18
2.5
4
09-10-17 01-06-18
1
18-09-07 01-06-18
0.5
1.7
08-10-08 01-06-18
0.46
1.1
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Table A3.2. Overview of application processes of all freely available satellite sources that have potential for
MLI creation by visual interpretation. Font colours are similar to those used in Table A3.1 and represent to
which satellite owner the mean of access refers to. Abbreviations of the means of access of the imagery are as
following: PU: paid/unattainable to access as European student; F: free; LA: licence proved accessible in this
research; LU: license proved unattainable in this research; LL: licence proved accessible for only a limited
amount and coverage of tiles. Satellites are grouped (by “ / ”) if they have a successor.
Satellite
ALOS-1

Owned
JAXA

Access
LL

Cartosat-1

ISRO

LL , LL

CBERS/HJ/SJ/ZY

CRESDA

PU , LL

Deimos-2

Urthecast

LL

EO-1
GeoEye

NASA, usgs
DigitalGlobe

LL
LL

IKONOS

DigitalGlobe

LL

KOMPSAT-2

SIIS

LL

Orbview-3

DigitalGlobe

LL

Application process
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery
1) Register for Indian Geo-platform 2) Download queried imagery . 1) Register at ESA's My Earthnet, 2) Apply for
queried imagery by explaining planned usage, 3) Download once application accepted 4) Clip imagery
1) Register at CBERS' INPE image catolog 2) Download MARLIN imagery query tool 3) Download queried imagery
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery
1) Register at EROS Registration System 2) Download queried imagery from EarthExplorer 3) Clip imagery
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery 5) Re-adjust panchromatic colour scheme
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery 5) Re-adjust panchromatic colour scheme
1) Register at EROS Registration System 2) Download queried imagery from EarthExplorer 3) Clip imagery 4) readjust panchromatic colour scheme

1) Register for Planet Explorer 2) Apply for Education & Research API key 3) Download within 10.000 km 2 /month
quota via Planet Explorer or FME's Workbench once API key received 4) Clip imagery
Pleiades
Airbus
LL
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery
Quickbird
DigitalGlobe
LU
1) Write application letter for imagery grant to The DigitalGlobe Foundation 2) Download once application
accepted
RapidEye
Planet
LA , LL
1) Register for Planet Explorer 2) Apply for Education & Research API key 3) Download within 10.000 km2/month
quota via Planet Explorer or FME's Workbench once API key received 4) Clip imagery . 1) Register at ESA's My
Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once application accepted 4)
Clip imagery
Resourcesat-1/2
ISRO
LL , LL, LL 1) Register for Indian Geo-platform 2) Download queried imagery . 1) Register at ESA's My Earthnet, 2) Apply for
queried imagery by explaining planned usage, 3) Download once application accepted 4) Clip imagery . 1)
Register at CBERS' INPE image catolog 2) Download MARLIN imagery query tool 3) Download queried imagery
Sentinel-2
Airbus , ESA LA , LA , LA 1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery . 1) Register at EROS Registration System 2) Download queried imagery from
EarthExplorer 3) Clip imagery . 1) Register for Planet Explorer 2) Apply for Education & Research API key 3)
Download within 10.000 km2/month quota via Planet Explorer or FME's Workbench once API key received 4) Clip
imagery
SkySAT
Planet
LA
1) Register for Planet Explorer 2) Apply for Education & Research API key 3) Download within 10.000 km 2 /month
PlanetScope

SPOT-1/4

SPOT-5
Worldview-1
Worldview-2

Planet

LA

quota via Planet Explorer or FME's Workbench once API key received 4) Clip imagery
LL , LL , LU 1) Register at EROS Registration System 2) Download queried imagery from EarthExplorer 3) Clip imagery . 1)
Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery . 1) Register at CNES' THEIA 2) Download queried imagery
Airbus
LL , LU
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery . 1) Register at CNES'THEIA, 2) Download queried imagery
DigitalGlobe
LL
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery
DigitalGlobe
LL
1) Register at ESA's My Earthnet, 2) Apply for queried imagery by explaining planned usage, 3) Download once
application accepted 4) Clip imagery
Airbus
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Appendix 4

Auxiliary datasets of the Collazzone study area used in validation of the
created muliti-temporal landslide inventory
For each of the three available auxiliary datasets (Figure A4.1, A4. 2 and A4.3), Coverage (eq 12), Numerical(eq 13) and Areal (eq 14) correctness were calculated per class c, which are summed up in Table A4.1. Some of
these values are skewed because of very small amounts of landslides within the c through which the parameters
are calculated. For this reason, Figure A4.4 provides insight in absolute numbers and Figure A4.5 in distribution
of absolute surface area per class per c for both the MLI. No significant differences found between the auxiliary
datasets (Figure A4.1, A4.2 and A4.3) “underneath” the created and the existing MLI. Within each c, landslides
seem to be prominent in interjacent areas between classes.
Table A4.1. Coverage (eq 12), Numerical- (eq 13) and Areal (eq 14) correctness calculated for each class per
c. No landslides within alluvial and travertine classes of c geology in existing MLI.

Auxiliary data
c

Class
Alluvial deposit
Clay
Conglomerate
Intrjacnt
geology
Limestone
Marl
Sand
Sand-silt
Travertine
Arable
Forest
Grass
land use
Intrjacnt
Orchard
Vineyard
>15
0-5
slope
05-10
10-15
Intrjacnt

Coverage Correctness ( %)
( %)
Numerical Areal
0.5
0.0
0.0
0.6
37.9
29.2
0.8
12.5
20.1
28.8
36.3
27.1
1.5
2.9
0.4
15.1
37.3
38.5
4.7
27.1
34.4
48.0
24.5
30.9
0.1
0.0
0.0
42.4
30.3
36.1
4.6
18.6
23.4
0.1
44.4
52.7
52.0
25.8
33.8
58.6
36.4
60.1
31.1
28.6
0.6
3.8
68.9
91.1
2.5
17.6
21.6
16.9
36.9
89.8
13.3
60.4
99.8
63.6
59.5
11.8
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Figure A4.1. Geological map of the Collazzone study area with simplified classes, derived from a 1:250.000
scale geological map (Servizio Geologico Nazionale, 1980). Alluvial deposits are mainly located in the lowest
places on the western border of the area near the Tevere river, while travertine, marl, limestone and conglomerate
are located in the higher regions to the east. Amidst these the clay, sand and sand-silt is in general centrally
located.
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Figure A4.2. Land-use types of the Collazzone study area with simplified classes. Because of the dense variation
between mostly forested and arable areas there is a high level of interjacency in land use class for the landslides.
From satellite imagery, it is visible that the land use allocation is not consistent in time, but no other land-use
map could be found to map land-use change.
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Figure A4.3. 10 × 10 m DTM of the Collazzone Study area, including upper right an unscaled derivative map
of slope classes. Minimum elevation can be found on the west border of the area, where the Tiber river flood
plain has its lowest point at 145m above sea level. Maximum elevation is found in the east where a mountain
range begins, with its highest point within the study area at 634m above sea level. Within these extremes the
foothills can be seen throughout the study area.
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Figure A4.4. Absolute counts (in #) of landslides Nc and of correctly identified landslides CNc per class within
the c (geology, land use and slope) of the created MLI (black) and existing MLI (grey). No landslides were
identified within alluvial and travertine of c geology in the existing MLI.
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Figure A4.5. Distribution of absolute values of surface area (in m2) of accumulated landslides LAc and
accumulated correctly identified landslides CAc per class within the c of both the created MLI (black boxplots)
and the existing MLI (grey boxplots). Landslides within classes alluvial and travertine of c geology are absent
in existing MLI.
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Appendix 5

Rejection of and application for license of DigitalGlobe imagery
Dear Michiel,
Thank you for your recently submitted application for an imagery grant through The DigitalGlobe Foundation.
We are sorry to say that we are not able to fulfill your request for imagery. There are many deciding factors in
the process of evaluating an application and unfortunately we do not always have the flexibility to grant all
applicants.
We wish you the best of luck with your research.
Sincerely,
The DigitalGlobe Foundation Team

This electronic communication and any attachments may contain confidential and proprietary information of
DigitalGlobe, Inc. If you are not the intended recipient, or an agent or employee responsible for delivering this
communication to the intended recipient, or if you have received this communication in error, please do not
print, copy, retransmit, disseminate or otherwise use the information. Please indicate to the sender that you
have received this communication in error, and delete the copy you received.
DigitalGlobe reserves the right to monitor any electronic communication sent or received by its employees,
agents or representatives.
------------------------------------------------------------------------------------------------------------------------------------Multi-temporal landslide inventories have been able to instigate innovative research on the domain of landslides.
Recently, the existence of path dependency among landslides was quantified, which leaded to a new definition
for landslide susceptibility modelling (Samia et al., 2016. He is my Thesis supervisor). However, until today
there is only one adequate time-consecutive multi-temporal landslide inventory available for the long run (>50
years) worldwide. This signifies the potency and therewith the demand for comparable inventories. It is therefore
meaningful to look into the requirements for creating such multi-temporal landslide inventories. My research
will therefore aim to recreate this existing multi-temporal landslide inventory as much as possible, using only
satellite imagery (whereas the inventory was created using satellite imagery, aerial imagery, legacy data,
auxiliary data, and field survey). The aim is to solve the question: Could a multi-temporal landslide inventory
be created out of only spaceborne remote sensing? Therewith it hopes to contribute to the question on how more
multi-temporal landslide inventories can be made, in order to make renewed landslide susceptibility modelling
possible in other regions, and instigate comparable innovative research on the domain of landslides.
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Landslide susceptibility modelling (or mapping) is crucial for engineers, geologist, and land use planners for
prevention and mitigation of landslide hazards. It has been applied since the late-seventies, and has consistently
been improved all along technological improvements ever since. Simultaneously, landslide inventory maps are
always necessary for such assessments. These maps identify landslide locations represented by either points or
polygons and are generally mono-temporal, describing landslides that occurred over a longer period or in
response to several events. From such inventories, it is not possible to estimate the time-dependent effect of
landslides on landslide susceptibility, which may lead to susceptibility assessments that are biased (Samia et al.,
2016). Recently, the existence of path dependency among landslides was quantified, which leaded to a new
definition for landslide susceptibility modelling. This signifies the potency and therewith the demand for more
multi-temporal landslide inventories. Therefore my research hopes to contribute to the question on how more
multi-temporal landslide inventories can be made, in order to make renewed landslide susceptibility modelling
possible in other regions, and instigate comparable innovative research on the domain of landslides.
42°47'08"N 12°21'47"E to 42°55'57"N 12°30'10"E
any RGB imagery with resolution < 3m of the last 20 years (because of studying on the multi-temporal domain
through pseudo-, meaning draping on DEM, or stereoscopy ) that you could spare.

