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Abstract. Controls on landsliding have long been studied, but the potential for landslide-induced dam and lake formation has

received less attention. Here, we model possible landslides and the formation of landslide dams and lakes in the Austrian Alps.

We combine a slope criterion with a probabilistic approach to determine landslide release areas and volumes. We then simulate

the progression and deposition of the landslides with a fluid dynamic model. We characterize the resulting landslide deposits

with commonly used metrics, investigate their relation to glacial land-forming and tectonic units, and discuss the roles of the5

drainage system and valley shape. c2We discover that modeled landslide dams and lakes cover a wide volume range. In line c2Eng: Text
added.

with real-world inventories, c3we further found that lake volume increases linearly with landslide volume in case of efficient c3Eng: and

damming c4- when an exceptionally large lake is dammed by a relatively small landslide deposit. The distribution and size c4Rev2: ,
i.e. small
land-
slides
damming
large
lakes

of potential landslide dams and lakes depends strongly on local topographic relief. For a given landslide volume, lake size

depends on drainage area and valley geometry. Largest lakes form in glacial troughs, while most efficient damming occurs10

where landslides block a gorge downstream of a wide valley, a situation preferentially encountered at the transition between

two different tectonic units. Our results also contain inefficient damming events, a damming type that exhibits different scaling

of landslide and lake metrics than efficient damming, and is hardly reported in inventories. We c5assume that such events also c5Eng: hy-
pothesize

occur in the real world and c6emphasize that their documentation c7is needed to better understand the effects of landsliding on c6Eng: need
c7Eng: Text
added.

the drainage system.15

1 Introduction

Landslides are a major threat to human lives and infrastructure in mountain ranges worldwide. Beyond the direct hazard due

to the moving mass, landslides can initiate natural hazard cascades by damming rivers and initiating catastrophic flash floods

and debris flows (e.g. Costa, 1985; Costa and Schuster, 1988; Cui et al., 2009). Through such long-range effects, even unwit-

nessed landslides occurring in remote areas matter. Many landslide dams tend to fail shortly after c8their formation (Tacconi c8Eng: Text
added.

20

Stefanelli et al., 2015), while resistant dams get filled by sediments, complicating their documentation and the assessment of

their impoundment potential. Thus, most landslide dam and lake inventories only contain relatively large dams. Several ge-
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omorphometric indices have been developed to quantify the probability of landslides obstructing the valley and the stability

of the resulting dams (Swanson et al., 1986; Canuti et al., 1998; Ermini and Casagli, 2002; Korup, 2004; Tacconi Stefanelli

et al., 2016). However, studies on the formationc9of c10 landslide dams and lakes, and on its dependence on factorsc11that c9Eng: Text
added.
c10Eng: po-
tential
c11Eng: Text
added.

25

in�u encetopography, such asc12contributing drainage areac13of riversat their damminglocation, geologicc14 preconditioning

c12Eng: Text
added.
c13Eng: ,
and
c14Eng: al

andc15long termclimaticforcing are scarce.

c15Eng: to-
pograph-
ical

c1Contributing drainageareaat thedammingposition has been considered ac2n importantvariablein computing obstruction

c1Eng: It
c2Eng: con-
trol
in

and stability indices (e.g. Ermini and Casagli, 2002; Korup, 2004; Tacconi Stefanelli et al., 2016; Swanson et al., 1986).c3This

c3Eng: Text
added.

attention to drainageareais dueto thelong termevolution of mountain landscapes:drainage area, as a proxy for discharge, is30

c4is relatedto river �ow length(Hack, 1957),channelslope(Flint, 1974)andriverwidth (Finnegan et al., 2005; May et al., 2013).

c4Eng:
inher-
ently
linked to
�ow
lengthof
a river
(Hack, 1957),
with the
relation
among
thetwo
variables
depend-
ing on
the
pattern
of the
drainage
network
(e.g. Ribolini and Spagnolo, 2008)

c5In particular, thelatter two propertiesmayexert a strongcontrol on river dammingby landslidedepositsandon thevolume

c5Eng: Text
added.

of thetherebycreatedlakes.

Mountain topography is conditioned by surface processes and the resistance of rocks against erosion. Both variables in�u-

ence landslide occurrence (Hermanns and Strecker, 1999; Korup, 2008; Peruccacci et al., 2012), and likely exert control on35

dam and lake formation. Fluvial and glacial processes shape valleys and their �anks in typical ways. While �uvial valleys

typically have a V-shaped cross-section with a narrow �oor and straight �anks, glaciers scour U-shaped valleys with wide and

�at valley �oors and �anks steepening uphill (e.g. Davis, 1906; Harbor and Wheeler, 1992; Prasicek et al., 2015). Sediment

�lling, however, may cause widening of both glacial and �uvial valley �oors (Schrott et al., 2003), and hanging sections of

glacial valleys may exhibit inner gorges — very narrow �uvially incised canyons (Montgomery and Korup, 2011).40

Rock strength constrains the steepness of hillslopes (Selby, 1982; Montgomery, 2001). Thus, lithology has an impact on the

valley's morphology, in�uencing both the valley �oor and the valley �anks (Robl et al., 2015; Goudie, 2016; Baumann et al.,

2018). Landslides can effectively dam rivers in narrow valleys, since landslide volumes required to impound the river �ow are

small. However, only small lakes can form in narrow and steep valleys. Further, the steepness and relief of the valley �anks

control the spreading of the landslide mass as well as its runout. Thus, both surface processes and lithology may in�uence the45

formation of landslide dams and lakes.

From these considerations, the question arises how potential landslide-dammed lakes are distributed across a mountain

range, and how dam and lake characteristics are related and vary regionally as a function of drainage area, topography and rock

type. While landslides and their occurrence have been extensively studied, supported by monitoring techniques ranging from

remote sensing to geophysics (e.g. Nichol and Wong, 2005; Hölbling et al., 2012; Stähli et al., 2015), modeling of landslide50

distribution (Hergarten, 2012) and susceptibility (Reichenbach et al., 2018), potential damming of rivers by landslides and

resulting lakes have received less attention (Korup, 2005).

In this study,c6we combine numerical methods from the �eld of natural hazardswith conceptsof long term landscape c6Eng: Text
added.

evolution. Therefore, wec7employ a modeling approach to investigate the in�uence ofc8mountain topographyc9, which dif- c7Eng: use
c8Eng: Text
added.
c9Eng: Text
added.

fers in termsof predominant lithology and prevailing erosive surface processes(i.e. glacial versus�u vial conditions), c10

c10Eng: and
glacial
imprint

55

on the potential occurrence of landslide dams and landslide-dammed lakesc11 and on landslide and lake characteristics. We

c11Eng: in
Austria,
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further calculate common landslide dam obstruction and stability indices, develop a simple approach to estimate the volume of

potential landslide-dammed lakes and compare our results to real-world inventories.
c1TheAustrianAlps areaperfectnatural laboratory to investigatetheimpactof differing landscapegeometriesonproperties c1Rev2: Text

added.
of potential landslide-dammedlakes.Besidetheavailability of ahighresolution DEM (Open Data Österreich, starting 2015),a60

detailedgeologicalmap(Bousquet et al., 2012; Schmid et al., 2004)andanextensivelandslideinventory (Kuhn, visited 2020.07.27),

the study areafeaturesvarious topographicpatternsrelated to contrasting lithological units and different climatic forcing

(e.g. Robl et al., 2015).Thetopographicevolution of theEasternAlps, of which theAustrianAlps areanessential part,started

with theLateOligocene- Early Mioceneindentation of theAdriatic microplateinto Europe(e.g. Handy et al., 2015).While

timingandratesof topographyformationof variouspartsof theEasternAlpsarestill debated(see Bartosch et al., 2017, and references therein),65

north-southshortening andcrustalthickening in concert with �u vial dissection by major alpinedrainagesystems(e.g. Inn,

Salzach,Enns,Mur, Drau drainagesystems) causedthe formation of mountainous topography, with deeply incised val-

leys separated by inter�uves with mountain peaksrising above3 km. Locatedat mid-latitudes,the Austrian Alps were

partly glaciatedduring the Pleistoceneandstill feature glaciersat the summit domains.While the topography in the west-

ern half of the studyareawasintenselyreshapedby repeatedglaciations, the eastern half showsa purely �u vial landscape70

(Fig. 3; Robl et al., 2008, 2015).Sincemajor tectonic units with their characteristic lithological inventory strike west-east

(Fig. 4; Bousquet et al., 2012; Schmid et al., 2004),we candirectly comparetheimpactof glacialand�u vial dominatedland-

scapeson occurrenceandsizeof landslidedammedlakeswithin individual tectonic units.This allows a distinction between

lithological andclimaticcontrol.

2 Materials and Methods75

We use a novel combination of different numerical algorithms to model the formation of landslide dams and lakes. Our mod-

eling work�ow consists of three main steps: determination of landslide release areas and volumes, simulation of landslides,

computation of geomorphometric parameters of landslide dams. Finally, we use the retrieved information to characterize and

discuss dam and lake formation (Fig. 1).

2.1 Topographical, glacial and geological datasets80

c2To modellandslideswe use a freely available LiDAR-based digital elevation model (DEM) of the Austrian Alps (Open Datac2Eng: Text
added.

Österreich, starting 2015) with a spatial resolution of 10m. The geophysical relief is based on thec31 arc second ASTER c3Rev2: Text
added.

GDEM V3 (NASA/METI/AIST/Japan Spacesystems, and U.S./Japan ASTER Science Team, 2019).c4We usean Austrian c4Rev2: Text
added.landslide inventory containing the location of 194 events(Kuhn, visited 2020.07.27). We consider the glacially overprinted

terrains to be found within the mapped extent of the last glacial maximum (LGM) originating from Ehlers and Gibbard (2004).85

We display the mapped tectonic units of the Alps (Fig. 4; Bousquet et al., 2012; Schmid et al., 2004) over the study area.

However,c5thetectonic unitsarenot homogeneousandcomprisea high lithological andstructural variability. Sincelithology c5Rev2: as
thegeo-
logical
and
structural
variabil-
ity
remains
high
within
the
tectonic
units

and discontinuities are a big control for erosion resistance, we do not venture to classifyc6the tectonic units according to

c6Rev2: them

resistance to erosion.
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Figure 1. Work�ow of modeled landslide dam creation across the Austrian Alps, and their geomorphometric analysis.

2.2 Geophysical relief90

We computed the geophysical relief of the study region with a circularc1moving window of 2.5km radius. The topographic c1Rev2: slid

envelope is obtained by taking the maximum elevation within thec2moving window. A Gaussian �lter is applied to smooth thec2Rev2: slid

resulting dataset. Geophysical relief is then computed by subtracting the actual topography from the topographic envelope.

2.3 Determination of landslide release areas and volumes

Determining locations prone to landsliding and the respective potential volumes is challenging, in particular for landslides95

in solid rock. The approach proposed by Hergarten (2012) still seems to be the only modelc3 which is able to predict the c3Rev2: in
this
contextobserved power-law distribution of rockfall and rockslide volumesc4in a simple andcomputationally ef� cient manner. The
c4Rev2: Text
added.model is a combination of a geomorphometric analysis and a probabilistic approach. First, the algorithm stochastically chooses

a seed pixelc5(i.e. a randomly pickedpixel), then classi�es the pixel slope to determine the stability of the local rock mass.c5Rev2: Text
added.

Slope classi�cation is based on lower and upper slope thresholds de�ning absolutely stable and absolutely unstable conditions,100

respectively. A linear increase in the probability of failure is assumed between these two limits. In case of failure, material is

removed from the destabilized pixel until its slope reaches the minimum slope threshold. Thisc6 local changeof topography c6Eng: Text
added.

affects the slope of the adjacent pixels which are subsequently evaluated. In this way, the landslide area spreads until stable

4



slope conditions at the seedc7 pixel and its neighborhood are achieved. So the initiation of landslides depends on the localc7Rev2: ing

slope, while the �nalc8 landslide size also depends on the size of suf�ciently steep contiguous areas, which is related to thec8Eng: Text
added.

105

local relief.

For each seedc1pixel, the code �nally outputs the area of the contiguous unstable pixels and the thickness of the substratec1Rev2: Text
added.

layer needed to be removed from each pixel to stabilize the area. In the next step, this data is used as release area and volume

to model the landslides.

Hergarten (2012) found that thec2 exponent of the landslide size distribution shows only a weak dependence on the thresholdc2Rev2: the110

slopessmin andsmax , while the total number of events triggered and the maximum event size are strongly affected by these

parameters. It can be expected thatsmin andsmax depend on lithology. However, the dependency has not been investigated

systematically so far. Hence, we use the same uniform slope threshold values,smin = 1 (45� ) andsmax = 5 (79� ), applied by

Hergarten (2012) to reproduce the distribution of landslide volumes in the Alps. Implications on landslide metrics and their

spatial distribution are explained in detail in the Discussion section.115

To avoid memory issues in the simulations, we split the DEM into 14 smaller tiles for computational reasons and introduce

buffer frames to account for the run-out of the landslides. We �ll the sinks of the DEM and compute the �ow accumulation and

topographic gradient using Topotoolbox (Schwanghart and Kuhn, 2010; Schwanghart and Scherler, 2014).

2.4 Landslide simulation

Once the landslide release volumes have been determined, we simulate the runout of the landslides. As the model for the120

volume involves no time scale, it is assumed that the entire volume is released instantaneously.

We use a depth-averaged granular �ow similar to shallow-water equations as introduced by Savage and Hutter (1989) in

combination with the Voellmy rheology. In comparison with frictional and Bingham rheologies, the Voellmy rheology most

accurately reproduces the debris deposition when simulating landslides with depth-averaged �ow solvers (Hungr and Evans,

1996).c3Thisrheologicalmodel makes use of two parameters (Voellmy, 1955): a velocity squared drag coef�cient� (consisting c3Eng: It
only

125

of density and drag coef�cient) and a dry friction coef�cient� (the ratio between the needed sliding force and the force

perpendicular to the rupture surface). Drag increases with velocity. Hungr and Evans (1996) found values of� ranging from

100 to 1000ms� 2, and values of� from 0.03 to 0.24 by back-analyzing 23 rock-avalanches. An analysis using Gerris with the

Voellmy rheology on the 1987 Val Pola rock avalanche in Italy found that� = 150 ms� 2 and� = 0 :12are the most appropriate

coef�cients (Sanne, 2015).130

Testing the in�uence of the two parameters, we found that they show no consistent in�uence on the modeled lake volume

results (Supplementary Fig. A1). While the velocity squared drag coef�cient� hasc4only aslightnegative impact on landslide c4Rev1: no

deposit height, an increase in dry friction� results - as expected - in notably higher values (Supplementary Fig. A1b). However,
c5neither � nor � doesc6 systematically change lake depths and volumes (Supplementary Fig. A1a). This shows that, whilec5Rev1: Text

added.
c6Rev1: notmaximum deposit heights increase, depths and volumes of dammed lakes and hence average geometries of landslides damming135

valleys are not consistently affected. Thus, we chose to keep the Voellmy coef�cients determined by Sanne (2015). We do not
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Table 1.Geomorphometric parameters mentioned in the article and their notation.
° The extent of the sediments involved in the dam is hardly de�nable, thus the dam volume is not computed.

Vlandslide Landslide volume
Vdam ° Dam volume
Vdep Volume of landslide deposit
Vlake Volume of landslide-dammed lake
H dam Dam height (cf. Fig. 2)
H dep Maximum landslide deposit height, "dam height proxy" (cf. Fig. 2)
H lake Maximum dammed lake depth, "dam height proxy" (cf. Fig. 2)

Ab Catchment area upstream of dam blockage
S Channel slope at the dam pixel of highest �ow accumulation

L lake Lake length (along the river)
Wlake Lake width (cross-sectional)
Vp lake Predicted volume of landslide-dammed lake using easily calculable geo-

morphic parameters.

take into account the entrainment of sediments and the loosening of bedrocks, that could increase the volume of the detached

mass.

Several methods and various software tools are currently available to implement depth-averaged �ows and model �ow slides,

debris �ows and avalanches and reconstruct landslide dams (Hussin et al., 2012; Schraml et al., 2015; Delaney and Evans,140

2015; Lin and Lin, 2015). We use Gerris because of its computational performance, �exibility, widespread use in �uid-�ow

mechanics, and its open-source policy (Popinet, 2003). Gerris can be employed to simulate avalanches and debris �ows even in

steep terrain due to a series of correction terms, which allow to bypass the almost-horizontal �uid table requirement by solving

the shallow water equations in Cartesian coordinates (Hergarten and Robl, 2015). Correction terms for the acceleration of the

�uid layer and the applied �ow resistance law (Voellmy rheology) were tested and validated against Rapid Mass Movement145

Simulation (RAMMS), the leading software and industry standard for rapid mass movement simulation (e.g. Christen et al.,

2010).

To reduce computation time, we discard landslides with volumes< 105 m3. c1 We assume sea level altitude (i.e. 0m eleva- c1Rev2: In-
dividual
land-
slidesare
modeled
on
10:25 km � 10:25 km
DEMs.

tion) outside of Austria. This affects the �ow simulation and we thus discard manually the 77 landslides and lakes in contact

with the DEM border. As such, there is an underestimated landslide damc2density within 8km of the DEM border. We model

c2Rev1: prob-
ability

150

each landslide for a run-out time of six minutes. Due to high �ow velocities, this time span is suf�ciently long for the rock

mass to deposit (i.e. for the landslide momentum to decrease to a small fraction of its maximum values).

After completing the simulation, the landslide mass is added to the DEM. The DEM is then �lled using GRASS GIS and

the maximum landslide-dammed lake volume is computed by subtracting the original DEM from the �lled DEM including the

landslide mass.155

2.5 Geomorphometric parameters, damming percentage and indices of landslide dams

We compare the geomorphometric parameters (Table 1) of our modeled landslide dams to those of landslide dams from existing

inventories (Table 2). Except for Fan et al. (2012) and Tacconi Stefanelli et al. (2015), these studies focus on river-damming

landslides only. Various indices have been developed to predict the ability of a landslide to dam a valley and the longevity

of the dam. Those indices rely on simple parameters of the landslide, dam, lake and valley: the landslide dam volumeVdam160

6



(m3) and heightHdam (m), the landslide volumeVlandslide (m3), the lake volumeVlake (m3), the upstream catchment area

Ab (km2) and the local slope of the �uvial channel at the point of dammingS (m=m). They allow to estimate the potential

landslide damming risk. c1Fan2020: Chi-
nese

To characterize our modeled dams, we use the landslide deposit volumeVdep and the upstream catchment area of the dam-

covered pixel with the highest �ow accumulation (Ab). The slopeS is taken as the D8 slope (steepest outwards slope for a grid165

cell to one of its eight neighbors) at the same pixel location. Two metrics can be considered as proxies forHdam : the maximum

height of the landslide depositHdep (m) and the maximum depth of the dammed lakeH lake (m) (Fig. 2). TakingH lake as

proxy for Hdam is possible because we use a �lled, and hence depression-free DEM, as a basis for landslide modeling. The

maximum depth of the lake must thus be located close to the dam and represents the vertical distance from the lowest point in

the dam cross-section (Fig. 2b) to the lowest point in the valley longitudinal view (Fig. 2c). In contrast,Hdep is located in the170

deposit but not necessarily close to the dam (Fig. 2b). We assume the height metrics to follow the relation:

H lake � Hdam � Hdep (1)
c2Fan2020: Text
added.

Landslide dams are commonly classi�ed in a binary and simple fashion between complete and partial blockages based on

their planform geometry (Hermanns, 2013). Complete dam blockages are landslide deposits that fully obstructed the river

�ow and formed a lake. Partial dam blockages are landslide deposits that encountered the river bed and may have triggered175

an avulsion, but did not completely impound the river. Complete blockages are much more dangerous than partial blockages

and tend to trap sediments while partial dams increase the river sediment load. Following Croissant et al. (2019), we assume

that all of our modeled landslides, given their high volume, the initiating slope threshold and the self-similar structure of river

networks, reach a river bed, and thus qualify as either complete or partial blockages (Lucas et al., 2014). However, to avoid

differentiating binarily between complete and partial dams through a visual inspection of thousands of modeled landslide180

dams, we compareHdep to H lake by using theH lake
H dep

ratio to create a continuous damming scale. IfH lake
H dep

is small, then

Hdep � H lake , the landslide likely did not fully obstruct the valley, while ifH lake
H dep

is closer to 1,Hdep � H lake , the landslide

probably obstructed the valley.

In our study, we compare six obstruction and stability indices. Obstruction criteria have been developed to differentiate

landslides leading to complete blockages from those leading to partial ones, while stability criteria aim to assess dam stability185

c11(e.g. the probability of the dam not failing) from simple geomorphometric parameters. Some indices can serve as bothc3Fan2020: Text
added.

obstruction and stability criteria. The two indices that aim to classify the landslides according to their potential obstruction

power and stability are the Blockage IndexBI and the Hydromorphological Dam Stability IndexHDSI . TheBI

BI = log
�

Vdam

Ab

�
(2)

c12whichdivideslandslidedamvolumeby theupstreamcatchmentarea, was developed by Swanson et al. (1986), then modi�edc4Fan2020: Text
added.

190

by Canuti et al. (1998), who replaced the landslide volume by landslide dam volume. Tacconi Stefanelli et al. (2016) introduced

more recently theHDSI

HDSI = log
�

Vlandslide

AbS

�
(3)
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which differs from theBI by taking into account the channel slope. Both indices can be computed prior to landsliding (using

the original version of theBI ).195

Conversely, all otherc1four indices use geomorphometric parameters linked to the dam or/and the lake, and thus can only bec5Fan2020: Text
added.

used after landsliding to assert the dam stability. Casagli and Ermini (1999) proposed the Impoundment IndexII

II = log
�

Vdam

Vlake

�
(4)

which accounts for lake volume when estimating the landslide dam stability. The Dimensionless Blockage IndexDBI

DBI = log
�

Ab � Hdam

Vdam

�
(5)200

coined by Ermini and Casagli (2002), considers the dam height, allowing to indirectly take into account the steepness of the

dam �anks. Korup (2004) introduced two new indices also based on landslide dam height, the Backstow IndexIs and the Basin

IndexIa

Is = log
�

Hdam
3

Vlake

�
; Ia = log

�
Hdam

2

Ab

�
(6)

In contrast to theBI andHDSI , the stability indices (II , DBI , Is andIa ) use a non-dimensional combination of properties205

(volume per volume, or area per area), which should give more consistent results across different scales.

While the indicesBI , II , andDBI use the volume of the dam instead of the total volume of the deposits, determiningVdam

automatically for large data sets is nontrivial. We therefore useVdep instead ofVdam when computing the indices. This may

lead to an overestimation of the volume if signi�cant parts of the deposits do not reach the valley �oor.

In turn,Vdep is in general underestimated by our approach, mainly because the increase in volume by bulking via fragmenta-210

tion and entrainment of further material is not taken into account. The Gerris solver even loses a small part of the volume at the

tail of the landslide since layers below a given threshold thickness are disregarded. Thus, we have the following relationship:

Vdam � Vdep < V landslide . However, the underestimation ofVdep is only relevant if we consider the landslide dam in relation

to the detached volume which is not a subject of this study.

3 Results215

We calculated landslide release areas with 100 landslide seeds perkm2 and obtained 1057c2releasevolumes larger than 105 m3 c6Fan2020: Text
added.

in the Austrian Alps.c3We thenusedthesereleasevolumesandsimulatedtherunoutof landslides.We further investigatedif c7Fan2020: Text
added.

landslide-dammedlakesareformed.In thefollowing result sections,wedescribethe1057simulatedlandslidesandlandslide-

dammedlakes:their spatial distribution, their geometric characteristicsandtheir associatedstability andobstruction indices.

3.1 Distribution of c4simulated landslides and landslide dams across the Austrian Alps c8Fan2020: Text
added.

220

c9Fan2020: Text
added.The distribution of reported landslides in the Austrian Alps (Kuhn, visited 2020.07.27; Dufresne et al., 2018) is linked to

topographic characteristics and geomorphological process domains (Fig. 3, green circles). Most of the landslides are located in

the western part of the study region, within high topography with signi�cant relief occupied by glaciers during the last glacial

8



Table 2.Landslide dam and lake volume ranges from around the world compared to our generated landslide-dammed lakes. Thec1Wenchuan
landslide dams all originate from the 2008 Wenchuan earthquake. Numbers are approximates.
[a ] Modeled landslide dams and lakes.[b] The modeled landslides with volume below105 m3 were not computed.[c] TheH dam proxies are
writtenH lake | H dep . [d] Except for the Tangjiashan landslide dam outlier which impounded3� 108 m3 of water.c2[e] Usoidam,lakeSarez,
Tajikistan.[f ] Numberof databaseeventswith providedlakevolume.

Area & Reference Min
Vlandslide
or Vdam (m3)

Max
Vlandslide
or Vdam (m3)

Min Vlake
(m3)

Max Vlake
(m3)

Min
H dam
(m)

Max
H dam (m)

Damming
landslide
number

Alps, Austria [a ] (This paper) 7:7 � 104 [b] 9:9 � 107 0:0 7:9 � 107 0 | 3 [c] 75 | 155[c] 1057
Alps, Austria
(Dufresne et al., 2018) 1:5 � 107 2:1 � 109 0:0 1:1 � 109 40 450 5
Apennines, Italy
(Tacconi Stefanelli et al., 2016) 3:0 � 104 1:1 � 108 - - - > 100 300

Taiwan (Chen et al., 2014) 6:0 � 102 5:0 � 108 - - 3 300 64
Wenchuan, China
(Fan et al., 2012) - 7:5 � 108 4:2 � 103 2:1� 107 [d] 1 160 828

New Zealand (Korup, 2004) 4:0 � 104 2:7 � 1010 1:0 � 104 5:0 � 109 5 800 232
Japan (Korup, 2004) 3:0 � 103 1:2 � 109 2:0 � 103 6:0 � 108 - -
USA (Korup, 2004) 1:9 � 103 1:5 � 109 1:0 � 103 5:5 � 108 - -
World-wide (Korup, 2004) 4:3 � 103 1:3 � 109 2:0 � 103 4:0 � 109 - - 184
World-wide
(Costa and Schuster, 1988) 7:0 � 104 2:8 � 109 1:1 � 105 6:8 � 108 3 550 225

c3World-wide (Fan et al., 2020) c41:2 � 103 c55:0 � 109 c60:0 c71:6 � 1010[ e] c82 c91000 c10443[f ]

Figure 2. De�nition of the heightsH lake , H dam andH dep in cross and longitudinal sections of a landslide dam.H lake andH dep can be
easily computed whileH dam cannot.H lake : maximum lake depth,H dam : landslide dam height,H dep : maximum landslide deposit height.

maximum (LGM). Modeled landslidesc5(Fig. 3, white circles)andinventory landslides(Fig. 3, greencircles) showc6similar c10Fan2020: Text
added.

spatial patternc7s, thusimplying that the spatial heterogeneity in landslide occurrence arises fromc8 landscape characteristics.c11Rev2: Text
added.

225

c9High local slope has a strongc10positive in�uence onc11simulated landslide density, whilec12high landslide volume is rather c12Rev2: Text
added.
c1Eng: Text
added.
c2Eng: land-
slides
with
volumes
c3Rev2: Text
added.

c13driven byc14high relief.

c4Rev2: Text
added.
c5Rev2: Text
added.
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Figure 3. Spatial distribution of modeled and real-world landslides in the Austrian Alps plotted on geophysical relief. Landslide volume is
re�ected by the circle size. LGM extent is depicted by a blue line (Ehlers and Gibbard, 2004). The landslides marked by the green circles
were compiled by Kuhn (visited 2020.07.27). Hillshades were computed from freely available LiDAR-based digital elevation model (DEM)
of the Austrian Alps (Open Data Österreich, starting 2015).

c1Areas with high and low geophysical relief valuesc2spatially coincide with contrasting tectonic units (compare Figs. 3 and

c6Rev2: a

c7Rev2: (Fig.3,
white
circles).
This
indicates

4) c3. This suggestsc4that lithologyc5exerts an important control on geophysical relief and hence landslide occurrence in thec8Rev2: dif-
ferences
in
c9Rev2: For
our
modeled
land-
slides,
c10Rev2: Text
added.

study region (Fig. 4). For example, major historical landslides are reported for the Northern Calcareous Alps (NCA) but not230

for the adjacent Greywacke zone (the structural base of the NCA). Thisc6distribution is mimicked by our model due to the

c11Rev2: Text
added.

contrasting relief and slope characteristics of the two lithological unitsc7. Similarly, the prediction of many large landslides in

c12Rev2: Text
added.

the Ötztal-Bundshu nappe system and the Pre-alpine basement (gneisses of the Tauern Window) is consistent with landslide

occurrence in the landslide inventoryc8(Kuhn, visited 2020.07.27), while a signi�cantly lower tendency to landsliding is both

c13Rev2: con-
trolled

modeled and reported in nearby tectonic units (e.g. Silvretta-Seckau or Koralpe-Wölz nappe system).235

c14Rev2: Text
added.

Glacial erosion is known to increase valley relief and to steepen valley �anks (Shuster et al., 2005; Valla et al., 2011). To

further investigate the role of glacial imprint in preconditioning the occurrence of modeled landslides, we computed landsliding

densities and spatially distinguishedH lake
H dep

ratios (Table 3). 94.5% of the predicted landslide release areas are situated in

glacially overprinted terrain. The glacial and �uvial landslide densities are 3.0� 10� 2 and 1.3� 10� 3 landslides perkm2,

respectively. As expected, the disparities in landslide occurrence in glacial and �uvial terrain are even stronger for very large240

landslides. This is re�ected in the mean volume that is about 2.8 times higher in the glacially overprinted domain than in the

10



�uvial area. The large landslide volumes also result in larger lake volumes. On average, these are about 2.5 times higher in

the glacially overprinted areas. In relation to the deposit volume, the lake volume is, however, slightly smaller in the glacially

overprinted areas, indicating that smaller lakes are dammed by a landslide deposit of a given volume. The same applies to lake

depths and deposit depths. Both effects are probably a consequence of differences in glacial and �uvial valley geometry.245

3.2 Comparison of geomorphometric parameters

We �rst compared deposit volumesVdep , volumes of the dammed lakesVlake and dam heightsH lake andHdep of our modeled

landslide dams to landslide inventories (Table 2). The modeled deposit volumesVdep range from the de�ned minimum of

105 m3 to a maximum of almost108 m3, while the lake volumesVlake range from0 to 7:9 � 107 m3. Both theVdep and the

Vlake maximums are 10 times smaller than the biggest dam and lake volume reported in Austria, and between 10 and 100250

times lower than the largest volumes found in Japan, the USA and New Zealand. Thisc1�nd ing is not particularly surprising as

the potentialc2for very large landslides decreases through time after deglaciation (Hergarten, 2012). Thec3simulated volume c1Rev2: Spa-
tial
coinci-
denceof
a
c2Rev2: Text
added.

ranges are further in accordance with landslide damc4 and lakec5volumes found in the Apennines by Tacconi Stefanelli et al.

c3Rev2: Text
added.
c4Rev2: Text
added.

(2016). The maximum of ourH lake proxy for landslide dam heights is 6 times lower than reported for Austria, 10 times lower

than in New Zealand, and 2 times lower than those from Wenchuan and Italy. However, the maximum of ourHdep proxy is255

similar to those from Wenchuan and Italy.

c5Rev2: as

The introduced geomorphometric parameters show distinct relationships (Fig. 5), which have also been identi�ed in in-

ventories. We carried out Spearman correlations and �tted power-law relations between the considered properties. Although

the modeled deposit and lake volumes are strongly correlated, with a Spearman-� of 0.72 (Fig. 5a), the deposit volume can

only explain a part of the variability in the lake volume dataset, with a coef�cient of determination (R2) of 0.497. TheII ,260

the logarithm of Vdep

Vlake
, of the modeled landslide dams stretches from 0 to 3, while values from literature are mostly found

between 0 and 2 in Austria (Dufresne et al., 2018) and New-Zealand (Korup, 2004), andc8between-1 and1 for largest dams c6Eng: Text
added.

world-wide (Costa and Schuster, 1988; Fan et al., 2020) (Fig. 5a). The height ratioH lake
H dep

of our modeled landslides is strongly

correlated to theII (color coding in Fig. 5), and �eld observations of landslide dams are found among the simulated results

with high height ratios. In this way,H lake
H dep

is linked to Vdep

Vlake
, and both ratios are indicators for ef�cient damming, i.e. relatively265

small landslides damming relatively large lakes. Power-law �tting shows that lake volume increases non-linearly with deposit

volume for all events and that the meanII decreases from 2.2 to 1.6 over the considered volume range. For damming events

with highest lakes volumes relative to deposit volumes, i.e. ef�cient damming, however, lake volume increases linearly with

deposit volume.

Lake volume exhibits an inverse relationship with channel slope. Combining the channel slope (Fig. 5b) with deposit volume270

explains more of the lake volume variability (R2 = 0 :544> R 2 = 0 :497).

The dam height proxiesHdep andH lake scale non linearly with the deposit volume (Fig. 5c), reproducing reported relation-

ships (Costa and Schuster, 1988; Chen et al., 2014; Dufresne et al., 2018). The deposit height correlates strongly (� = 0 :93)

and presents less dispersion than the lake depth (� = 0 :68). Similar to the deposit to lake volume relation, the lake depth �ts the

literature data best for highH lake
H dep

ratios. The power law exponents (� = 0 :40; � = 0 :46) are close to each other. Landslides of275

11




