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Figure 1: A render of a UAV point cloud with M3C2 distances overlaid in regions of significant change.

Abstract

Expert analysis of environmental point clouds is often overwhelmed by the volume of raw data. This study introduces an integrated
visualization approach to simplify the detection of temporal surface changes. By developing a prototype that identifies and
displays rockfall and deposition areas, we bridge the gap between complex geomorphological data and intuitive visual feedback.
In addition to expert tools, we present a method for generating animated cliff displays to communicate environmental risks to the
general public. We evaluate the effectiveness of these visualizations and discuss the trade-offs of using the M3C2 algorithm for
volumetric analysis, concluding that visual synthesis is an essential tool for modern geomorphological research.

Categories and Subject Descriptors (according to ACM CCS): 1.3.3 [Computer Graphics]: Human-centered computing—Geographic

visualization

1. Introduction

Observation of coastal cliffs is essential in areas accessible to the
general public, as natural processes such as denudation or spon-
taneous rockfalls can endanger people walking at the base of the
cliffs. Experts analyze morphological changes over time to predict
potential rockfalls and prevent the public from accessing critical
areas. Technologies such as Light Detection and Ranging (LiDAR)
and photogrammetry, which capture land surfaces in great detail,
are used to scan the surface at different times. The resulting scans,
in the form of point clouds, are then compared to observe changes
in material volume within the cliff composition.
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It is difficult to determine changes from raw point cloud overlays
because points represent only small, discrete samples of a surface,
and gaps between samples hinder visual comparison. Noise in the
captured data and the need to compare multiple pairs of scans over
time further exacerbate this problem.

Existing workflows for point-cloud-based terrain monitoring in
software such as CloudCompareJr or MeshLab [CCC*08] typically
require manual preprocessing, conversion of point clouds to other
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representations, and calculation of differences or volumes with vary-
ing quality. There is also a need to inform the general public about
the nature of processes on cliffs and their potential dangers.

In this paper, we present three methods to visualize coastal cliffs
captured with Terrestrial Laser Scanning (TLS) and Unmanned
Aerial Vehicle (UAV), highlighting morphological changes. Specifi-
cally, we designed:

a visualization technique for observing cumulative changes in
point clouds over different time spans,

a method for identifying and visualizing areas with significant
change and their associated volume differences,

and a simulation-based visualization of material breaking away.

The first two visualizations are intended to help experts analyze
changes by highlighting regions on the surface with informative
overlays. In addition to expert analysis, we identified a need to
communicate cliff dynamics and associated risks to the public in
an accessible way, which we addressed with the third visualization.
This visualization is illustrative and not necessarily accurate; it is
not intended for expert analysis. We implemented the visualizations
as a prototype extension for the 3D modeling software Blender®. We
tested our work on a real use case involving scanned cliffs along the
Slovenian coast, where rockfalls threaten people and assets along
the coastal pathways. We further refined the workflow based on
feedback from domain experts involved in cliff monitoring.

The paper is organized as follows: Section 2 discusses related
work, Section 4 describes our methods and contributions, Section 5
presents our experimental data and findings, and Section 6 provides
the conclusion and outlines future work based on the results.

2. Related Work

Multiple studies have analyzed land for risk management and mon-
itoring. Abelldn et al. [AVC*11] studied Spanish cliffs to identify
potential rockfalls by capturing TLS data over two years. They
aligned the point clouds using the Iterative Closest Point (ICP) algo-
rithm [RLO1] and computed differences between consecutive point
clouds with PolyWorks® software’. Eker ef al. [EAH17] similarly
observed changes in a forested region in Austria before and after a
landslide, using a combination of UAV-produced and LiDAR point
clouds. For volume difference computation, they used the Multiscale
Model to Model Cloud Comparison (M3C2) algorithm to determine
the overall shift in ground material. Terefenko et al. [TPG*19] used
several years of TLS surveys to detect morphological changes in
coastal cliffs. They built Digital Elevation Models (DEMs) from
point clouds and extracted features such as contours, rapid height
change, and volume change, then used Bayesian networks to model
erosion. TLS data was also used in [HCH11] to visualize changes in
the Californian coastline. The system featured an interactive virtual
environment with paintbrush tools and overlays of changes.

Chen [Chel9] proposes visualization techniques that integrate
environmental sensor data with graphical representations, such as
markers with informative pop-ups, to enable intuitive exploration

1 https://www.blender.org/
§ https://hexagon.com/products/polyworks

of spatial and temporal trends in environmental quality. Similar
marker-based visualizations are also used in [BMB™17] to highlight
soil types in 3D environmental data.

A substantial body of research has addressed change detection in
multi-temporal point clouds, particularly for quantifying geomor-
phological change and estimating volumetric differences between
scans. A widely used approach is presented in [LBL13], which intro-
duced the M3C2 algorithm. This method measures distances directly
between two point clouds along local surface normals, avoiding in-
termediate meshing or DEM generation and enabling statistically
robust detection of surface change in complex terrain. Several stud-
ies have applied M3C2 or similar point-based comparisons to detect
and quantify geomorphic change in photogrammetric and LiDAR
datasets. For example, [DHE*20] used dense image-matching point
clouds from multi-temporal image sequences and computed M3C2
distances to identify surface displacement and deformation over
time, demonstrating the suitability of photogrammetric point clouds
for monitoring slope movement. A similar distance computation ap-
proach was used in [TA14], along with clustering and spatial pattern
recognition, to detect rockfalls. [AGGG20] employed M3C2 for
change detection and computed the volume of change by projecting
M3C2 values onto optimally rotated planes.

3. Data

We used data collected during the Slovenian research project Ero-
sional Processes on Coastal Flysch Cliffs and Their Risk Assessment,
which evaluated the suitability of remote scanning data for analyzing
Slovenian cliffs [KKT25]. The researchers generated 10 TLS and
8 UAV point clouds of the Strunjan coastal cliffs at various times
between April 2019 and April 2024. For this paper, we focused on a
smaller region above Moon Bay, as TLS data were limited to that
area. We observed that UAV data were collected between November
2020 and March 2024 and do not always coincide with the TLS
acquisition times. The analyzed region covers approximately 250
meters of cliff length and up to 80 meters in height.

TLS point clouds were used for visualizations in this paper, while
UAV scans were used to project color information onto the TLS
points. TLS clouds contain an average of 31 million points, which

Capture date Points ~ Subsampled points
April 2019 31,478,338 431,379
January 2020 32,734,266 470,294
November 2020 31,115,720 438,688
April 2021 25,881,779 372,095
October 2021 25,351,286 375,594
March 2022 33,010,916 503,837
October 2022 27,729,922 466,517
April 2023 35,767,567 527,536
January 2024 34,537,167 484,752
April 2024 33,228,633 569,345

Table 1: List of TLS point clouds, their capture dates, the number
of points in the original scan, and the number of points after the
subsampling step.
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Table 2: List of UAV point clouds, their capture dates, the amount
of points in the original scan, and the amount of points after the
subsampling step.

Capture date Points  Subsampled points
November 2020 158,103,676 1,018,365
March 2021 152,491,956 872,095
March 2022 90,205,478 693,989
December 2022 116,260,346 818,583
April 2023 95,444,041 660,171
September 2023 99,254,699 817,840
March 2024 102,279,504 645,802

include information about normals and intensities but lack color
information. The point clouds were provided with vegetation already
filtered out. Each UAV scan, stored in LASer (LAS) format, has
an average of 116 million points and contains color information
and other LiDAR data. The details of the point clouds are listed in
tables 1 and 2.

4. Method Overview

Our visualization pipeline consists of three main stages: preprocess-
ing multi-temporal point clouds, extracting significant morphologi-
cal changes, and visualizing results through interactive overlays and
animated simulations. We developed our visualizations as a proto-
type system using Blender’s Python API. The workflow overview is
shown in Figure 2.

4.1. Preprocessing

Preprocessing was carried out using a combination of CloudCom-
pare and custom scripts. All point clouds were initially aligned
and moved to the center of the global coordinate system to prevent
floating-point errors caused by large point coordinates when import-
ing them into Blender. Fine-grained alignment between point clouds
was achieved using the ICP algorithm [BM92, CM92,RL01], with
the RMS difference set to 1:0 107> To reduce processing time,
we subsampled the clouds by decreasing the octree depth to 10. We
then computed the M3C2 distance [LBL13] between consecutive
point clouds, which measures surface change along the local surface
normal. The differences are negative (rockfall) or positive (accumu-
lated material). We empirically determined M3C2 parameter values
that produced best result on representative cliff sections.

We chose a cylinder radius of 2.0 to ensure a sufficient num-
ber of neighboring points for stable distance estimation while still
preserving localized cliff changes. Smaller radii produced noisier
measurements in sparsely sampled regions, while larger radii over-
smoothed narrow material displacements. The normal radii of 0.1
and 1.0 enabled estimation of both fine-scale surface orientation
and broader local surface trends, which improved robustness on
irregular cliff geometry. The maximum cylinder height of 10.0 was
selected to accommodate larger displacements and avoid truncating
substantial rockfall regions.

We further converted TLS point clouds into mesh geometry using
Delaunay triangulation. This method produces artifacts and large
triangles to fill gaps in the data, which in our case did not enhance
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the visualization. We chose to remove them during the rendering
stage rather than at this stage, as the filled geometry could then be
used to simulate rockfall.

4.2. Temporal Change Visualization

We projected the differences onto mesh geometry derived from TLS.
Because the sign of M3C2 distance values is important, we mapped
them to a color gradient to show the nature and intensity of change
at each point.

We imported TLS point clouds into Blender and used its Geome-
try Nodes feature to map distances from a specified range of clouds
onto the mesh, as shown in figure 3. The clouds are iterated, and the
values at the nearest points for each mesh vertex are summed.

4.3. Significant Change Visualization

We aimed to present areas with locally significant changes. We
placed markers above these areas to indicate the significance of the
change using color and to show the volume of the removed or added
material with text on the markers. To display the surface of cliffs,
we used the reconstructed mesh described in section 4.1.

First, we filtered the points to remove unimportant changes and
noise. The M3C2 distance of each point was compared to a threshold,
and points with lower values were discarded. The remaining points
formed highly fragmented clusters, which were still affected by
noise and abrupt changes. Therefore, we applied Gaussian smooth-
ing to the points to merge small neighboring clusters that likely
belonged to the same local change. Gaussian smoothing reduces
noise while preserving the spatial structure of local change regions.
We performed this in the following steps:

1. We built a k-d tree structure from the points to efficiently search
for the nearest neighbors of each point.

2. For each point, we retrieved the neighboring points and their
respective M3C2 distances, and computed the smoothed distance
using the following formula:

L " et M
V. = — v;e 2s* '
smooth 2p82 — i
where S is the standard deviation parameter, n is the number of
neighboring points, d; is the Euclidean distance from the point
to neighbor i, and v; is the M3C2 distance at neighbor i.

The threshold applied to the M3C2 distances was intended to
suppress low-magnitude fluctuations caused by measurement un-
certainty, noise, and surface roughness. We selected the threshold
empirically by comparing filtered and unfiltered results on repre-
sentative scans and choosing the smallest value that consistently
removed visually insignificant changes while preserving clearly
identifiable erosion and deposition regions.

The Gaussian smoothing parameter S was chosen so that the
neighborhood effect at each point was strong enough to suppress
outliers, while avoiding excessive blending of values between neigh-
boring areas with unrelated changes (positive or negative).

We then divided the points into two groups based on the sign of
the M3C2 distance. At this stage, we used the original values, not
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Figure 2: A diagram showing the visualization process. Our inputs are TLS and UAV data that are transformed in CloudCompare before being
imported in Blender. Then Python scripting and Geometry Nodes are used to produce each of the three visualizations.

Figure 3: Visualization of accumulated change from April 2019 to
November 2020. Blue indicates added material, while red indicates
removed material. The changes are projected onto the mesh from
the April 2019 scan.

the smoothed ones. Points in each group were clustered using the
DBSCAN [EKS*96] algorithm with = 1:5 and a minimum of 10
points. For each cluster, we approximated the volume of change
using the following formula:

V a v )

i=1

where a is the approximate average area at each point in the scan, m
is the number of points in the cluster, and v; is the M3C2 distance at
point i.

The DBSCAN parameters were selected based on the average
point spacing after subsampling and the expected spatial extent of
meaningful geomorphological events. The chosen value enabled
neighboring points within the same local area of change to form
coherent clusters while preventing excessive merging of nearby
but distinct changes. The minimum cluster size filtered out isolated
noisy detections while preserving visually relevant cliff changes. We
observed that the resulting clusters remained stable under moderate
variations of these parameters; however, substantially increasing

led to overmerged regions, while decreasing it produced fragmented
clusters.

We also used the uncertainty produced by the M3C2 algorithm
for each point and calculated the overall uncertainty as:
m
U ui;

=1

3

where m is the number of points in the cluster, and u; is the M3C2
uncertainty at point i.

Some changes are caused by vegetation and do not reflect mor-
phological changes in the cliffs themselves. We filtered out clusters
identified as associated with vegetation points. Vegetation was re-
moved from the TLS scans according to [KKT25], using geometric
feature filtering. We searched for gaps in the reconstructed mesh and
marked those points or vertices as vegetation. If a cluster contained
more than a certain number of vegetation points, we removed it.

We then generated markers above each cluster. We computed the
center of each region on the XY plane, cxy, to position the markers in
the middle of the cluster. The marker height was set to the maximum
elevation within the cluster to avoid intersection with the surface.
We colored and resized the markers based on the M3C2 values. First,
the uncertainty was compared to a chosen threshold. In our case, we
set the threshold to %, where v; is the M3C2 distance. This heuris-
tic threshold was chosen empirically to distinguish visually stable
regions from regions dominated by uncertainty-related artifacts in
the evaluated datasets. If the uncertainty was too great, the marker
was colored gray; otherwise, it was colored based on the sign of
the M3C2 distance: red for negative distances and blue for positive
distances. The size of the markers was determined by

m
Vil
i=1

s=1nj (@)
where m is the number of points in the cluster, and v; is the M3C2
distance at point i. Above the markers, text showing distances and
uncertainties was placed. Figure 4 shows the final visualization.
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