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ABSTRACT.
Traditional methods for surveying the spatial and temporal distribution of snow are often

time-consuming, costly, and potentially hazardous. To address these challenges, we propose
a novel approach utilizing a newly developed sensor system based on cost-effective industrial
lidar sensors. This system is designed to be mounted on cable cars, enabling continuous envi-
ronmental scanning during regular operations. The system integrates data from the lidar, an
Inertial Measurement Unit (IMU), and Global Navigation Satellite System (GNSS), employing
a Simultaneous Localization And Mapping (SLAM) algorithm to generate detailed maps of the
area. In our initial testing on Hoher Sonnblick, we benchmarked our data against conventional
laser scanning and structure-from-motion techniques. Four experimental runs were conducted
over a single day using the same cable car equipped with our setup. The SLAM algorithm had
some difficulties in areaswithoutmany distinct features and aligning two 3D point cloudswith-
out Ground Control Points (GCPs) was challenging. However, our system achieved precision
within the centimeter range, with the error mean of ´0.0002m and the standard deviation of
0.0328m, enabling us to accurately detect day to day changes. Despite some operational chal-
lenges, the results confirm the feasibility and effectiveness of this innovative method.

INTRODUCTION

Understanding the spatial characteristics of a snowpack
in mountainous regions, particularly parameters like Snow
Water Equivalent (SWE), is crucial for several critical as-
pects, including the assessment and forecasting of snow-free
periods, estimation of snow-melt volume, and evaluation
of avalanche hazards (e.g., Deems and others, 2013). This
knowledge is relevant for climatological studies (Marty,
2013), tourism (e.g., Robert and others, 2019), hydro-power,
water supply (Beniston and others, 2018), and ecological
aspects (Rixen and others, 2022). The intricate interplay be-
tween snowfall, wind, terrain, and vegetation, compounded
by the process of snow metamorphism, presents a chal-
lenge for accurate measurement of the snowpack. Manual
assessment of snow depth is not only costly, time-intensive,
and potentially hazardous but also disrupts the snowpack.
Automatic snow depth monitoring, in conjunction with an

automatic weather station, does not have these disadvan-
tages, but to this point is still mostly point observation
based. Furthermore, relying solely on point measurements
proves inadequate in capturing the variability inherent in
snow depth across diverse terrains (Bühler and others, 2015).

Light Detection and Ranging (lidar) is able to acquire
high-resolution data, ranging from a few millimeters to a
few dozen millimeters between adjacent points, depending
on the range (e.g., Pesci and others, 2011). This point data
is typically acquired from the ground using Terrestrial Laser
Scanners (TLSs) or from the air using Unmanned Aircraft
System (UAS) or common aircrafts. Calculating snow depth
requires two co-registered point clouds, by subtracting
a dataset without snow from one with snow. Therefore,
to study the temporal evolution of the snow cover, one
dataset without snow is sufficient, while the current snow
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cover needs to be monitored at the desired time intervals.
In recent years, semi-permanent installations of TLSs to
monitor glaciers have been erected (Voordendag and others,
2022, 2023), but they come at a high cost since a housing
with power supply needs to be built or adapted, and the
TLSs cost more than € 150,000. An alternative to a static,
long-range mounted lidar is the use of several mobile, short-
range lidars. UAS surveys offer another promising approach
to snowpack monitoring, providing high-resolution spatial
data collection over large areas. However, there are several
drawbacks to consider. UAS operations are often limited by
weather conditions, flight time, and battery life, which can
restrict the areas and timescales over which data can be
collected. Additionally, regulatory restrictions and the need
for skilled operators can pose significant challenges.

Recently, low-cost automotive lidar have been used
statically for snow monitoring (Kapper and others, 2023;
RSnowAUT-Konsortium, 2023; Ruttner-Jansen and others,
2024) and monitoring of a river bank (Perks and others,
2024). In this paper, we explore the feasibility of employing
automotive lidars mounted on cable cars and ski lifts to
increase spatial and temporal coverage. Currently, there are
24,256 ski lifts in operation across 6,148 ski resorts in the
entire world (skiresort.at, 2023). Beyond recreational use,
these lifts also play a essential role in urban transportation
and in transporting vital goods, such as food and supplies,
to remote mountain huts in the Alps. Consistently traveling
the same routes over snow-covered landscapes, these lifts
operate in areas frequently exposed to avalanche risks.
The reduction in price and size of lidar sensors over the
past decade has led to an increase in their popularity.
Initially, their main market was the automotive industry,
but many new applications have emerged. The wavelength
of most automotive lidar systems is well-suited for snow
and ice applications, as it is usually between 850nm and
903nm (Ous, 2021; Vel, 2018), where snow and ice are highly
reflective (e.g. Hotaling and others, 2021).

In this study, we investigate the potential of permanent
snow and ice monitoring from a lidar mounted on a cable
car. Focus is put on 1.) the accuracy and precision of the
snow surface detection, 2.) the influence of different mount-
ing positions of the lidar on the gondola, 3.) the robustness
of the SLAM algorithm to generate a cumulative point cloud
from the moving lidar, 4.) investigate the potential errors in-
troduced by vibrations and wind-induced movements of the
cable car, and 5.) comparison between the lidar generated
scan and the scans generated using UAS and TLSs. After a
brief introduction to the study area, we first present our in-

Fig. 1. Weather/snow conditions on the day of the survey: (a)
View from the valley station towards the Hoher Sonnblick summit;
(b) View from the gondola towards the valley station.

strumentation and ground truth data, followed by the sec-
tions on data processing and results, and finally we end the
paper with the discussions and conclusions.

STUDY AREA

We performed the proof of concept measurements at Hoher
Sonnblick in the Hohen Tauern mountain range in Salzburg,
Austria. The Sonnblick Observatory, which is operated by
the Austrian Meteorological Service, is located on its sum-
mit at around 3100m Above Seal Level (ASL). It stands out
as a key site of several international atmospheric monitor-
ing networks and has a continuousmeasurement series since
1886 (sonnblick.net, 2024). In 2018, the cable car from Kolm
Saigurn (1624mASL) to the observatory was rebuilt, making
it possible to safely transport people and equipment, even at
high winds. The cable car runs along the north-east side of
the mountain over the length of 3054m, with a maximum
speed of 6m{s. As the gondola is not open for public use,
it provided us with the perfect opportunity for a field test.
The measurement campaign took place on March 21, 2023,
when the survey area was completely covered with snow,
with a snow depth in the valley of about 85cm (see Figure
1).

INSTRUMENTATION

Main setup and measurement concept
The main setup is sketched in Figure 2. A sensor unit can
be mounted on various moving components of a lift, such as
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gondolas, chairs, or any other suitable part, to consistently
and repeatedly measure the three-dimensional position of
the snow surface. The sensor unit consists mainly of a li-
dar, an IMU, and a GNSS linked to a data-logger and power
supply. However, the GNSS is optional, as satellite coverage
is not always ideal in narrow mountain valleys (Kunisada
and Premachandra, 2022). Therefore, ideally the SLAM algo-
rithm together with GCPs should be enough to georeference
the point cloud. The lidar can be a 3600 rotating system, or
have a more narrow field of view facing the snow surface be-
low. Automotive lidars have frame rates of 10 to 20Hz, which
is needed to avoid obstacles at speeds of 100km{h andmore.
This high frame rate together with the data from the GNSS
and IMU is then used to generate a high-resolution cumula-
tive point cloud using a SLAM algorithm.

Sensor system and mounting position

With only one support, the Sonnblick cable car ascends at
a steep angle near the top with the summit couloir almost
straight ahead. To also cover this part well, which is espe-
cially interesting in terms of snow avalanche activity, the
lidar sensor, including the IMU, was mounted to the out-
side of the gondola facing the front and oriented obliquely
downwards at an angle of approx. 370. The GNSS antenna
was mounted flat onto the roof of the gondola and all cables
were routed to the cabin (see Figure S1 in the Supplements).
For time synchronous recording of the sensor data, our cus-
tom logging unit MObile LIdar SENsor System (MOLISENS)
running Ubuntu 20.04 and Robot Operating System (ROS)
was used (for details on the system see (Goelles and oth-
ers, 2022)). ROS enables time synchronous data logging from
multiple sensors into one database file (rosbag) for simplified
and standardized storage and data analysis. MOLISENS is
a system integrating automotive lidars and optionally other
automotive perception sensors independently from a com-
plete vehicle setup, e.g., developed for autonomous or auto-
mated driving (Goelles and others, 2022). This makes it pos-

Table 1. Instrument Overview

Riegl VZ-6000 Ouster OS2 UAS

Max. Range 6000m 210m N/A

Wavelength 1024nm 865nm Visible light

Accuracy
˘1.5cm
at 150m

˘3cm
at 210m

˘4cm

Method
Vertical
line scan

SLAM SFM

lidar
IMU
GNSS

Fig. 2. Concept of the setup. A small rotating lidar (10 to 20Hz)
is mounted on a gondola or chair. On the way up and/or down
point cloud data is collected and then post-processed with a SLAM
algorithm to get a cumulative point cloud. Then the snow free point
cloud is subtracted to get the snow depth

sible to use automotive lidar sensors also for other applica-
tion domains, e.g., snowpack monitoring and glacier moni-
toring. Other than the sensors, MOLISENS consists of a data
logger that is based on a Raspberry Pi 4 and external batter-
ies. The used lidar, the Ouster OS2-64 Gen6, has a horizontal
resolution of up to 2048 points in 3600 and a vertical resolu-
tion of 64 points in 22.50. The Ouster OS2-64 Gen6 rotates
along the horizontal plane and achieves vertical resolution
with 64 vertically aligned receivers, allowing frame rates of
up to 20Hz.

Riegl VZ-6000 TLS

The Riegl VZ-6000 TLS is a high-end TLS that provides very
detailed and accurate point clouds (including full-waveform
information) with a range of up to 6000m, depending on vis-
ibility. The wavelength of the Riegl VZ-6000 is 1024nm and
therefore well suited for snow and ice application, as well
as for vegetation, soil, and gravel. The Riegl VZ-6000 ap-
plies a rotating scanner system with a single laser source
and a single receiver device, hence each measurement point
is recorded individually. A high precision gear box is used to
move the scanner horizontally and a rotating mirror is redi-
recting the laser beam along the vertical axis. Compared to
the MOLISENS sensor system, the Riegl VZ-6000 is signifi-
cantly more expensive (order of € 100,000 - 200,000), larger
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Fig. 3. Riegl VZ-6000 deployed at the bottom station of the cable
car. Note the cables of the gondola which goes all the way up to
the peak, where the Sonnblick Observatory is located. Also note
the large number of occluded areas and the cliff.

and heavier (order of 10 - 20kg), less robust (IP64), and re-
quires a very stable and solid tripod for operation in the field.
A full high-resolution scan of an area comparable to the area
investigated in this paper takes about an hour. This, together
with the time and effort demanding set up, reduces typically
the amount of view points significantly (e.g., in this paper,
we consider only one view point for the Riegl) and thereby
increases the occluded areas in the final scan (see Figure 3).
The data quality in terms of accuracy and precision of the
Riegl can be considered an order of magnitude better then
the MOLISENS system.

UAS survey
On August 23, 2023, the survey area was mapped using a
DJI Phantom 4 Pro UAS equipped with a Post-Processed
Kinematic (PPK) Global Positioning System (GPS) exten-
sion. Due to the challenging topography of the study area,

two different starting points were selected: one east of
the Sonnblick Observatory and another at the base of the
Sonnblick north face. To precisely reference the UAS im-
ages, ten GCPs were installed at the base of the wall and
in the ridge area prior to the UAS flight. The flight en-
compassed six flight plans covering a total distance of ap-
prox. 30km. To avoid shadowing and ensure a comprehen-
sive model of the entire investigated flank, images were cap-
tured both at nadir and perpendicular to the mean slope of
the terrain. The target resolution for the imagery was set to
5cm. The surveyed area spanned approx. 1.2km2, with ele-
vations ranging from 2200 to 3100 meters ASL. During the
mission, over 700 images were captured in raw data format.
Uniform lighting conditions throughout the flight duration
facilitated high data quality, with an average Root Mean
Square (RMS) error of ˘4cm.

MOLISENS DATA PROCESSING

MOLISENS stores lidar data in a specific Ouster message
format (ouster_ros/PacketMsg), not the standard ROS 3D
point cloud format (sensor_msgs/PointCloud2). To use this
data, a custom ROS package processes the raw data from a
rosbag, saving the standardized output into a new rosbag.
This new rosbag contains data in standard formats suitable
for later processing. After preprocessing, the raw recorded
data can be utilized in SLAMalgorithms and for further anal-
ysis.

IMU and GNSS data analysis

Analyzing the IMU and GNSS data can unveil valuable in-
formation about the dataset itself, as well as the conditions
under which the survey was performed. GNSS data, specif-
ically, provides information about the latitude, longitude,
and the altitude of the sensor throughout the survey. Vi-
sualizing this data not only provides a clear picture of the
sensor’s trajectory but also facilitates the detection of any
anomalies within the dataset that warrant closer scrutiny.
IMU data is even more valuable, since it provides informa-
tion about external forces, i.e. wind, cable bending, etc., af-
fecting the motion and stability of the sensor system. These
can be visualized and inspected on the linear acceleration
and angular velocity plots. The plots can show the values
over time, or, by using Fast Fourier Transformation (FFT), the
data can be converted into the single spectral components,
thus providing frequency information about the individual
IMU data. This frequency information provides more infor-
mation about the nature of external forces that are affecting
the sensor system. For the analysis of the IMU and GNSS
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data, two custom packages are used. First, a ROS package
extracts the data from the rosbag containing all the raw data.
Subsequently, a MATLAB package is used to process and vi-
sualize the data.

SLAM algorithms

There exists a multitude of different lidar SLAM methods
and techniques, as mentioned in Dikic (2023). For our
application, we considered only the algorithms that are
open-source, available for ROS, and do not specifically
require GNSS data to work. These criteria have narrowed
down our choice to four possible algorithms, KISS-ICP
(Vizzo and others, 2022), LeGO-LOAM (Shan and Englot,
2018), HDL-Graph-SLAM (Koide and others, 2019), and
LIO-SAM (Shan and others, 2020). The main goal is to strike
a balance between the quality of the 3D point cloud and
the speed and simplicity of its construction. To achieve
this, algorithms based on different technologies are imple-
mented. These algorithms can be divided into two types of
SLAM algorithms: odometry and mapping algorithms and
full SLAM algorithms. The key distinction is that odometry
estimates position incrementally, frame by frame, while full
SLAM approaches aim to maintain global consistency by
detecting revisited places and correcting pose estimation
errors through loop-closure detection (Dikic, 2023). As
research by (Dikic, 2023) shows, all SLAM algorithms except
LIO-SAM have deficiencies in snow-covered environments.
Therefore, only LIO-SAM is considered. LIO-SAM uses a
3D lidar, IMU, and optionally GNSS for sensor state and
trajectory estimation. It employs a factor graph with IMU
pre-integration, lidar odometry, GNSS, and loop-closure
factors, optimizing the graph with incremental smoothing.
This system effectively manages IMU bias and noise,
reduces drift with GNSS, and corrects altitude errors,
providing precise sensor state estimation and mapping
(Shan and others, 2020).

SLAM 3D point cloud is received as an output of the LIO-
SAM algorithm. Due to the complexity and range of the
surveyed terrain, the rosbag playback factor was reduced to
0.25, which means that each second of recorded data took 4
seconds to be fed to the LIO-SAM algorithm. Furthermore,
given the distances between distinct features at some places
in the environment, the SLAM algorithm may fail, so it is
desirable to split the mapping process, thus the overall 3D
point cloud, into smaller sections. These sections are later
stitched into a complete 3D point cloud of the environment.

Fig. 4. UAS data (Structure from motion (SfM)) of the steep rock
face (23.08.2023) located in the summit couloir of Hoher Sonnblick
used for comparison with MOLISENS data. The three red circled
areas have been generally snow free and act as the references.

Vegetation removal algorithm

The 3D point cloud produced by the SLAM algorithm rep-
resents a Digital Surface Model (DSM), capturing all en-
vironmental features scanned by the lidar sensor. How-
ever, vegetation can increase errors in lidar scans due to
laser pulse scattering (Su and Bork, 2006) and cause align-
ment issues between 3D point clouds of the same area due
to movement (Dikic, 2023). Measuring snow depth is eas-
ier with a Digital Terrain Model (DTM) instead of a DSM.
To address this, a Cloth Simulation Filter (CSF) (Zhang
and others, 2020) is used to remove vegetation from the
SLAM-generated 3D point clouds. The CSF method, based
on “Cloth simulation-based construction of pit-free Canopy
Height Models (CHMs)“ developed by Zhang and others,
simulates interactions between a virtual cloth and lidar data
points to estimate canopy heights. This process results in
two point clouds: one containing only the vegetation and
another one representing the DTM.
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Scan quality and sources of uncertainty

To evaluate the overall quality of the generated DSMs and
DTMs, we need to assess aspects of point cloud precision
and accuracy. Due to a lack of GCPs in the difficult-to-access
study area, we must acquire these measures by comparing
pairs of point clouds. Precision, or repeatability, can be
investigated by comparing the MOLISENS measurements
from two distinct cable car rides taken on the same day
with the same setup. Therefore we compare measurements
2 and 4 from the Table 2, as in both cases the mounting of
the sensor and the amount of passengers on board were the
same. To estimate accuracy, i.e., deviation from a known
reference, a reference scan is required. This process is
more complex, and multiple sources of uncertainty must
be considered to estimate the overall system uncertainty.
These sources include sensor accuracy, uncertainties in the
SLAM calculation, point cloud registration uncertainty, and
confidence in the reference scan itself.

In our case, the reference scan can be assumed to be an
order of magnitude more accurate, thus acting as ground
truth. As described in Table 1, sensor accuracy falls within
the millimeter to centimeter range, which is significantly
lower than the overall uncertainty, which will be discussed
later. This means the two largest sources of uncertainty
are the LIO-SAM SLAM algorithm and the registration
process. The alignment method for fine registration, is the
commonly known Iterative Closest Point (ICP) (Chen and
Medioni, 1992), which is implemented in the open-source
point cloud manipulation software CloudCompare. ICP
outputs a single RMS value that provides at least some
information on the quality of the alignment, while LIO-SAM
does not come with any inherent confidence measure.

Aligning two scans utilizing ICP proves to be highly
effective when minimal change is present between them.
However, the alignment process becomes significantly
more challenging when comparing a scan devoid of snow
to one that includes snow coverage. One approach is to
exclude snow-covered areas from the UAS scan and align
the remaining snow free areas with the reference. Then, the
resulting transformation matrix can be used to align the full
scan. However, the smaller the snow-free areas, the more
challenging it becomes to achieve a good fit. Vegetation
presents another challenge. Even though it can be removed
from the snow-free reference scan by calculating a DTM,
this is not possible in the snow covered case and the
vegetation becomes increasingly compressed under heavier
snow loads. To mitigate this limitation, a steep area with
minimal vegetation and predominantly rocks near the

summit was selected for the accuracy assessment. First,
the larger snow patches were removed from the MOLISENS
scan; then the MOLISENS and UAS data were registered;
and finally, three individual rock faces were extracted and
used for comparison (see Figure 4). The transformation
matrix of the cropped scan can than be applied to the full
scan to visualize snow accumulation zones.

Comparison of 3D point clouds

To compare two point clouds and calculate the error of the
test scan, the Multiscale Model to Model Cloud Comparison
(M3C2) algorithm (Lague and others, 2013) for calculating
cloud-to-cloud distances, which is built into CloudCompare,
is used. The M3C2 algorithm is a powerful tool for comput-
ing robust and signed distances between two point clouds.
It focuses on specific points known as core points, which are
sub-sampled versions of the original reference point cloud
and represent regions of interest. M3C2 operates in two
essential steps: first, it calculates normal vectors for each
core point, and then it projects these points onto each cloud
using cylindrical projections along the normal direction.
This projection process results in distance distributions that
provide valuable insights into point cloud roughness and
average positions. The final distance between the two point
clouds is determined based on these distributions. M3C2
is specifically designed for dense point clouds and proves
especially useful for analyzing complex topographies (e.g.
Lague and others, 2013; Iglseder, 2018).

For estimating the point cloud accuracy using the M3C2
method, several steps are involved. Initially, manual align-
ment of the reference point cloud and the SLAM 3D point
cloud is performed, followed by precise alignment using the
ICP algorithm with customizable constraints. Subsequently,
M3C2 calculates distances along the normal direction be-
tween the two point clouds. Additionally, the algorithm esti-
mates a 95% confidence interval at the projection scale. This
interval accounts for the point cloud roughness and registra-
tion error and is returned as distance uncertainty, providing
a measure of the reliability of the distance calculation. It can
be used to assess whether a statistically significant change
has occurred at a specific location on the surface.

RESULTS

For this study, four measurement runs with the MOLISENS
system and one VZ-6000 scan were conducted. The
reference data without snow cower was recorded at a
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Table 2. Details about conducted measurements

Meas.1 Meas.2 Meas.3 Meas.4
mounting horizontal vertical vertical vertical
direction up & down up down & up down
passengers with with without with
approx. time 11:45AM 12:45PM 01:30PM 02:00PM
wind sp. in m/s 4.55 3.65 3.30 3.30
violin color blue orange yellow purple

later date by an UAS. The specifics of the four MOLISENS
conductedmeasurements are listed and described in Table 2.

IMU and GNSS data analysis

The GNSS data analysis, while necessary, merely confirms
the accuracy of altitude, latitude, and longitude read-
ings from the GNSS module (see Figure S3). In contrast,
the data from the IMU offers much more intriguing insights.

Figure 5 shows the violin plots of the linear acceleration
in x-, y-, and z-direction of the OS2-64 of the four measure-
ments. It can be seen that the yellow plot of measurement
3 differs from the other measurements in terms of the
representation of the linear acceleration in the x-direction.
This difference is probably caused since measurements
1, 2, and 4 were conducted with passengers in the cable
car whereas measurement 3 took place without them, i.e.,
the gondola sways more in x-direction when it is empty.
Furthermore, in y-direction, the spread of measured linear
accelerations is larger for measurement 1 compared to the
other measurements. This effect is probably caused by a
higher wind speed during measurement 1 compared to

Fig. 5. Comparison of linear acceleration violin plots in x-, y-, and
z-direction over four different measurement runs. Specifics of each
run are given in Table 2. M stands for measurement

up down

bottom
station

pillar pillar bottom
station

top
station

Fig. 6. Spectrogram of the linear acceleration for the x-axis with
the lidar mounted horizontally

measurements 2, 3, and 4 since the gondola sways more
in y-direction, i.e., to the left and the right, when a higher
wind speed acts on the gondola.

The FFTs of the linear acceleration in x-, y-, and z-
direction are shown in Figure S4. Each FFT shows a peak
at 10Hz. These peaks are probably caused by the rotation
frequency of the mirror of the OS2 -64 which was chosen
with 10Hz. The spectrogram for each axis is shown in Figure
S2 where the x-axis shows the time and the y-axis the FFT
per timestamp.

A more detailed view of just the x-axis is shown in Fig-
ure 6. During this measurement, the gondola ascended once
and then descended again. The gray area between approx.
600s and 800s is the time where the gondola was stationary
at the top station. There is one pillar for the cable between
the bottom station and the top station. In Figure 6, at about
250s and 1250s there is also a gray area similar to the one
where the gondola was stationary. The gondola reached the
pillar at these two points in time, once on the way up and
once on the way down. These frequencies, which are present
only when the cable car is moving, are probably caused by
the vibrations of the cable andmovements of the gondola be-
cause of wind. It can be observed that the frequency at 10Hz
is present at the entire time of measurement. This confirms
the assumption that the frequency of 10Hz is caused by the
rotation frequency of the mirror in the lidar, as it continues
to rotate even when stationary and when passing the pillar.
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SLAM 3D point cloud
As mentioned previously, we used LIO-SAM to generate a
comprehensive 3D point cloud of the entire survey area.
Necessitated by the survey’s complexity, nine separate
point clouds were generated for the entire survey area.
This division was more frequent in the central part of the
survey area due to the lower number of scanned distinct
features there. During post-processing, these nine sections
were meticulously stitched together to form a single 3D
point cloud. However, this stitching process is both tedious
and complex, often resulting in unavoidable and undesired
artifacts. These artifacts, visible as dark arcs in Figure 7,
indicate areas with a lower density of points in the 3D point
cloud.

Figure 7 shows the area surrounding the cable car to the
Hoher Sonnblick observatory. This 3D point cloud is georef-
erenced to an orthophoto, and two details show the areas of
interest for quality assessment. The total number of points
in the final 3D point cloud is over 43 million, proving that
the combination of MOLISENS and LIO-SAM yields higher
resolution maps compared to other combinations explored

Fig. 7. DTM of the entire survey area with two detailed views of
the valley area of Kolm Saigurn (red) and the couloir directly below
the Sonnblick summit (blue). The dark arcs are artifacts created by
merging the individual 3D SLAM generated point clouds. They can
be seen particularly clearly halfway up the profile, where there are
no distinct features that are essential for the calculation.

in Dikic (2023). In the following section, the mentioned top
and bottom parts of this 3D point cloud are analyzed in more
detail and compared with our reference 3D point cloud to
determine whether the accuracy and precision of the SLAM
3D point cloud are sufficient for the intended applications
outlined in the introduction.

Quality assessment
This section presents the results of the quality assessment.
For the accuracy assessment, only the data from the UAS is
used as ground truth. Despite the high quality of the Riegl
VZ-6000 3D point cloud, it contains a large number of oc-
cluded areas (see Figure S5), which means it does not fully
represent the entire survey area. This is particularly prob-
lematic in the area of interest near the summit, where the
occlusions significantly limit the data’s usefulness. There-
fore, to ensure a comprehensive and accurate assessment,
the UAS data was exclusively utilized.

Precision

The lower segment of the full scan, extending from the valley
station to the cable car support pillar, was selected to evalu-
ate the repeatability of our methodology. SLAM succeeded
in generating a continuous 3D point cloud for this area,
which encompasses both complex terrain featuring build-
ings and vegetation, and uniform sections covered in snow.
For the majority of the 3D point cloud, distance values re-

Fig. 8. Point cloud of M3C2 distance uncertainty in meter be-
tween two separate cable car rides using MOLISENS.
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Fig. 9. M3C2 distance (left) and distance uncertainty (right)
distribution when comparing two point clouds created with
MOLISENS. Note that the y-scale is logarithmic.

side within the centimeter range, aligning with the sensor’s
range accuracy. Larger values are predominantly observed
in areas of vegetation and surfaces aligned with the lidar’s
view, yet these remain far below 10 cm in most instances.
The distribution of M3C2 distances (Mean: ´0.0002m, STD:
0.0328m) along with the associated distance uncertainties
(Mean: 0.0129m, STD: 0.0134m) are presented in Figure 9.
Figure 8 illustrates a portion of the resulting 3D point cloud,
colored according to M3C2 distance uncertainty. Notably,
distance uncertainties (as well as distances) begin to increase
towards the scan’s periphery, a phenomenon largely at-
tributable to the decreasing density of the 3D point cloud in
these regions. No significant correlation is observed between
distance uncertainty and M3C2 distance, or the distance-
from-center-line (defined as the distance from a point to a
vertical plane along the cable car rope). However, a slight
and anticipated increase in uncertainty is noted with greater
distance-from-center-line, as well as with increased M3C2
distance. Overall, the findings indicate exceptional repeata-
bility of our system, suggesting that a permanent monitor-
ing solution could effectively detect even minor variations in
snow depth.

Accuracy

While precision is more important for detecting day to day
changes we also investigated the accuracy of our scans when
compared to a known ground truth. Figure 10 shows the dis-
tributions of M3C2 distances and M3C2 distance uncertain-
ties for the three selected rock walls from Figure 4. While the
distributions vary slightly between rock walls it is clear that
uncertainties are much higher in this case. The standard de-
viation for M3C2 distance ranges from 0.33m of rock wall 02
to 0.57m for rock wall 03. While mean values for rock wall 02
and 03 are close to zero (0.06m and 0.004m) rock wall 01 has
a mean of ´0.23mwhich indicates an alignment problem in
this area. The standard deviations for M3C2 distance uncer-
tainties range from 0.01m to 0.03m. Distance uncertainty
values starting at 0.93m is due to the propagated registra-

Fig. 10. M3C2 distance (left) and distance uncertainty (right)
distribution for three snow free rock faces when comparing
MOLISENS with the reference data. Note that the y-scale is loga-
rithmic.

tion error which is accounted for by theM3C2 algorithm (see
Eq. 1 in Lague and others (2013)). Considering the higher
mean value for rock wall 01, the error varies in the differ-
ent parts of the compared areas and likely increases with
larger scans. The considerable standard deviation, on the
other hand, suggests that differences are not uniformly dis-
tributed across the compared areas. Upon closer examina-
tion of the resulting difference point clouds, it appears that
this variability predominantly originates from small snow
patches still present in the selected test areas. As described,
it is challenging to attribute the resulting uncertainty values
specifically to either the registration process or the SLAM al-
gorithm. By investigating these factors more thoroughly in
the future, we aim to enhance the overall accuracy. Despite
these issues, the mean and standard deviation values of the
error are sufficiently low to support further analysis of the
survey area.

Snow depth map
The resulting snow depth estimate for the top area of the
Sonnblick is depicted in Figure 11. This map was created
using two different data sources (MOLISENS and UAS as a
reference), which introduces some inaccuracies as discussed
in the preceding chapters. Nevertheless, it presents a gen-
erally realistic depiction and provides a good impression of
what could be achieved with a permanent scanning setup
monitoring daily snow depth changes. As shown, the largest
snow accumulations are found in the large snow patch at the
base of the cliff and in the couloir, reaching up to 5 meters.

DISCUSSION AND CONCLUSIONS

The initial trials of our novel approach showed very
promising results. Although some difficulties were faced,
overall the method is viable as it is possible to create a high
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Fig. 11. Snow depth in the summit couloir of Hoher Sonnblick
in meters calculated by comparison of MOLISENS scan from 21
March 2023 and UAS data from 23 of August 2023. The true color
3D point cloud in the background is the reference UAS data and
the green to red colored 3D point cloud represents the calculated
snow depth. Depths of up to 5 meters can be found at the base of
the cliffs and inside couloir.

resolution 3D SLAM point cloud of the study area, with
an accuracy comparable to the reference 3D point clouds.
Figure S6 shows parts of the SLAM-generated 3D point
cloud on an image of the same area taken fromGooglemaps.

One of the main issues we faced was the inability
to create a full 3D point cloud in one run of the SLAM
algorithm. This forced us to create smaller 3D point cloud
segments and then later stitch them together. Another
issue, is the ever-present 10Hz noise, which arises from
the rotation of the lidar sensor itself. We believe that this
noise affects the SLAM process and that it can be reduced,
or even completely eliminated, with improved mounting
techniques or new solid state lidar technologies. Ultimately,
the fact that LIO-SAM is unable to create a continuous 3D
point cloud of the full scene, due to the factors such as noise
and monotony of the scene itself is an issue that needs to

be addressed. One of the solutions, besides improving the
mounting system, would be to use a longer range lidar, in
order to capture more distinct features at higher distances
to make the SLAM process easier. E.g., the new Livox Avia
sensor has a range of 450m and is well suited for snow
and ice measurements given its operating wavelength at
905nm (Livox Technology, 2024). Further increasing the
lidar range up to one or several km would currently require
a substantial financial investment, since high range lidars
systems are still relatively expensive (order of € 100,000).
Another approach is to adapt the SLAM algorithm with
extra constraints specific to our use case, or to use a better
SLAM algorithm, such as commercially available solutions.
For further investigation, it might be good to compare it
with a solution from, e.g., Exwayz or Kudan (exwayz.fr,
2024; kudan.io, 2024). These two companies provide SLAM
algorithms designed for large-scale mapping, so they also
use different sensor data, like lidar, IMU and GNSS, and
fuse these signals. These solutions also provide a georefer-
enced 3D point cloud using GNSS. Furthermore, a robust
solution for comparing two scans must be developed. The
installation of GCPs could greatly assist in this process.
Specifically, the registration process needs to become more
accurate, as well as simpler and more streamlined, to
reliably measure snow depth differences.

Our next steps will include the integration of a camera
into our system to further improve the creation of the
3D map and classification based on lidar - camera sensor
fusion (e.g., autoware, SLAM+SFM, fixed position between
lidar and camera, etc.). The SLAM performance can be
further improved by adding lidar and/or camera targets
into the field that the algorithm can find and locate. This
can potentially remove the artifact lines that are visible as
dark lines in the current point cloud.

Consumer grade lidar are currently not suitable for ap-
plications on the gondola as their range is still relatively low,
e.g., the iPhone 15 Pro lidar has a range of about 5m. Never-
theless, the high accuracy and low price of consumer grade
lidar make them well suitable for snow observations in gen-
eral as shown, e.g., in (King and others, 2023). Addition-
ally, UAS based solid-state LiDAR sensors, e.g., the DJI Zen-
muse L1 UAS uses the Livox Avia sensor with range of up to
450m (DJI, 2023; Livox Technology, 2024), show very promis-
ing results for creating elevation models even in vegetation-
rich terrains (MacDonell and others, 2023), underscoring the
need for context-aware deployment.
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Fig. S1. MOLISENS lidar sensor mounting styles: (a) Vertically scanning lidar, used for the first three measurements; (b) Horizontally
scanning lidar, used for the final measurement

Fig. S2. Spectrogram of the linear acceleration for the x-, y-, and z-axis with the lidar mounted horizontally
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Fig. S3. GNSS data with lidar mounted horizontally

Fig. S4. FFT of the linear acceleration for the x-, y-, and z-axis with the lidar mounted horizontally
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Fig. S5. Riegl VZ-6000 scan of the survey area showing large number of occluded areas

Fig. S6. 3D SLAM generated and subsequently georeferenced point cloud, with an aerial orthophoto from 2022 with 30 cm resolution
from geolonad.at as a reference: (a) part near the valley station; (b) part near the mountain station
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