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Abstract: Deep-seated gravitational slope deformations (DSGSDs) endanger settlements and
infrastructure in mountain areas all over the world. To prevent disastrous events, their activity
needs to be continuously monitored. In this paper, the movement of the Reissenschuh DSGSD in the
Schmirn valley (Tyrol, Austria) is quantified based on point clouds acquired with a Riegl VZ® -6000
long-range laser scanner in 2016 and 2017. Geomorphological features (e.g., block edges, terrain
ridges, scarps) travelling on top of the landslide are extracted from the acquired point clouds using
morphometric attributes based on locally computed eigenvectors and -values. The corresponding
representations of the extracted features in the multi-temporal data are exploited to derive 3D
displacement vectors based on a workflow exploiting the iterative closest point (ICP) algorithm.
The subsequent analysis reveals spatial patterns of landslide movement with mean displacements
in the order of 0.62 ma−1 , corresponding well with measurements at characteristic points using
a differential global navigation satellite system (DGNSS). The results are also compared to those
derived from a modified version of the well-known image correlation (IMCORR) method using
shaded reliefs of the derived digital terrain models. The applied extended ICP algorithm outperforms
the raster-based method particularly in areas with predominantly vertical movement.
Keywords: DSGSD; landslide monitoring; laser scanning; remote sensing; geomorphological
breaklines; Reissenschuh landslide

1. Introduction
Deep-seated gravitational slope deformations (DSGSDs) pose a serious threat to settlements and
infrastructure in mountain regions all over the world. Therefore, their spatial extent must be assessed
and their activity needs to be monitored. Various monitoring techniques can be used to quantify
landslide movement at characteristic points, along profiles or area-wide. Measurement techniques at
points include (i) continuous or periodical measurements with a differential global navigation satellite
system (DGNSS) [1,2], (ii) geodetic techniques using a tachymeter or a level [3,4] and (iii) techniques
for measuring distances such as laser distance meters or wire extensometers [5,6]. Monitoring
techniques applicable along profiles include (i) indirect, geophysical measurements [7,8] and (ii) direct
measurements e.g., by using inclinometers [9,10]. Only remote sensing techniques—collecting
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information about an object without physical contact [11]—can provide an area-wide coverage of an
area of interest. In several studies, the movement of DSGSDs has been assessed using various kinds of
sensors and techniques, including (i) space-born differential synthetic aperture radar interferometry
(DInSAR) [12,13] as well as ground-based DInSAR [14,15], (ii) terrestrial laser scanning (TLS) [16,17],
(iii) airborne laser scanning (ALS) [18,19] and (iv) photogrammetric techniques [20,21].
The application of DInSAR for landslide monitoring implies limitations on the displacement rate
and direction. Furthermore, this technique depends on the characteristics of the illuminated surface
and is particularly limited in vegetated areas [22]. Photogrammetric techniques typically rely on
imagery acquired from unmanned aerial vehicle (UAV) or terrestrial platforms. Because of limitations
regarding the range and spatial coverage of these acquisition techniques, landslide monitoring based
on photogrammetrically derived point clouds from UAV and terrestrial platforms is usually restricted
to small areas of interest [23]. TLS is a cost-effective technique for monitoring landslide displacements
in a mountain environment. It provides an efficient data acquisition with area-wide coverage and
high measurement precision (in the order of 10 centimetres) [24,25]. An advantage of this technique is
that it can penetrate (high) vegetation and deliver terrain models representing the terrain surface after
filtering, allowing to assess changes of the ground also under forest cover [26].
So far, there is no clear definition of close-range and long-range TLS. The terms ’long-range’,
’very-long-range’ and ’ultra-long-range’ were used in previous studies with maximum scanning
distances of 800 to 6000 m [27–30]. Compared to close-range TLS, long-range TLS (LRTLS) faces
challenges which emerge due to the long scanning distance. Associated phenomena are larger
footprints due to the widening of the laser beam and atmospheric influences affecting the distance
estimation as well as an inhomogeneous point density throughout the area of interest. Hence, also the
measurement accuracy and the detectability of objects and features decreases with increasing scanning
distance [25]. Nevertheless (LR)TLS is an efficient technique frequently used in Geoscience for
acqquiring high-resolution 3D point clouds of the earth surface. For landslide monitoring, TLS is
typically applied to derive multi-temporal point clouds for quantifying surface and volume changes
i.e., deformation and displacement rates in multi-temporal data where geologic and geomorphologic
processes occur in a certain frequency-magnitude relation [31,32]. Change detection and deformation
studies based on TLS have been conducted already a decade ago demonstrating the advantage of
area-wide high-resolution data sets detecting changes and estimating accuracies by comparing TLS
data with GNSS and tachymeter measurements [33,34]. However, an ongoing important key question
is the reliable estimation of error budgets in real world open lab setups in order to determine which
changes are due to real mass movement and which ones do occur due to the measurement principle
itself considering sensor characteristics, measurement setup, and environmental conditions [25,35,36].
Ongoing research focuses on optimizing measurement setups, minimizing registration errors,
automating registration [37] and automating change detection for interpreting landslide induced
surface changes [38,39].
Object-based monitoring approaches allow a more detailed analysis of changes on landslide
substructures [39]. Object-based tracking of displacements may be helpful in cases where velocities,
surface structure and vegetation do not allow the application of common raster-based correlation
methods [17]. In such cases the derivation of displacement vectors from particular geomorphological
structures are promising concepts for detailed interpretation of landslide activity and displacement
patterns as limitations related to raster size and the applied raster aggregation method can be avoided.
Furthermore, displacement can be quantified in 3D using point clouds whereas raster-based approaches
work with 2D maps or 2.5D elevation models.
The objectives and aims presented in this paper are
•
•
•

the automated extraction of geomorphological features,
to establish point neighbourhood correspondences in the multi-temporal data,
to derive significant displacements well above the uncertainty of the acquired point cloud data and
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to compare the results of the applied method to those of a state-of-the-art raster-based change
detection method.

Displacements of a DSGSD located in the Schmirn valley (Tyrol, Austria) are assessed by analyzing
multi-temporal data acquired with a differential global navigation satellite system (DGNSS) and a
long-range terrestrial laser scanner. From the acquired point clouds, 3D-displacement vectors are
derived from extracted geomorphological features travelling on top of the landslide. The DGNSS
measurements, featuring a higher accuracy, serve for validation purposes of the magnitude and
direction of the landslide displacements derived from LRTLS. Particular attention is paid to the error
budget resulting from inherent uncertainties of both monitoring methods. For the area-wide derivation
of 3D displacement vectors an extended version of the well-known iterative closest point (ICP; [40])
algorithm is used. Its results are compared with those of an modified image correlation technique
(IMCORR; [41]).
2. Study Area
The monitored DSGSD is situated on a south-facing slope of the east-west striking Schmirn valley
in Tyrol, Austria (Figure 1a). It is located below the summit of the Reissenschuh (2470 m) and is
surrounded by a mountain range with heights up to 2600 m in the west, north and east. The present
active part of the Reissenschuh landslide covers altitudes between 1700 m and 2300 m.
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Figure 1. Location of the study area (a) in the Schmirn valley and (b) photo of the Reissenschuh DSGSD
from the opposite valley flank. Photo: J. Pfeiffer, 28 June 2016.

The geological substratum around the Reissenschuh DSGSD is characterized by lithologies of the
subpenninic nappe of the Tauern Window. The geological predisposition of the landslide is given by
relatively competent permeable marble containing mica-calcareous phyllites and schists overlaying
soft, incompetent, clayey weathering and impermeable black phyllites [42]. Furthermore, a well
developed set of discontinuity related to the foliation dipping with 30° towards north and sub-vertical,
mostly opened, joints are apparent.
The mean annual precipitation sum recorded on the valley floor at the meteorological station in
Toldern (1461 m) is around 1000 mm with a maximum during the summer months. The mean annual
air temperature at Toldern station is 5.0 ◦C. During the winter months the mean air temperature
drops distinctly below zero, facilitating the accumulation of considerable amounts of snow. In late
spring snow melt and the infiltrating meltwater may cause higher pore pressures which could lead to
enhanced landslide activity.
In the Schmirn valley meadows and pasture are the dominant land use types on the valley floor
and adjacent slopes. Steeper slopes are covered by forest, mainly composed of larch (Larix decidua Mill.)
and spruce (Picea abies L. Karsten). At higher altitudes the forest gets sparser while the proportion of
larch increases. Above an altitude of about 2000 m the land cover is dominated by low vegetation such
as Alpine rose (Rhododendron hirsutum L.), mountain pine (Pinus mugo L.) or Alpine meadows used for
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sheep pasture. Part of the presently active landslide is covered by a sparse larch forest and mountain
meadow with mountain roses and other scrub plants.
3. Materials and Methods
3.1. Differential Global Navigation Satellite System
The spatio-temporal activity of the Reissenschuh landslide was monitored at points with the
help of a DGNSS. On top of 28 boulders distributed all over the study area, surveying nails were
installed. Large boulders of at least 1 m3 in size were selected, all located above the tree line or within
clearances to prevent multipath effects during the DGNSS measurements. In case boulders were
not properly embedded within the soil matrix, up to three surveying nails were installed to assess
effects of eventually rotating movements. The positions of the nails were measured several times a
year, using a Trimble Geo7 receiver with a Zephyr antenna mounted on top of a 2 m pole. During the
measurements of at least five minutes, the pole was fixed upright with a tripod. The measurement
device can handle the signals of several GNSS systems, including GPS, GLONASS, GALILEO and
BEIDOU. The phase and precise code of both carrier frequencies in the L-band (L1 and L2) of
available GPS and GLONASS satellites were recorded. All measurements were corrected in the
post-processing, using simultaneously recorded data from a close permanent GNSS station located
in Sterzing (Italy), about 16 km from the study area. This station is operated by the South Tyrolean
Positioning Service (STPOS), providing continuous data with a temporal resolution of one second.
The resulting uncertainty of the corrected data is in the range of 1.6 cm to 6.8 cm, depending on the
number of available satellites and their geometric constellation during the measurements. After the
post processing, the magnitude and direction of the landslide-induced displacement was derived from
the multi-temporal DGNSS measurements. The results provide data for validating the displacements
derived from the multi-temporal LRTLS measurements.
3.2. Long-Range Terrestrial Laser Scanning
A Riegl VZ® -6000 long-range terrestrial laser scanner was used to acquire 3D point clouds of
the DSGSD on 28 June 2016 and 26 June 2017. The scanner operates with a wavelength of 1064 nm.
It features a class 3B laser which requires precautions in terms of eye safety. Scanning frequencies were
set to 150 kHz and column and line resolutions of 0.003° to 0.004° and 0.003° to 0.006° respectively,
resulting in individual point clouds with up to 395 million points with an average 2D point spacing of
about 5 cm. To minimize the potential uncertainty caused by atmospheric influences, meteorological
data from a nearby meteorological station were considered during the registration of the point clouds.
Further methods of data processing are summarized in Figure 2a and also described in more detail
in the following. The Riegl RiScan Pro software [43] was used for the recalculation and separation of
multiple echos in the air (MTA). All further processing steps such as point cloud registration, ground
filtering, raster aggregation, shaded relief creation, curvature calculation, breakline extraction and
displacement vector derivation were conducted with the SAGA LIS software [44]. For classifying
ground and non-ground points the triangular irregular network (TIN) densification approach proposed
by [45] was applied.
3.3. LRTLS Accuracy Estimation
Prior to the point cloud acquisition the expected measurement accuracy and the associated
detection threshold were estimated, allowing to differentiate between real landslide-induced changes
and data noise. Particularly the unknown atmospheric conditions prevailing in the study area can have
adverse effects on the distance estimation [46]. For the correction of atmospheric influences average
values of temperature, air pressure and humidity were used. These parameters underlie considerable
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spatio-temporal variability especially in mountain regions and consequently lead to uncertainties in
the distance estimation. Following [47], the distance ρ [m] is derived from
ρ=

c∗τ
n∗2

(1)

where τ [s] is the time of flight, c (299, 792, 458 ms−1 ) is the speed of light and n is the atmospheric
refraction index. Subsequently, the refraction index depends on the wavelength of the sensor and
on the prior described varying atmospheric conditions that are temperature, pressure and humidity.
Increasing measurement distance and atmospheric differences between scan position and measured
surface result in higher uncertainties of distance estimation if just one atmospheric correction index n
is applied for the whole dataset. Determination of a maximum and minimum possible atmospheric
refraction index that might occur distributed over the investigation area allow a quantification of the
potential atmospheric uncertainty. Based on the local conditions a maximum atmospheric uncertainty
of up to ±4 cm at a maximum measurement distance of 2500 m and altitude change of 1200 m is
considered for further data processing.
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Figure 2. Processing steps and field setup. (a) Workflow, methods and used software for processing the
LRTLS data and (b) field setup of the LRTLS acquisitions. The photo in the lower right corner shows a
reflector target installed in the study area. The map is shown in the UTM 32N projection (EPSG-Code:
25832). Photo: J. Pfeiffer, 10 June 2016.

Due to the divergence θ of the laser beam (θ = 0.12 mrad in case of the Riegl VZ® -6000),
the footprint size increases with the measurement distance [47,48]. Maximum measured distance
within the study area of about 2500 m, a 30 cm footprint diameter can be expected on a surface normal
to the laser beam axis, considering a Gaussian beam with its footprint radius defined at e−2 irradiance.
Perpendicular conditions create a footprint with the geometry of a circle. Inclined impact conditions
modify the circle geometry to a larger, ellipsoidal footprint. Since there is no clear spatial definition of
where the reflected signal was generated within the projected footprint, the whole footprint should
be considered as a potential range of uncertainty [49]. Assuming planar and spectral homogeneous
surfaces at appropriate footprint scale the positional uncertainty of each laser point according to
measurement distance and local incidence angle can be estimated by applying the approach of [50].
This approach is proven to be a suitable accuracy estimation method and is therefore also applied
within a LRTLS change detection study by [25]. The impact and reflection of a laser beam on inclined
surfaces leads to a stretched received echo pulse. The relationship between widening of the echo pulse
σr and angle of incidence β is well explained within [51] and given by following equation:
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v
u
u
σr
= t1 +
σs

l ∗ tan 2θ
σs ∗ c ∗ tan β

!
(2)

Therefore the pulse widening σσrs as the relation of received echo pulse width σr and emitted pulse
width σs depends on the distance l, the incidence angle β, the beam divergence θ, the speed of light c
and the pulse width σs . Since the speed of light c, the emitted pulse width σs and the beam divergence
θ can be assumed constant, the pulse widening is a function of the incidence angle at specific scanning
distances (Figure 3). A distinct influence of the incidence angle on the echo pulse width is apparent
for angles below 10° and 15° at 1000 m or more scanning distance. An area-wide incidence angle
estimation for the study area indicates that major parts of the active landslide part are observed with
incidence angles that are clearly above 15°. Therefore a distinct effect of pulse widening due to small
incidence angles can be neglected, but footprint sizes of 15 cm in the active landslide part at 700 to
1200 m distance indicate a considerable potential measurement error.
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Figure 3. The relationship of pulse widening (relative and absolute) and incidence angle of the
laser beam at different scanning distances calculated after [51] and using the Riegl VZ® -6000 specific
parameters θ = 0.12 mrad and σs = 3 ns.

3.4. Point Cloud Registration
To facilitate the registration of the acquired point clouds, five square retro-reflective targets with
known geometry (Figure 2b) were installed on stable ground around the active landslide part. In the
far distance, three targets of 0.30 × 0.30 m were installed while for the two targets located closer to the
scanning positions, targets of 0.15 × 0.15 m were chosen. The target’s directions were optimized for the
selected scanning position on the opposite ridge (Figure 2b). The scanning position was determined
by previous visibility analysis based on a digital terrain model (DTM) derived from airborne laser
scanning (ALS). In addition, particular attention was paid to the safety of passers-by, preventing
potential eye injuries due to the class 3B laser. However, the registration based on the retro-reflective
targets’ centres did not provide acceptable results, mainly due to the large footprints in relation to the
size of the targets at far distance. Furthermore, the limited number of targets distributed unevenly
over the study area may have caused a minor tilting of the point clouds. Therefore, the ICP algorithm
after [40] was applied to enhance the registration of the point clouds. However, a major challenge at
quantifying displacement in multi-temporal 3D point clouds is to differentiate between stable and
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unstable areas in advance. The latter must be omitted during registration [37,52]. Therefore, only areas
around the active part of the landslide which did not show significant displacements in the DGNSS
measurements were considered for deriving two sets of transformation parameters by (i) using the
targets’centres and (ii) applying the ICP algorithm. Subsequently, the two sets of transformation
parameters were applied to the whole point cloud including stable and unstable areas.
3.5. Extraction of Geomorphological Breaklines
Geomorphological breaklines are linear features along strongly curved, either convex or concave
morphological items (e.g., block edges, ridges, scarps). Their adjacent areas are characterized
by undulating morphology with unique and recognizable settings. Assuming that the shape of
the breaklines does not change between the data acquisitions, they are well suited to reproduce
point correspondences in the multi-temporal data. These correspondences can be used to compute
3D displacement vectors representing the landslide’s movement in the period between the data
acquisitions. To extract such areas, geometric point cloud features (e.g., geometric curvature) can be
exploited, which are derived for each point considering a defined neighbourhood. The geometric
curvature is based on locally derived eigenvectors representing the principle components in a
covariance matrix. Eigenvectors and eigenvalues have proven feasible in many geometry-based
classification approaches [53,54]. Furthermore, eigenvectors can be used to describe the geometry of
different objects. Planar surfaces for example are characterized by two long eigenvectors parallel to
the surface and one small eigenvector representing the surface normal (Figure 4a).
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r
e2

Y

Y

X

X

Normals (e3)

Figure 4. Sketches of eigenvectors in a point cloud (a) representing a planar surface and (b) estimation
of the geometric curvature within a spherical neighbourhood of radius r. The eigenvector with the
lowest eigenvalue is used as surface normal (e3 ). A high deviation of the direction of the surface
normals yields a high geometric curvature.

The geometric curvature can be expressed based on the surface normals within a defined
neighbourhood, in which the normal vector is represented by the eigenvector with the smallest
eigenvalue (Figure 4b) [55]. Following [55], the geometric curvature Mcurv ( p) for each point p is based
on the average difference between the direction of the local normal vector n p and the direction of the
normal vectors n p( j) of k considered neighbouring points j:
Mcurv ( p) =

1 k
||n p − n p( j) ||
k j∑
=1

(3)

By defining an appropriate geometric curvature threshold, points representing highly convex and
concave structures can be extracted and used for multi-temporal analyses. Parameters for eigenvector
respectively normal vector estimation as well as the curvature threshold were tested to find an
optimal conformity of the derived displacement vectors with the available DGNSS-measurements.
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Nine DGNSS survey points were suited, due to their spatially and chronologically overlap with the
LRTLS point clouds. Search radius and minimum number of neighbours define the neighbourhood for
the eigenvector calculation. Thus, besides the point density, the search radius and minimum number of
neighbours influence the scale of point cloud represented morphologies. Consequently, the eigenvector
based geometric curvature depends on these parameters. Considering a mean 2D point spacing of 5 cm
and the size of the desired geomorphological features, the search radius for the eigenvector estimation
was set to 50 cm and the minimum number of neighbours to 15 to exclude areas with a low point
density from the calculation.
3.6. Point Neighbourhood Correspondence between Epochs
Originally, the ICP algorithm was developed by [40] for an efficient registration and improvement
of already coarsely registered 3D shapes, including 3D point clouds. The proposed ICP-Matching
algorithm implemented in the SAGA-LIS software [44] is based on the ICP algorithm after [40],
but instead of enhancing the registration it is used to assess changes in the already registered
multi-temporal point clouds which occurred between their acquisition. Figure 5a shows a workflow
of the processing steps which are described in the following. First, both point clouds are segmented
into uniform voxels of choosable size (Figure 5b). Then, the ICP algorithm is applied to each voxel,
transforming the segmented point cloud of epoch two (slave) to the respective segment of epoch one
(master) until either a selectable number of iterations or a distance threshold are reached. Furthermore,
a maximum neighbourhood size can be specified, limiting the search radius for corresponding points
of the extended ICP algorithm. Finally, point to surface correspondences [56] are computed, using the
transformation matrix derived for each voxel to connect each point of the master point cloud with its
corresponding surface in the slave point cloud (Figure 5c). Instead of deriving a set of transformation
parameters for registration purposes, this extension of the ICP algorithm allows to derive local
connections in multi-temporal point clouds, potentially representing changes which occurred between
the acquisitions. In case of an active DSGSD the resulting connections can describe the movement
which occurred between the point cloud acquisitions. In the present study voxels with an edge length
of 10.0 m, a maximum neighbourhood size of 1.2 m, a limit of 10 iterations and a distance threshold of
2.0 cm were used.
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Figure 5. Workflow (a) and principle of the ICP-Matching algorithm; (b) Voxels (here: 100 m edge
length) dividing the point cloud into smaller chunks and (c) 3D displacement vectors of point-to-plane
correspondences between point clouds of different epochs after applying the ICP-Matching algorithm.

3.7. Raster Neighbourhood Correspondence between Epochs
The aggregation of point clouds to raster formats using an adequate cell size and aggregation
method enables a raster-based landslide displacement detection [17]. By recognizing corresponding
raster value patterns in two images acquired at different points in time, translational surface
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displacement vectors can be calculated. This can be done by applying an image correlation approach
(IMCORR), that was primarily developed to estimate horizontal flow velocity of glaciers [41,57].
A modified version of IMCORR was used in this study (IMCORR-DEM, [58]), considering imagery
data and digital elevation models (DEMs) for the change detection. IMCORR-DEM allows to assess
2.5D displacements instead of a 2D displacement calculation implemented in the original version.
Corresponding raster cells are matched based on spectral properties of shaded reliefs computed with
the ambient occlusion method proposed by [59] based on the digital surface models (DSMs; 0.2 m
spatial resolution) derived from the unclassified LRTLS point clouds. Complementary elevation data
at the matched locations are then used to estimate the vertical displacement component, resulting in
2.5D displacement vectors. IMCORR-DEM is implemented in SAGA GIS and has proven feasible for
assessing DSGSD-induced changes in a previous study [17]. Advantages and disadvantages of such a
spectral and raster-based correspondence compared to geometry and point-based correspondence will
be discussed in the following.
4. Results
4.1. Landslide Displacements Derived from DGNSS Measurements
Figure 6a shows the displacement direction and the annual horizontal landslide displacement
measured with the help of a DGNSS. Because of the higher uncertainty of the measured elevation,
the vertical displacement component is omitted. Observation points above the landslide’s crown
do not show significant movement above the measurement accuracy. On the active part, significant
annual displacements well above 50 cm and in some cases more than 100 cm in NW-SE direction are
evident. Details about uncertainties at selected observation points are provided in Figure 6 and Table 1.
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Figure 6. Results of the DGNSS measurements. (a) Map showing approximate boundary (red line) of
the active landslide part and the annual horizontal landslide displacement assessed with periodical
DGNSS measurements at selected observation points. Examples of DGNSS time series for observation
points OP-01 (b); OP-07 (c) and OP-17 (d) divided into their direction components and the related
uncertainties (95% quantile). The length of the direction vectors, showing the displacement magnitude
is 50-fold exaggerated. In case of OP-17 (d) two marking nails were installed. Their measurements are
well in agreement. the map is shown in the UTM 32N projection (EPSG-Code: 25832).
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4.2. Elevation Differences and Uncertainty of Multi-Temporal LRTLS Acquisitions
The comparison of digital terrain models (DTMs) derived from the classified TLS data acquired
in June 2016 and 2017 can be used to determine elevation changes that have occurred within the active
landslide part but also to quantify the registration accuracy by looking at assumed stable parts within
the study area. A randomly distributed pattern of elevation gain and loss below the magnitude of the
registration accuracy indicates a proper quality of the registration. Considering the resulting elevation
differences of the approximated terrain (Figure 7a), the active part of the landslide below the scarp
is characterized by a decrease of elevation while the lower part shows an increase. Vertical changes
within one year of up to ±50 cm are clearly detectable and well above the measurement uncertainty.
Along the movement direction, displacements in the order of 80 cm can be detected by comparing the
representation of geomorphological features travelling on top of the landslide. No significant change
can be detected around the active landslide part, excluding some elevation changes caused by still
present avalanche snow or smaller debris flows or rock falls.
In addition, a point-cloud-based approach was applied to extend the information about the
registration accuracy to the third dimension. Point cloud distance estimations were computed along
normal vectors of locally fitted planes on assumed stable parts of the dataset. Selected stable areas
scattered within various distances around the scan position (areas mapped in Figure 7a) including
surfaces with aspects varying from 40° to 200° and slopes varying from 0° to 90° show a maximum 3D
deviation of about ±7 cm (1 standard deviation) (Figure 7b). It is therefore expected that landslide
displacements of at least 20 cm can be detected in the multi-temporal LRTLS data.
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Figure 7. Expected accuracy of the LRTLS measurements. (a) Map showing approximate boundary
(red line) of the active landslide part and rasterized elevation changes (spatial resolution of 1 m)
between the DTMs of the two TLS acquisitions. Changes below 0.1 m are not shown; (b) Boxplots
showing point-to-plane distances (along the locally computed normal vector) between point clouds
within selected stable areas in 700, 1100 and 1500 m distance from the scan position. IQR: Interquartile
range, SD: standard deviation. The map is shown in the UTM 32N projection (EPSG-Code: 25832).

4.3. ICP-Matching Displacement Vectors
Applying a minimum curvature threshold of 0.2 reduces the point cloud covering the active area
acquired in June 2016 from 100.0 M to 33.6 M points (34%) and the point cloud acquired in June 2017
from 204.8 M to 61.0 M points (30%). In total 33.4 M vectors were derived with the ICP-Matching
algorithm within the extracted strongly curved active parts of the landslide. Figure 8a shows a map
displaying the derived 3D displacement vectors, aggregated to median vectors per 2 m cell, represented
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by horizontal lines and coloured by 3D vector length. A distinct spatial pattern of displacement vectors
describing the landslide movement within one year is observable. Below the crown at elevations above
2100 m displacements in the order of 0.6 to 0.8 m are dominating. In contrast, the north-eastern part
below the crown is characterized by displacements less than 0.6 m. A maximum displacement with
magnitudes exceeding 1.0 m can be observed at altitudes between 2000 and 2100 m. Further down the
displacement declines to values below 0.8 m. Considering a detection limit of about 0.2 m, the currently
active part of the landslide can be distinguished well from the surrounding stable areas.
The noticeable turn of movement from an east to a more south-east direction with decreasing
altitude is confirmed by the distribution of the horizontal direction of the derived vectors (Figure 8a,b).
Figure 8b shows the frequency distribution of vectors’ directions, classified by their magnitude.
Displacement vectors in the upper part of the landslide are mainly directed eastwards. Further below,
their magnitudes generally increase while their directions gradually change to south-east. The vertical
components of the 3D displacement vectors show a mean of 27.4° indicating a lower inclination
compared to the mean slope angle of 31.4° (Figure 8c).
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Figure 8. Landslide displacement direction and magnitude derived from the ICP-Matching algorithm.
(a) Map showing approximate boundary (red line) of the active landslide part and spatially aggregated
3D displacement vectors (one median value per 2 m cell); (b) Windrose showing the frequency of
horizontal direction of movement and (c) windrose showing the frequency of the vertical direction of
movement (0° would indicate a pure vertical movement upwards, 90° would represent a horizontal
movement and 180° a pure vertical movement downwards). In (b,c) only displacement vectors with
magnitudes above 0.2 m are shown. The dashed black line and the gray range in (c) indicate the mean
and the standard deviation of the slope angle derived from the DTM. The map is shown in the UTM
32N projection (EPSG-Code: 25832).

4.4. Comparison of LRTLS- and DGNSS-Derived Displacements
Figure 9 shows the classified displacement vectors measured at the observation points with
a DGNSS and derived area-wide with the ICP-Matching algorithm. Generally, the results are in
agreement. Particularly in the areas considered stable, the results of the ICP-Matching algorithm are
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confirmed by the DGNSS measurements. Discrepancies between the results may be attributable to the
considered dimensions (DGNSS: 2D, ICP-Matching: 3D).
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Figure 9. Map showing classified displacement vectors derived from DGNSS measurements (circles)
and from the ICP-Matching algorithm based on the two LRTLS point clouds (vectors). The results are
in good agreement and exhibit comparable spatial patterns of landslide displacements. In case of the
DGNSS results, horizontal displacements (2D) are shown. DGNSS vectors are 50-fold exaggerated.
The map is shown in the UTM 32N projection (EPSG-Code: 25832).

The results of both techniques are directly compared at six DGNSS observation points (Figure 10).
The DGNSS observation points OP07 and OP09, located on the crown of the landslide on stable grounds
(mapped in Figure 9), do not show significant displacement considering the estimated measurement
uncertainty (Figure 10a). The respective directions of the displacement vectors are therefore considered
randomly distributed (Figure 10b). The survey points OP17, OP19, OP20 and OP23, distributed across
the active part of the landslide (Figure 9), show easterly horizontal directions (90°) in the upper part
and more south-easterly directions (120°) in the lower part of the landslide (Figure 10b). Horizontal
directions either determined with DGNSS or based on the LRTLS indicate similar movement directions.
Minor differences are apparent comparing the displacement magnitudes derived from LRTLS and
DGNSS. The median of the point cloud derived vectors at observation point 17 is about 12 cm lower
than the DGNSS-derived horizontal displacement component. At the observation points 19, 20 and 23
the median of the horizontal displacement derived with the ICP-Matching algorithm is about 4–6 cm
above the DGNSS-derived horizontal displacement component. However, the more precise DGNSS
vectors with an uncertainty range of 1.3–2.2 cm (95% quantile, Table 1) are within the variation of the
point cloud derived vectors and within the median-aligned uncertainty range of 18 cm (95% quantile)
of the LRTLS data. More details about the comparison of DGNSS and LRTLS displacements, either in
horizontal direction or in 3D are provided in Table 1.
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Figure 10. Comparison of the (a) 2D displacement and (b) horizontal direction derived from periodical
DGNSS measurements (red) and from the ICP-Matching algorithm based on the two LRTLS point
clouds. Results are shown for six selected DGNSS observation points considering a 10 m neighbourhood.
Outliers are not shown.
Table 1. Annual 2D and 3D displacements considering measurement uncertainty and variation
(95% quantiles for the DGNSS measurements split in spatial components dX,dY and dZ and 1 standard
deviation (SD) for the LRTLS measurements) derived from periodical DGNSS and LRTLS measurements
at the respective observation points. All numbers are provided in centimetres.
Block
OP07
OP09-1
OP09-2
OP17-1
OP17-2
OP19-1
OP19-2
OP20-1
OP20-2
OP23

DGNSS

LRTLS

2D

3D

dX

dY

dZ

2D

3D

1SD (2D)

1SD (3D)

4.5
4.6
4.9
107.1
108.5
89.0
90.5
71.5
71.9
51.6

7.1
10.7
9.2
132.7
132.2
99.7
102.1
73.7
74.4
66.7

0.9
0.9
1.0
1.3
1.5
1.2
0.9
1.0
1.2
1.0

0.9
0.9
1.0
1.5
1.8
1.0
1.1
1.0
1.1
1.1

2.3
1.8
1.8
2.2
2.7
2.9
2.7
2.3
2.5
2.5

3.3

4.2

1.0

0.9

3.7

3.8

1.1

1.1

96.2

121.4

20.5

26.4

93.4

104.3

19.2

22.0

77.2

80.3

5.7

11.0

55.3

75.5

7.2

7.4

4.5. IMCORR-DEM Displacement Vectors
In total 77,247 vectors covering the active part of the landslide were derived with the
IMCORR-DEM algorithm, considering a 2 m spacing for the construction of correlating raster cells
(Figure 11a). Data gaps are mainly related to the presence of high vegetation. In general, the spatial
displacement pattern regarding the direction and magnitude of the derived vectors is similar to
the results obtained with the ICP-Matching algorithm (Figure 8). However, distinct differences
regarding the displacement magnitude in the upper active part of the landslide are obvious. There,
displacements derived with the IMCORR-DEM algorithm are generally lower than those computed
with the ICP-Matching algorithm. In contrast, displacements in the most active part between 2000 and
2100 m are in agreement.
Also the displacement vectors derived with the IMCORR-DEM algorithm show the gradual
change of the landslide’s movement direction (Figure 11a,b). Below the crown the displacement
vectors are mainly directed eastwards. Further below, they are increasingly directed south-east while
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their magnitudes generally increase. With a mean of 26.4°, the vertical components of the 2.5D
displacement vectors fall below the respective mean of the results of the ICP-Matching algorithm
(27.4°) and indicate a lower inclination compared to the mean slope angle of 31.4° (Figure 11c) as well.
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Figure 11. Landslide displacement direction and magnitude derived from the IMCORR-DEM algorithm.
(a) Map showing approximate boundary (red line) of the active landslide part and 2.5D displacement
vectors; (b) Windrose showing the frequency of horizontal direction of movement and (c) windrose
showing the frequency of the vertical direction of movement (0° would indicate a pure vertical
movement upwards, 90° would represent a horizontal movement and 180° a pure vertical movement
downwards). In (b,c) only displacement vectors with magnitudes above 0.2 m are shown. The dashed
black line and the gray range in (c) indicate the mean and the standard deviation of the slope angle
derived from the DTM. The map is shown in the UTM 32N projection (EPSG-Code: 25832).

4.6. Comparison of IMCORR-DEM and ICP-Matching Displacement Vectors
Comparing the resulting vector components of the raster-based (IMCORR-DEM) and point-based
(ICP-Matching), distinct differences of the estimated 2.5D/3D displacement in the order of 10 cm
can be observed (Figure 12b). The point-based method generally generates longer vectors than the
raster-based approach. However, the horizontal and vertical vector components cover the same value
range with an equal value distribution independent of the applied method (Figure 12c,d). Therefore,
the applied method to derive displacement vectors either raster-based or point-based affects the
postulated displacement magnitude but not the direction.
Figure 12a shows the spatial distribution of displacement differences. Areas below the scarp,
where vertical landslide movements are more dominant than horizontal movements (vertical direction
up to 160°) show major deviations of up to 50 cm between the resulting displacement magnitudes.
There, the ICP-Matching approach generally provides longer displacements than the IMCORRDEM approach. At the central parts of the landslide where horizontal movements are dominant
(vertical direction less than 110°) the estimated displacements either based on the ICP-Matching
or the IMCORR-DEM algorithm do not show distinct differences. Consequently, a correlation
between vertical movement direction and the difference of the estimated displacement between
the ICP-Matching and IMCORR-DEM approach can be established (Figure 12e).
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Figure 12. Comparison of the resulting displacements derived from the applied algorithms. (a) Map
showing approximate boundary (red line) of the active landslide part and differences of median
2.5D/3D displacement vectors (aggregated to a 10 m rasters) based on the ICP-Matching and
the IMCORR-DEM algorithms. The boxplots show comparisons of the derived (b) horizontal
direction; (c) vertical direction and (d) displacement magnitude; (e) Scatter plot with linear regression
of the ICP-Matching generated tangent of vertical direction of movement and the difference
(ICP-Matching—IMCORR-DEM) of estimated displacement. The red points were identified as outliers
using the twofold mean of the Cook’s distance. These points were not used to build the regression.
The map is shown in the UTM 32N projection (EPSG-Code: 25832).

5. Discussion
The results of the applied methods, either point-based (ICP-Matching) or raster-based
(IMCORR-DEM), show similarities but also differences when certain parameters like vector direction
(vertical or horizontal) and magnitude are compared. The ICP-Matching approach provides one vector
for each point-to-plane correspondence. The IMCORR-DEM approach on the other hand is not limited
to the number of points but on the given spatial resolution of the derived raster data. This can be
seen as the main factor controlling the resulting number of vectors. In this study the number of
ICP-Matching vectors exceed the number of IMCORR-DEM vectors by a factor of over 400. Although
the number of vectors is not directly interpretable as an indicator for the quality of the described
displacement pattern, the advantage of the ICP-Matching approach is that displacement information
can be acquired within areas where the IMCORR-DEM approach is not operable. Such areas are
commonly steep walls or overhanging cliffs.
The comparison of ICP-Matching and IMCORR-DEM displacement vectors showed that
deviations of vector magnitude are observable where sub-vertical landslide movements occur
(Figure 12d,e). The original IMCORR approach was developed to quantify horizontal changes.
However, the modified IMCORR-DEM approach additionally picks the elevation values of the starting
and corresponding raster cells from the respective DEMs. The observed deviation of vector magnitude
might therefore be caused by uncertainties related to the spatial resolution and the aggregation method
used for computing the DEMs.
A coarse pre-alignment of multi-temporal point clouds is an essential requirement to apply
the ICP algorithm for registration purposes. An ICP-based registration is therefore only feasible if
coherent surfaces can be found within a limited neighbourhood. Exceeding this neighbourhood may

Remote Sens. 2018, 10, 1688

16 of 19

result in erroneous correspondences which would not enhance the registration. Likewise, applying
the ICP-Matching algorithm to assess landslide displacements implies limitations regarding their
magnitude. In this study, this is accounted for by defining a voxel box size, determining a 3D
neighbourhood for which the optimal translational and rotational parameters are estimated (Figure 5a).
In addition, a suitable maximum search distance has to be chosen, allowing the ICP-Matching algorithm
to converge properly. Both parameters must be chosen with respect to the expected maximum landslide
displacement as well as the point density of the available data.
Furthermore, the presented ICP-Matching algorithm is only suitable if predominantly translational
displacement has occurred. In case the geometry of geomorphological features has changed between
the observed epochs adequate point-to-plane correspondences can not be reproduced accurately.
The results of the IMCORR-DEM approach showed that it is feasible to generate vectors at
less curved areas, where correspondences of raster patterns can be established while point-to-plane
correspondences are not feasible. Another advantage of the IMCORR-DEM approach is that
corresponding raster patterns can also be identified if they have travelled over longer distances.
Therefore faster moving processes are detectable by using the IMCORR-DEM approach but probably
not by using the ICP-Matching approach. A point-cloud-based detection of corresponding far travelled
features might be feasible by defining distinct objects which can be recognized in every epoch.
6. Conclusions
In the present study multi-temporal long-range terrestrial laser scanning is applied to assess
area-wide 3D movement patterns of a DSGSD in the Schmirn valley (Tyrol, Austria). 3D displacements
with a mean magnitude of 0.62 m per year derived from point clouds acquired with a Riegl VZ® -6000
long-range laser scanner in 2016 and 2017 are clearly above the measurement uncertainty of ±7 cm.
Displaced geomorphological breaklines (e.g., block edges, terrain ridges, scarps) can be automatically
extracted from the point clouds by using locally computed eigenvectors and -values. A workflow
based on the well-known ICP approach is proposed to derive 3D displacement vectors for the extracted
geomorphological features. These LRTLS derived vectors are in good agreement with the additionally
acquired reference data at selected observation points using a DGNSS. Maximum differences between
LRTLS and DGNSS-derived vectors of 12 cm are observable whereas minor differences of 4-6 cm are
more frequent. Benefits of the presented ICP-Matching algorithm are highlighted by comparing the
results with those of a modified state of the art raster-based approach (IMCORR-DEM).
The presented ICP-Matching algorithm is designed to process multi-temporal 3D point clouds,
which can describe complex surfaces in great detail. Raster-based approaches process aggregated 2D
or 2.5D raster data which consequently include less topographic details. Therefore, the ICP-Matching
algorithm can outperform raster-based approaches particularly in complex Alpine terrain. However,
on smooth terrain only the applied raster-based IMCORR-DEM approach could provide results.
Therefore, in order to derive area-wide maps of landslide displacement, the results of both methods
could be integrated.
In order to generally enhance the detection threshold of landslide displacement future research
involving LRTLS should deepen the understanding of the influence of environmental conditions on the
measurements. The effects of atmospheric conditions are rarely considered in such studies. Also the
interaction of LRTLS and low vegetation is rarely addressed. These improvements are required to
enhance the accuracy of LRTLS and to enable also the monitoring of slower moving landslides.
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