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ARTICLE INFO ABSTRACT

Keywords: Many topographic scenes exhibit complex dynamic behavior that is difficult to map, quantify, predict and
Terrestrial laser scanner understand. A terrestrial laser scanner fixed on a permanent position can be used to monitor such scenes in
Change analysis an automated way with centimeter to decimeter quality at ranges of up to several kilometers. Laser scanners

Continuous measurements
4D

Topographic monitoring
Time series

are active sensors, and are therefore able to continue operation during night. Their independence from texture
conditions ensures that in principle they provide stable range measurements for varying surface conditions.
Recent years have seen a strong increase in the employment of such systems for different scientific applications
in geosciences, environmental and ecological sciences, including forestry, glaciology, and geomorphology. At
the same time, this employment resulted in a new type of 4D topographic data sets (3D point clouds + time)
with a significant temporal dimension, as systems are now able to acquire thousands of consecutive epochs in
a row. Extracting information from these 4D data sets turns out to be challenging, first, because of insufficient
knowledge on error budget and correlations, and, second, because of lack of algorithms, benchmarks, and
best-practice workflows. This paper provides an overview of different 4D systems for near-continuous laser
scanning, and discusses systematic challenges including instability of the sensor system, meteorological and
atmospheric influences, and data alignment, before discussing recently developed methods and scientific
software for extracting and parameterizing changes from 4D topographic data sets, in connection to the
different applications.

1. Introduction Photogrammetry requires sufficient texture, lighting, and additional
processing from images to 3D information (Forstner and Wrobel, 2016),
This work considers permanent laser scanning (PLS) as a method while ground-based SAR generally relies on the presence of consistent

to continuously assess the dynamics of Earth surface topography and scatterers in a scene (Monserrat et al., 2014).

vegetation at spatial scan extents in the order of dm to km. Laser
scanning is an active sensor technique that uses LiDAR (Light Detection
and Ranging) to obtain range distances in different directions from
a fixed standpoint, Vosselman and Maas (2010). Laser scanning is
more direct and complete in providing 3D surface information than
photogrammetry and ground-based SAR (Synthetic Aperture Radar).

Conventional 3D monitoring using terrestrial laser scanning (TLS)
typically involves the analysis of only a few repeated data acquisi-
tions. Eitel et al. (2016) discussed how at that time laser scanning was
transforming into a beyond-3D surveying technique by acquiring more
observations than just range distance, like intensity, full waveform or
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multispectral signals, or by adding time as a significant dimension.
The latter is notably achieved by Permanent Laser Scanning (PLS), also
referred to as continuous laser scanning, Bucher and Wertheim (2000),
automated terrestrial laser scanning, Kromer et al. (2017), long-term
laser scanning, Montillet et al. (2024) and permanent terrestrial laser
scanning, Voordendag et al. (2022). In the case of PLS, the scanner is
installed in a defined position (fixed or remountable), enabling a con-
tinuous acquisition of data, at discrete intervals, over a defined period
of time. This review paper focuses on scientific environmental monitor-
ing by PLS systems, excluding indoor and infrastructure applications, as
the latter applications pose significantly different requirements to both
system setup and consecutive 4D information extraction. In addition,
focus is on systems that operate from a fixed stand-point, that is,
systems that also scan in a near-continuous way, but from a moving
platform, are not considered here.

Terrestrial scanners, implementing both a rotating laser beam and
rotating sensor head, acquire range measurements in arbitrary di-
rections. Most often, terrestrial laser scanning is used by combining
different scan positions to avoid occlusion and thus fully cover a scene.
Permanent laser scanning allows to effectively acquire many (tens to
tens of thousands) consecutive scans of the same dynamic scene, which
means that PLS enables to observe and quantify ongoing changes rather
than just quantifying the net result of composite past changes. Recent
years saw the implementation of several PLS systems, which lead to
the availability and first experiences with 4D, i.e. 3D plus time, point
clouds with a significant temporal dimension.

The availability of these 4D point clouds raised new challenges
which starts with the need to handle big data in terms of storing and
processing. Methodologically these challenges include multi-temporal
point cloud registration and change detection on time series with high
temporal resolution. A permanent setup does not guarantee that scans
from different epochs are well aligned. Indeed, platform movement,
self-heating and atmospheric effects result in alignment differences
which make a proper registration procedure necessary. In addition,
even after registration, these same effects are still affecting the point
cloud quality, but to what extent is specific for different setups. Another
challenge is a lack of methodology to extract information on change
patterns from time series of consecutive point clouds: existing method-
ology typically focuses on comparing two epochs, i.e. point clouds
from before and after an event, and thereby lacks in exploiting the
temporal continuity that time series of scans offer. Both sensor systems
and data processing methods that were developed in recent years were
constructed with a particular application in mind, which raises the
question to what extent methods and setups are transferable to different
situations.

This paper is, to the best of our knowledge, the first systematic
overview of systems, methods and applications of PLS. In the re-
mainder of this paper, we will first discuss system setup in terms
of preparation, installation and data management in Section 2. This
section also provides an overview of past and present operational
PLS systems, including a table of Open Source PLS data. Section 3
discusses different registration strategies for aligning multi-temporal
PLS data and the effect of atmospheric and meteorological conditions
on PLS data quality. Section 4 provides an overview of methodology
for extraction of change information from 4D PLS data, concluded by
a list of Open Source tools implementing some of these methods. Four
operational PLS systems, their data products, and data analysis results
are showcased in Section 5, followed by a discussion and outlook in
Section 6.

2. PLS system setup
This chapter discusses PLS systems, starting by considering de-

sign choices and system installation, before providing an overview of
operational systems.

ISPRS Open Journal of Photogrammetry and Remote Sensing 17 (2025) 100094
2.1. Preparation

Laser safety and setup. Laser safety is internationally organized via the
IEN 60825-1:2014 regulations, Anon (2014). Most topographic scan-
ners are Class 1 and eye safe. Only scanners with ranges above 4 km
may employ higher class lasers which are not eye safe, RIEGL (2019a).
As for normal TLS measurements, a standard risk assessment is recom-
mended, compare e.g. the European framework Directive 89/391/EEC.
Important to consider in long-term scanning setups are changing con-
ditions during the campaign. It can be advantageous to identify visitor
and animal densities over the planned measurement period to estimate
how often potentially dangerous situations can occur. A laser scanner
can be set up on a survey pillar or a specially made console, depending
on the location. A consideration is the protection of the measurement
setup against affecting weather conditions and other influences limiting
measurements, as well as theft or vandalism. Most PLS systems use an
additional protection cover that prevents fouling of the laser scanner
and therefore repeated cleanup tasks. The protection covers consist
of glass domes, Polyvinyl Chloride covers, shelters or small scale sea
containers.

Presurvey. Compared to mobile scan measurements, long-term cam-
paigns typically require prepared measurement locations. This includes
the provision of power, internet connection, frames/towers, protection
measures and permits at the scan location. Selecting a final scan
location involves balancing these factors with the need for an optimal
field of view to effectively study the area of interest. A presurvey at
various locations under varying environmental settings can provide
information to obtain the most ideal location and setup. Additional in-
formation can be obtained by analyzing preexisting data in combination
with virtual laser scanning, e.g., Winiwarter et al. (2022). Presurveys
can also be used to detect any problems with the field of view due to
housing and other structures around the scan location.

Changing conditions can be hard to determine in advance and
may require setup changes during the measurement campaign. Stable
objects in the scene, both objects of opportunity and designated targets,
are useful to align long-term scan sequences, especially because highly
dynamic areas can pose a problem for georeferencing. Care should be
taken however in using highly reflective targets in the proximity of the
scanner, as these have been reported (Pesci and Teza, 2008) to result in
anomalous registration results, or even in sensor damage. Unforeseen
changes in the field of view because of shadowing effects and vandalism
can shorten the usability of these fixed objects.

2.2. Permanent laser scanner system installation

In this paper, PLS is understood as a cycle of four interacting, distin-
guishable modules. In Fig. 1, data acquisition, data management, data
analysis and finally visualization and reporting are four independent
topics of a PLS. While methods for data analysis will be described
in Section 4, the three other topics will be described in detail in the
remainder of this chapter.

Data acquisition. After setup, relevant data can be collected. This can
be as simple as using a repetition function in the laser scanner or
more advanced, using a scheduler which instructs the laser scanner
on specific times to perform a specific type of scan. Suitable sensors
can be chosen based on parameters such as range, beam divergence,
object resolution, measurement accuracy or ingress protection (IP)
classification and level of automation, depending on use of the system
in harsh environments. Regarding data quality, it should be noted that
the measurement results of a TLS are subject to various random and
systematic deviations that together constitute the error model. There
are four categories of systematic errors (Soudarissanane et al., 2011).
The description in detail is not the subject of this paper. Notably,
the data quality is affected by the procedure used for registration, cf.
Section 3.1, of the consecutive scans and the systematic influences in
the form of geodetic refraction, cf. Section 3.2.
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Fig. 1. Workflow PLS design. (1) Data acquisition. (2) Data management. (3) Data analysis. (4) Visualization and Reporting (Czerwonka-Schroder, 2023).

Data management. In terms of PLS integration, open-access data in-
terfaces are offered that enable controlling the scanner using custom-
developed software (Czerwonka-Schroder and Gaisecker, 2022). The
scanner itself can be remotely controlled via cloud connectivity and en-
ables a continuous stream of data. For example, RIEGL (2024) provides
the ROS2 RIEGL VZ Python package to automate laser scanner setup
tasks. This includes configuring scan patterns, setting up measurement
programs, creating and storing projects on the device, and schedule
scan data acquisition, compatible with RIEGL VZ-i series laser scanners,
see also (Handl, 2024). Also Livox offers a software development
kit to operate their low-cost Livox Avia scanner, compare Ruttner
et al. (2023, 2024). Data formats that are both compressed and doc-
umented (Pirotti, 2019; Isenburg, 2013) allow the adaptation of own
applications to the hardware.

An additional objective of PLS is their autonomous operation. Espe-
cially in isolated areas, such as glacier environments (Voordendag et al.,
2021), uninterrupted functionality and constant accessibility of the sys-
tem must be realized. For this reason, a communication gateway should
be part of the system to enable both data and energy management. The
gateway contains a router that is connected to a central remote evalua-
tion computer via a secure VPN (Virtual Private Network) connection.
This ensures that the laser scanner is protected against unauthorized
access and is only available to a selected group of people. A so-called
watchdog in the communication module performs an automated check
of all connected hardware components for their function. In case of
irregularities, the watchdog is able to automatically restart the system
and inform the system administrator about anomalies. A manual restart
of the entire system is also possible. The communication box also offers
the possibility of expanding the system with redundant data storage in
the form of a NAS (Network Attached Storage) and a backup power
supply in the form of a UPS (Uninterruptible Power Supply) as desired.

Data can be stored on the laser scanner, a NAS, the command
computer and external backup systems, or on a cloud server. Most
times the external backup system/cloud lies outside the physical scan
site and requires a data connection to transfer data. Depending on
the data connection (fixed internet line, GSM network or beamed data
connection), scan data can be repackaged to obtain better control
over the transmission lines with limited capability (e.g., in case of
a remote observation site) or connection issues, and to decouple the
data transmission from the scan cycle. Monitoring in four dimensions
(3D + time) poses a significant challenge in terms of data storage and
Big Data management. This challenge is particularly pronounced when
the phenomena monitored require hourly or daily PLS measurements.
For example, Campos et al. (2020) reported a daily data collection of
260 GB.

Reporting and visualization. Finally, the measured values and the infor-
mation derived should be provided to the stakeholders in an adequate
representation. For example, a central data management opens up the
possibility of combining the scan data with other sensor data in a web-
based monitoring platform, while decision makers typically require a
summary of analysis results using only a few key descriptive parameters
that can be displayed in colored maps and graphs using web-based
tools.

2.3. Operational permanent laser scanners

One of the first operational PLS systems is described in Kellerer-
Pirklbauer et al. (2005) were the authors were pioneers in glacier mon-
itoring. Brodie et al. (2012) pioneered the use of a RIEGL LMS-z390i
profile system for permanent laser scanning of beach morphodynamics
and hydrodynamics in the swash and inner surf zones at the coast
in Duck, United States, see also Brodie et al. (2015). The automated
use of a Sick profile scanner is discussed for gravel beach monitor-
ing in Almeida et al. (2015), and for estimating wave parameters in
the swash zone in Vousdoukas et al. (2014). More recently, Arshad
et al. (2021) reports on the setup and use of an automated system
build around a Cepta Vista P60 laser scanner to monitor a coastal
lagoon entrance at Wollongong, Australia. Abellan et al. (2010), and
later (Williams et al., 2018) describe early systems for rockfall moni-
toring while Kromer et al. (2017) describes a system used to monitor
the Séchilienne landslide. Culvenor et al. (2014) describes a system
built from scratch around a low cost GLM150 rangefinder for monitor-
ing vegetation structural information to calibrate satellite based Leaf
Area Index estimation. Eitel et al. (2013) describe a similar system to
quantify 3D temporal dynamics of plant structure.

In recent years, PLS systems were growing in all aspects: in number
of systems, in number of acquired epochs and in the variety of their
application An overview of recent operational PLS systems reported
upon in literature is given in Table 1. From the table, the Hyytidla site
is further discussed in Section 5.1, while the scanner at the Hintereis-
ferner, Austria, is showcased in Section 5.2. Vals is further illustrated
in Section 5.3. In the table, CoastScan refers to the same laser scanner
that has been active at two different sites in The Netherlands: Kijkduin,
for about 6 months, compare also Section 5.4, and Noordwijk, which
was operational for 3 years. The same scanner was also operational at
Mariakerke, Belgium. Noteworthy is the Field Research Facility (FRF)
Duck LiDAR system monitoring the sandy beach at Duck, North Car-
olina, United States. It was initially deployed in October 2015 and has
been collecting hourly scans semi-continuously for the past 9.5 years,
with downtime primarily related to scanner issues or servicing.
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Table 1
PLS systems, reported upon in literature; countries are indicated by ISO 3166 country code.
Name, country Scanner Interval Epochs Application Range Reference
CoastScan, NL Riegl VZ-2000 1h 30000 Beach <1 km Vos et al. (2022)
Mariakerke, BE Riegl VZ-2000 1h 8500 Beach <1 km Deruyter et al. (2020)
Hintereisferner, AT Riegl VZ-6000 1 day 850 Glaciology <4.5 km Voordendag et al. (2023a)
Hyytiéld, FI Riegl VZ-2000i 1h >25000 Forestry <400 m Campos et al. (2021b)
Séchilienne, FR Optech ILRIS LR 30’ 1832 Landslide 700-1200 m Kromer et al. (2017)
Whitby, GB Riegl VZ-1000 1h 9000 Rockfall 300-550 m Williams et al. (2018)
Schneeferner, DE Riegl VZ-2000i 1h 129 Snow cover <1 km Anders et al. (2022)
Vals, AU Riegl VZ-2000i 2-3 h 1800 Rockfall <1 km Schroder et al. (2022)
FRF Duck, NC, US Riegl VZ-1000 1h 75000 Beach <1 km O’Dea et al. (2019)
Trier, DE Riegl VZ-2000i 1h >6500 Rockfall 150-400 m Czerwonka-Schroder et al. (2025)
Table 2

Open Source PLS data. The Pheno4D greenhouse data set in the first row is not obtained by a panoramic laser scanner but by a close-range
scanning arm. Pheno4D is included as it is one of the first open source point cloud time series.

Location, country Years Interval Reference Repository

Duck, US 2015-2025 Hourly O’Dea et al. (2019) CHL data server
Greenhouse growing station, DE 2020 Two daily Schunck et al. (2021) IPB, Bonn
Kijkduin, NL 2016-2017 Hourly Vos et al. (2021) Pangaea
Mariakerke, BE 2017-2018 Hourly Vos et al. (2024) Zenodo
Noordwijk, NL 2019-2022 Hourly Vos et al. (2023) 4TU.ResearchData
Schneeferner, DE 2018 Hourly Anders et al. (2021a) heiDATA
Hyytidla, FI 2020-2021 3.5 days Wittke et al. (2024) Fairdata.fi

In Table 1 only a few types of laser scanners are mentioned. Reason
is that these scanners were developed for long-range data acquisition
with resources for full data acquisition automation and remote connec-
tion. Some quality metrics for these scanners are summarized in Table
3. The beam divergence, y, quantifies the angular increase in beam
diameter, and enables to estimate the footprint size, D, as function of
range, R, Vosselman and Maas (2010),

D ~ yR. (€))

Here it should be noted that Eq. (1), holds in case the laser beam hits
the scanned surface perpendicularly. For example, scanning perpendic-
ularly at 1 km with a beam divergence of 0.12 mrad would result in
a footprint diameter of 0.12 m. In Table 3, the accuracy refers to the
conformity of a range measurement to the real range distance, while
the precision indicates to which degree further range measurements
obtain the same result. Table 3 on itself provides limited insight in
the quality of PLS data, as the effects of measurement geometry,
alignment (in)stability and data redundancy are not incorporated. Most
PLS systems acquire scans at hourly intervals, thereby providing often
data redundancy in terms of the processes that are observed, but also
resulting in large data volumes. Ranges are typically in the order of
a few hundred meter, only at the glacier called Hintereisferner ranges
reach up to 4.5 km, as in this case a full glacier is monitored.

Table 2 provides an overview of open source PLS data. The first data
set listed, Duck, consists of hourly beach grids acquired for a period
of about nine years on the sandy beach of North Carolina. Pheno4D,
provides two long time series of point clouds of maize plants (84 point
clouds) and tomato plants (140 point clouds). Corresponding leafs are
consistently labeled throughout part of the time series. This data set
is obtained by a scanning arm. The consecutive three data sets provide
beach topography data at Kijkduin, Mariakerke and Noordwijk, and are
obtained by the same scanner, operational at different locations. The
Schneeferner data set consists of 125 largely consecutive hourly epochs
of snow cover data. The Hyytidld data set consists of point clouds of 103
different epochs, and covers 458 trees around the scan location.

3. Known PLS data issues
3.1. Registration

Although the scanner position is fixed over time in the case of near-
continuous laser scanning, scan results show that alignment procedures

Table 3

Scanner quality, as reported by the manufacturers. Given accuracy and precision values
correspond to a lo interval and are valid for the indicated range under test conditions
as used by the manufacturer.

Scanner Beam divergence Accuracy Precision
VZ-1000 0.3 mrad 8 mm (100 m) 5 mm (100 m)
VZ-2000 0.3 mrad 8 mm (150 m) 5 mm (150 m)
VZ-2000i 0.27 mrad 5 mm (100 m) 3 mm (100 m)
VZ-6000 0.12 mrad 15 mm (150 m) 10 mm (150 m)
Optech ILRIS-LR 0.25 mrad 7 mm (100 m) 4 mm (100 m)

are needed to correctly overlay scans from different epochs. Sometimes
there are even alignment issues within one scan. Fig. 2A shows two
unregistered scans of the Kijkduin data set, that are obviously tilted
w.r.t each other. As a simulated example, consider a PLS positioned
10 m above a flat, horizontal beach. A 1 mm vertical error will result
in a 1 cm horizontal error at 100 m horizontal distance of the scanner
on the beach. At 1000 m horizontal distance, this horizontal error
will have increased to 10 cm. This example shows that small issues
in the stability of a measurement setup easily results in rather large
errors in the far field. If and how registration is applied, depends
on the system setup and on the user requirements. If it suffices to
identify changes between consecutive epochs in the order of 25 cm or
more, no additional registration effort is needed for any of the systems
mentioned in Table 1. At setup it should already be considered if the so-
called Scanner Own Coordinate System (SOCS) can be considered stable
during scanning. If not, e.g. because the scanner mount is expected to
move during scanning due to wind, the movement of the scanner should
be, first, tracked, for example on location with an IMU, or relative to
an external stable point, and, second, corrected for.

If however the SOCS is considered stable during one scan, it is typ-
ically assumed that the point cloud registration problem comes in the
form of the estimation of rigid transformation parameters for aligning
one point cloud scan to another. Near-optimal transformation parame-
ters between LiDAR point clouds can be obtained by applying different
coarse-to-fine registration strategies (Vosselman and Maas, 2010), in-
cluding feature-based methods (Cheng et al., 2018), global methods
such as iterative closest point (ICP), and more recently, learning-based
approaches (Monji-Azad et al., 2023) and multitemporal targetless
methods, Yang et al. (2025). As still the scanner is operating from a
fixed mount, it can be assumed that coarse registration is not required
for PLS.
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Fig. 2. The need for registration in permanent laser scanning. A: Two unregistered CoastScan point clouds acquired in Kijkduin on January 16 (red points) and January 17 (blue
points) 2017. The dominant color (red/blue) shows which point cloud lies on top of the other. Image by authors. B: Time series of the average elevation of a stable reference
surface in the CoastScan point clouds, acquired in Noordwijk over one week in August 2019, before and after correction (Kuschnerus et al., 2024a). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

What the different registration methods do have in common is that
they all require the presence of stable points in or near the scene. To
fulfill this requirement, there are different strategies: (i) using natural
surface targets, (ii) using prisms at short or long ranges, (iii) using ad-
ditional sensors, such as total stations. Having natural surface targets is
often problematic in highly dynamic environments, like a beach, glacier
or forest, without any fixed geometries like a permanent beach pavilion
with planar walls, stable rocks around a glacier or some fixed object
in a forest. Using dedicated prisms or stable targets might provide an
alternative, but even setting up these in a dynamic environment might
be challenging.

While either measuring the motion of the scanner through time
using inclinometers or by positioning the scanner and its orienta-
tion relative to external targets, or by combining both in a common
adjustment, a common, time independent coordinate system can be
established to which individual scans are aligned.

Different strategies have been applied for aligning PLS data obtained
by the systems mentioned in Table 1. For example, Campos et al.
(2021b) performed coarse registration of Hyytidld PLS time series by
using a combination of artificial spherical targets and well-defined
stable features, such as tree stem positions and corners of man-made
structures like research containers and flux towers as Ground Con-
trol Points (GCPs). Inclination measurements from the CoastScan laser
scanner, available at a frequency of 1 HZ were averaged for each
scan except during storms to estimate and correct for mean pitch
and roll inclination in Kuschnerus et al. (2024a). After alignment,
instantaneous changes of 3 cm could be identified using a statistical
approach. Recently, Yang et al. (2025) demonstrated for the PLS site
at Vals, that under difficult terrain conditions, and by integrating Total
Station measurements, most distances between points at stable areas
could be reduced to fall within 1 by a rigid body registration.

3.2. Influence of atmospheric and meteorological conditions

Fig. 2B shows how the elevation (blue line) of a reference surface
varies during warm summer days in hourly beach scans. In this partic-
ular case, elevation differences (blue line) between day and night are
in the order of 10 cm at a range of ~135 m. The elevation difference
could be largely reduced (orange line) by a correction for scanner tilt
based on inclination angles measured by the scanner.

Meteorological conditions, like rain and wind, have a clear effect
on the error budget and data availability of PLS data. Therefore, mete-
orological conditions need to be taken into account during automated
PLS time series processing, e.g. by means of a pre-processing step
that automatically removes scans acquired during meteorological less
favorable conditions. Storms might influence the stability of the PLS
and Kuschnerus et al. (2021b) describes how scans are automatically
removed based on evaluation of pitch and roll values of an on-board
inclination sensor. Also fog and clouds hinder data acquisition. For
example, with the 6 km range Riegl VZ-6000, with wavelength A =
1064 nm, data acquisition is impossible as soon as clouds are vis-
ible between TLS and target surface. For the Riegl VZ-2000i, at A
= 1550 nm, data acquisition is still possible but limited in similar
conditions (Campos et al., 2021b). Fig. 3 (A) shows that the maximum
range (m) of the Riegl VZ-2000i increases according to the horizontal
visibility in the research area. Here, horizontal visibility, in meters, is
interpreted as the estimated maximum distance at the weather station
that an observer can see an object situated in the same horizontal
plane. The maximum range and number of collected points decrease
as function of the precipitation amount as presented in Fig. 3(B) and
(C), respectively. The increase of the precipitation amount (mm) results
in a decrease of number of points (represented by the black line) and,
consequently, only the brightest reflectance target responses are regis-
tered (represented by the yellow line), increasing the mean reflectance
value of a point cloud, expressed in decibels.

Atmospheric effects on scan results are more subtle and often go
unnoticed when single scans are obtained at intervals of weeks to
months. The scanner measures the time-of-flight between TLS and tar-
get surface. The laser beam is delayed by the group index of refraction
relative to the speed of light in vacuum (RIEGL, 2019b; Friedli, 2020).
This index depends on air temperature, relative humidity, and air
pressure between TLS and target surface. Changes in these conditions
change the velocity of the laser beam and refracts the beam. To
simulate beam velocity and refraction, Friedli (2020), Voordendag et al.
(2023a), spatio-temporal high-resolution observations or simulations
of the meteorological conditions during scan acquisition are needed.
The influence of the atmosphere on the velocity of the laser beam
is in the order of millimetres for ranges up to 4.5km (Voordendag
et al.,, 2023a) and the refraction is approximately 5 cm at a range
up to 1 km (Czerwonka-Schroder, 2023) or 25 cm at range up to 2.5
km (Friedli, 2020).
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Refraction increases with strong temperature gradients in the at-
mosphere, which generally occur closer to the surface. Notably Brocks
(1939) showed that the refraction is dependent on the close vicinity
of the instrument location, as, depending on the particular setup, there
the laser beam is generally close to the surface. He states that in the
first tenth of the pathway of the measuring beam the influences are 19
times stronger than in the last tenth. The influence of the atmospheric
conditions can be minimized by data acquisition during night for daily
acquisition intervals, as the influence of warming of the atmosphere is
smaller in the night, and by choosing a setup where the laser beam does
not travel close to the surface, especially at the point where the laser
beam leaves the TLS.

4. Data analysis and information extraction

The major value of PLS data lies in the temporal dimension of
the acquired 3D point clouds. The occurrence of events, like rock-
falls, Zoumpekas et al. (2021), can be timed more accurately, while
the temporal redundancy enables the detection of small temporal
trends. Kuschnerus et al. (2024a) shows how the temporal redundancy
of PLS data can be incorporated to identify with statistical significance
small vertical jumps and small trends using geodetic adjustment theory.
Actually, the 3D time series provide a near-continuous representation
of surface processes, and therefore, rather than merely an increase in
the number of bitemporal change assessments, these data sets enable
a full 4D assessment of ongoing processes. Therefore, new approaches
of change analysis in 4D data sets are being developed, that are able
to exploit the full time series information to assess dynamic surface
processes.

ISPRS Open Journal of Photogrammetry and Remote Sensing 17 (2025) 100094

Near-continuous surface or object change is analyzed in either a
Lagrangian or in an Eulerian framework, Suchde and Kuhnert (2018).
In a Lagrangian framework, the trajectory of objects or object points is
assessed, think for example of a rock on a glacier that is moved down-
stream by glacier flow. Alternatively, dynamic point cloud processing is
done using an Eulerian framework, by considering the vertical change
at fixed horizontal positions or the range change at fixed spheri-
cal positions. This can be, for example, the observation of sediment
accumulating and eroding at a fixed location.

In the following sections, we provide an overview of existing meth-
ods for 4D point cloud analysis and their application domains. The sec-
tion concludes by summarizing state-of-the-art Open Source software
that implements some of the methods discussed.

4.1. Range acquisitions

A static laser scanner measures a range distance at a certain hori-
zontal and vertical look angle. While scanning, the scanner head rotates
around its vertical axis, which corresponds to a change in horizontal
scan angle. In addition, the vertical look angle is changed by a rotating
mirror. This means that a static laser scanner is acquiring distances in
a spherical coordinate system, and these acquired distances could be
stored in corresponding raster images. If perfectly stable, PLS would
in this way acquire time series in range distance at fixed horizontal
and vertical look angles. In practice, cf. Section 3.1, PLS data need
registration and laser scanners do not measure range distances at
precisely fixed angular intervals. In addition, range distances are often
more difficult to interpret than vertical change at horizontal location.
As a consequence, most methods analyze PLS data within a Cartesian
coordinate system.

4.2. Spatio-temporal interpolation

Spatio-temporal interpolation methods are applied on PLS data for
obtaining heights at fixed horizontal positions and for the reduction of
noise and uncertainty. In addition, interpolation is used for the filling of
spatial or temporal gaps, as caused by variable atmospheric conditions
or temporary presence of water on e.g. the intertidal area of a beach.
Whereas spatial interpolation is a standard step in topographic point
cloud processing, e.g. in creating Digital Elevation Models, compare
Ch. 4 in Vosselman and Maas (2010), temporal interpolation, and also
temporal aggregation have become relevant through high-frequency
acquisition.

To combine filtering in both the spatial and temporal domain,
Kromer et al. (2015) use the median of values in a spatio-temporal
neighborhood. Therein, spatial neighbors are the n closest points to a
3D point of interest, and the temporal neighbors are the spatially closest
points in previous and consecutive epochs. This median averaging is
performed for each epoch in a time series, equivalent to a sliding
temporal window with a spatial neighborhood search in each epoch
within the window. The method has been shown to efficiently reduce
noise (i.e., random errors) and can increase the level of detection in
change analysis by up to two orders of magnitude. Only averaging
in the time domain is used by later applications (Eltner et al., 2017;
Anders et al., 2019). This is adequate if spatial interpolation is applied
in a separate step. A trade-off must be made between the size of the
temporal window and the signal of surface processes being observed.
Depending of the relation between temporal resolution of 4D point
clouds and the rate of observed surface processes, the signal may be
smoothed by temporal interpolation (Kromer et al., 2015).

An approach to fully consider uncertainties in space and time is
presented by Winiwarter et al. (2023), who use Kalman filtering for
interpolation of a 3D time series. This smoothing of a best estimate
time series at locations in the scene enables to reduce the uncertainty
of change detection especially for gradual changes and trends in the
scene.
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4.3. Systematic trend inventory

Given a set of elevation time series, each series can be systemati-
cally analyzed to determine whether the elevation is stable or better
described by a linear trend or by another linear model, compare Ch.
7.2 in Vosselman and Maas (2010). Using the statistical framework of
adjustment theory, this idea can be formalized, and it can be tested
in a statistical way, which linear model under consideration is best,
in the sense of least squares, describing the variation in elevation at
a grid point. Input is, except for the elevations itself, also the quality
of the elevation estimation per epoch, as described by a standard
deviation. The sensitivity of the methods depends on both the elevation
quality and the data redundancy. Kuschnerus et al. (2024a) applied this
approach on PLS data of Noordwijk beach and showed that slopes of
0.032 m/day and elevation jumps of 0.031 m could be identified with
statistical power of 80% and with 95% significance in a time series of
one day consisting of 24 hourly epochs.

In Kuschnerus et al. (2024b), this method is applied to build a trend
inventory of the full three years of hourly PLS data of Noordwijk beach.
In this case only linear trends are considered, and partial trends are
automatically stopped in case new elevations do no fit the trend under
consideration, or in case of data gaps. The resulting inventory consists
of 12.8 million partial time series with associated rate of change and
elevation. Typically, trends stop in case of high energy events, such as
storms or human intervention like bulldozing. This Eulerian method
works per grid cell and spatial correlation is not incorporated, but
becomes visible in the results as nearby grid cells often exhibit similar
behavior.

4.4. Clustering approaches

Clustering is an unsupervised family of methods that groups nearby
points based on similar properties, including temporal behavior.

Tracking spatial clusters

Recently, clustering methods have been developed to monitor indi-
vidual trees (Puttonen et al., 2019; Wang et al., 2022) and vegetated
landslides (Weidner et al., 2021) in 3D point cloud time series. These
methods are Lagrangian, as they track spatial clusters, representing the
same object parts, through time, compare also Fig. 4, top. Vegetated
scene monitoring is challenging as plants have complex structure, are
non-rigid over time, and their point clouds have various level of in-
completeness due to self-shading and occlusions. Puttonen et al. (2019)
developed a method based on Euclidean clustering to monitor circadian
movements using 14.5 h TLS time series. The initial cluster positions
were predefined based on minimum cluster diameter and point number
at a selected epoch and all points were given the label of their nearest
cluster. The point labels were transferred to subsequently measured
point clouds using nearest neighbor search. Following this, the cluster
positions were updated before proceeding to the next iteration. The
approach was used in detecting and quantifying tree crown dynamics,
like branch movement over time. The same method was also applied
in a study to determine the driving factors behind circadian branch
movements by Junttila et al. (2022).

Wang et al. (2022) developed an algorithm, PlantMove, for non-
rigid registration of multi-temporal tree point clouds to monitor struc-
tural crown dynamics. PlantMove creates motion fields between con-
secutive point clouds using the Coherent Point Drift algorithm by My-
ronenko and Song (2010). The method was successfully tested on three
case studies, including two real-world point cloud time series. Chebrolu
et al. (2020) developed a non-rigid registration method to phenotype
plant organ growth in tomato and maize plants for a ten-day period
based on spatio-temporal point clouds. Their method searches for cor-
respondences between object skeleton nodes at different epochs using
a Hidden Markov Model formulation.

An object clustering method to monitor changes and deformation
in a vegetated landslide based on tree trunk matching from sequential
LiDAR point clouds was developed by Weidner et al. (2021). The algo-
rithm, TreeTracker, includes point cloud semantic segmentation (trunk
vs. non-trunk), trunk point cloud clustering and centroid calculation,
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matching of corresponding trees in multi-temporal datasets and 3D
displacement estimation of individual trees. Landslide changes and
deformation are therefore estimated based on the positions of clustered
trunk point cloud centroids over time.

Time series clustering

Instead of following spatial clusters through time, one can also,
in an Eulerian approach, group positions in a scene based on time
series similarity, compare also Fig. 4, bottom. Similar dynamic pro-
cesses in a beach dune system were grouped using k-means clustering
applied on multi-year coastal airborne LiDAR data (Lindenbergh et al.,
2019). Kuschnerus et al. (2021a) used well-known clustering methods
(k-means, DBSCAN, agglomerative clustering) on elevation time series
from the CoastScan data set in Kijkduin. With this method different
locations could be grouped according to their similarity in change
pattern. A division in intertidal and aeolian area was visible and re-
gions with dominant anthropogenic changes like bulldozer work could
be isolated. Czerwonka-Schroder et al. (2023a) adapted the k-means
clustering to a spatial set of PLS time series of the Vals valley and
could also automatically extract segments with homogeneous tempo-
ral properties. In Czerwonka-Schroder et al. (2023b) a feature-based
clustering approach based on a Gaussian mixed model is presented as
an alternative to k-means clustering.

4.5. Extraction of 4D objects-by-change

A well-known approach to segment a point cloud is by means of
region growing (Vo et al., 2015). Starting from a seed point, spatial
neighbors are added to a segment, as long as some homogeneity cri-
terion, like planarity, is met. 3D segmentation by region growing has
been generalized to the so-called 4D objects-by-change method for 4D
point cloud data in Anders et al. (2020). The concept of a 4D object-
by-change is to delineate surface activity in its duration and spatial
extent based on similar surface behavior throughout the time span
of the activity. Here, surface activity is a general term to describe a
temporary process of surface change, which may be any kind of local
erosion, deposition or combination thereof. To extract a 4D object-by-
change, surface activities are first identified in the time series of surface
elevation at a location in the scene. Using one detected time span
as seed, the spatial neighborhood is then checked for similar surface
behavior in the second step. The used metric for time series similarity
is the Dynamic Time Warping (DTW) distance (Berndt and Clifford,
1994). The resulting spatially grouped time series subsets represent the
spatio-temporal extent of the 4D object, compare Fig. 5. As a 4D object-
by-change to some extent enables to follow a spatial pattern of change
through time, this method can be seen as a mixed Eulerian-Lagrangian
approach.

The extraction of 4D objects-by-change is fully automated using
spatio-temporal segmentation (Anders et al., 2021b). By searching for
surface activities in the full time series at all locations in the scene,
different change processes can be identified, i.e. activities with variable
timing, duration, and magnitude. Different 4D objects-by-change may
overlap both in space and time. This is possible because the method
may segment a location that is already part of one object into an
additional object. This is favorable when analyzing scenes of complex
surface dynamics, where material is transported by different drivers so
that surface processes overlap and interact. An application example is
given in Section 5.4 on the extraction of surface dynamics on a sandy
beach.

To characterize extracted surface activities as represented by 4D
objects-by-change, Hulskemper et al. (2022) use self-organizing maps
(SOMs; Kohonen, 1990) to group change objects based on their spatio-
temporal properties, such as their spatial extent, duration and magni-
tude. This unsupervised clustering approach groups and sorts similar
surface activities without requiring predefining properties. Such anal-
ysis can provide insight into spatial and temporal patterns of surface
dynamics, and allows linking identified surface activities to external
drivers.

4.6. Open source tools

Open research software is key to transfer scientific achievements
into action as modules in full workflows in academia and beyond.
Source codes for 4D point cloud analysis are increasingly shared along
with publications and several of those open-source projects underlie a
software license which allows for unrestricted use (e.g. GNU LGPL 3.0
or later). As a consequence, workflows can use, compare and combine
multiple 4D analysis methods.

LiPheKit

Wittke et al. (2024) provided along with the LiPheStream v1.0
dataset — an 18-month-long point cloud time series comprising LiDAR
data from 458 individual trees — a set of practical scientific tools
named LiPheKit to support the processing of LiDAR time series. This
toolkit includes features such as point cloud reading and writing (in
LAZ format), normalization, registration and georeferencing, data re-
sampling, coarse-to-fine point cloud segmentation, and tree parameter
estimation (e.g., tree height).

PlantMove

Point clouds of the same target collected at different epochs can be
compared using the PlantMove open-source tool (Wang et al., 2022).
PlantMove, which includes MATLAB source code and a compiled
executable with a graphical user interface, was initially designed to
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Fig. 6. Examples of permanent laser scanning systems: (A) PLS at the Hyytidld Research Forest Station in Finland, used for monitoring tree dynamics; (B) PLS at Hintereisferner,
Austria, employed for glaciological studies; (C) PLS at the Trierer Augenscheiner, Germany, for rockfall monitoring; and (D) PLS at Kijkduin, Netherlands, for coastal monitoring.

Images by authors.

accurately estimate point-wise 3D motion fields for plant movements
based on point cloud time series recorded over time intervals ranging
from hours to years.

Py4dgeo - library for change analysis in 4D point clouds

The main objective of the scientific software py4dgeo (Py4dgeo
Development Core Team, 2022) is to provide an open-source platform
and easy to use but performing and flexible tool to run state-of-the-art
change analysis methods for 3D time series of point clouds. py4dgeo
is a C++ library with Python bindings and bundles methods, such
as the standard M3C2 algorithm (Lague et al., 2013), M3C2 with
error propagation, M3C2-EP, Winiwarter et al. (2021), 4D objects-by-
change (Anders et al., 2021b), and the correspondence-driven plane-
based M3C2 (Zahs et al., 2022). Also registration methods, including
standard ICP and supervoxel-based targetless registration, Yang and
Schwieger (2022), have been made available. Thereby, py4dgeo offers
a well-defined API to be included in automatic workflows (e.g. online
on scanners) and to be used to develop ensemble workflows combin-
ing multiple change analysis methods. The library is actively under
development in several (inter)national projects.

5. PLS case studies

This chapter will discuss four representative and intensively inves-
tigated environmental applications of permanent laser scanning: tree
monitoring, glaciology, rockfall and coastal monitoring. The different
systems are displayed in Fig. 6.

5.1. LiPhe tree monitoring - Hyytidld

Understanding forest dynamics is essential to improve sustainable
forest management, forest productivity, reforestation, and to protect
forests from extreme conditions. Yet, forest dynamics is a complex
subject with inter-individual variability according to species, genetic
differences, tree age and size, and seasonal environmental interac-
tions (Marchand et al.,, 2020). Therefore, long-term monitoring at
monthly or daily intervals is required to assess forest dynamics. Among
the remote sensing sensors, laser scanning systems have become a
standard technology for forest monitoring. The high penetrability of
the laser beam in tree crowns, the scanner ability to acquire multiple
returns per transmitted pulse, and its possibility to measure without
external lighting enable investigation of structural development and
dynamics of a tree. However, until present, there has been a lack
of permanent laser scanning systems that continuously collect point
cloud time series at, say, daily intervals. With this motivation, the
Finnish Geospatial Research Institute (FGI) developed a LiDAR phenol-
ogy station (LiPhe) to monitor daily and seasonal changes in a boreal
forest (Campos et al., 2021b).

The LiPhe station consists of a time-of-flight Riegl VZ-2000i scanner
installed in a fixed support frame near the top of a 35-metre tower
~15 m above the forest canopy. The tower is situated at a Hyytild
forest research station in central Finland (61° 51’N, 24° 17’E). PLS data
acquisition is fully automated and a new scan is measured every hour
at 0.006° angular resolution. The LiPhe station has been operational
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reader is referred to the web version of this article.)

since April 2020, except for nine months between September 2021 and
June 2022 due to hardware failure.

The scan area covers 19 hectares of mixed, conifer dominated,
boreal forest. The PLS monitors over 4000 individual trees within
400 m distance from the scanner. A data processing framework converts
individual scans into a georeferenced point cloud, labeled with a local
tree map to enable analysis of daily and seasonal dynamics at tree
level. The LiPhe station time series data set enables the study of
dynamics like seasonal growth of tree height and crown area (Campos
et al., 2023; Yrttimaa et al., 2024; Campos et al., 2024), variation in
biomass (Spadavecchia et al., 2023), snow accumulation and shedding,
and phenological date estimation over several seasons (Campos et al.,
2021a). Additionally, LiPhe data has been used, Shcherbacheva et al.
(2024), to study phenological trends as revealed by annual calibrated
LiDAR intensity patterns for tree species classification of Scots pine
(Pinus sylvestris), Norway spruce (Picea abies) and Silver birch (Betula
pendula) trees.

Fig. 7 shows different tree dynamics for the 2020-2021 growth
season. Fig. 7(A) shows the 2020 LiDAR-calibrated intensity pattern
of a silver birch tree (in orange), as induced by the tree phenological
change over the season. The green dots show the tree averaged values
of LiDAR-calibrated intensity at 133 time points. Phenological dates,
such as the beginning of the greening and falling, and the end of
the season (green stars) correspond to characteristic changes in this
intensity response. Fig. 7(B) shows the annual height growth in Scots
Pine, Norway Spruce, and silver birch trees based on changes in their
99.95 height percentile in 133 time points. The two triangles in the
birch growth curve are times for which the crown area is plotted in Fig.
7(D). The silver birch crown area growth was detected using 2D alpha
shapes of point clouds acquired in April (black) and October (cyan)
2020. The tree stem position is represented by a black dot while the red

10

and blue dotted lines show the direction towards North and the scanner
position, resp. Finally, Fig. 7(C) presents the ground snow accumulation
under a silver birch tree by a gray curve, which is consistent with snow
depth values estimated by the Finnish Meteorological Institute (light
blue bars).

The LiPhe PLS point clouds and derived tree dynamics analysis
are validated with multiple independent measurements. Reference data
include a field survey-based tree map, hundred-point dendrometers that
monitor seasonal variance in stem width and localized temperature,
and two LIDAR helicopter campaigns in August 2021 and 2022. The
LiPhe station has been installed in the immediate vicinity of the Station
for Measuring Ecosystem-Atmosphere Relations - SMEAR II (Hari and
Kulmala, 2005) that monitors the ground-forest-atmosphere contin-
uum. This enables combined studies on how individual tree dynamics
varies with changing environmental conditions. Therefore, this PLS
time series provides a unique spatio-temporal dataset to better under-
stand long-term dynamics in boreal forests and the impact of changing
environmental conditions. An extensive description of the project is
also provided in Wittke et al. (2024).

5.2. Glaciology - Hintereisferner

At Hintereisferner (HEF), a valley glacier in the Otztal Alps, Austria,
a Riegl VZ-6000 was installed in September 2016 at an altitude of
3250 m a.s.l. (Voordendag et al., 2021). The system is automated since
June 2020 and acquires daily point clouds for deriving Digital Elevation
Models (DEMs) of the glacier and its surrounding. The installed scanner
is able to scan ranges up to 6 km, but ranges up to 4.5 km are reached
at this location. The setup was installed to study glacier surface mass
balance processes at high temporal and spatial resolution such as snow
(re)distribution over the glacier surface (Voordendag et al., 2024), but
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is also used to distinguish annual and seasonal glacier mass balances,
determine the Glacier Loss Day (Voordendag et al., 2023b), and serve
as surface boundary condition for glaciological and atmospheric models
requiring high resolution in space and time. Fig. 8 shows a DEM
of Difference (DoD) between November 13 and 16, 2021. Between
those two dates snowfall was registered at a nearby automatic weather
station. Thus, the DoD shows the distribution of the snowfall as well as
snow redistribution thereafter. Note that not the entire glacier surface
area is covered by the station, as the upper part of HEF lies higher than
the scanner’s position, leading to some scan occlusions (white areas) in
Fig. 8. DoDs similar to Fig. 8 are valuable calibration and validation
information for atmospheric models that model solid precipitation and
snow drift (Goger et al., 2022; Voordendag et al., 2024).

The installation of a PLS system at high altitude in harsh conditions
faces additional challenges. This TLS is installed in a small, heated
container with mechanical windows that are opened before data ac-
quisition starts (Voordendag et al., 2021). It was found that mechanical
problems occurred below —15 °C, so data acquisition is not possible yet
below these temperatures. The power supply comes from the nearby ski
resort Alpin Arena Schnals/Senales (South Tyrol, Italy). Due to missing
long-term evolution standards for wireless broadband connection at the
time of installation (2016), the remote access is provided through the
wireless communication network of the civil protection agency of the
Autonomous Province of Bolzano/Bozen, Italy, via Virtual Private Net-
work (VPN) tunneling to the University of Innsbruck. The bandwidth is
quite small, but rather stable and splitting the TLS data files into small
chunks assures reliable data transfer.

5.3. Rockfall - Vals

A rockfall occurred in the Vals valley in Tyrol, Austria on 24 Decem-
ber 2017, leaving a large debris cone at the lower part of the Alpine
slope. According to Berger et al. (2021), about 117,000 m? of rock
volume was displaced. Using two laser scans conducted in 2008 and on
27 December 2017, immediately after the event, Anegg and Fritzmann
(2019) estimate the volume of the deposit at 130,000 m>, the deposit
area at 50,000 m?, the falling height at 380 m, and the maximum
depositional thickness at 9 m. The event loosened the material, corre-
sponding to a volume increase of about 11.5% (Hartl, 2019). Although
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Table 4
Scan campaigns at Vals, Austria.

Campaign Date Year Scan interval
M1 13/8 - 8/9 2020 2h
M2 10/5 - 17/6 2021 3h
M3 28/7 - 17/12 2021 3h

there were no human casualties or significant damage to buildings,
the Valser national road located immediately below the rockfall was
covered with 8 m of debris (Hartl, 2019). The local authorities set
up a geodetic monitoring system, consisting of a total station with
21 corresponding prisms and geotechnical sensors distributed over the
source area of the rockfall on the upper mountain slope in 2018. As
no significant rock movement was detected in the acquired data, the
infrastructure of the existing monitoring system was made available
for research. Point clouds of the rockfall and debris area below were
recorded periodically with a Riegl VZ-2000i laser scanner during three
measurement campaigns, as specified in Table 4.

During the campaigns, the laser scanner was permanently installed
on a survey pillar in a shelter on the opposite slope at ~800 m from the
rockfall area, cf. Fig. 9. A high-resolution scan was acquired at 15 mdeg
resolution in azimuth and elevation at a pulse repetition rate of 50 kHz.
1780 individual scans were acquired (Schroder et al., 2022). The
acquisition was designed for various research and development activ-
ities regarding the deployment of long-range terrestrial laser scanners
within a remotely controlled, web-based monitoring system from an
engineering geodetic perspective (e.g. Gaisecker and Schroder, 2022;
Kermarrec et al., 2022; Czerwonka-Schroder et al., 2023b; Winiwarter
et al., 2023). In addition to the laser scanner, a Leica TM30 total station
(TS) and inclination sensors on the survey pillar aligned to the scanner-
own coordinate system, were employed. Various meteorological sensors
were installed in the shelter and around the monitored slope area.
The additional measurements are used to verify diurnal and seasonal
systematic effects on the results of surface change quantification. No-
tably, the total station was measuring prisms installed in nearby stable
rock. As the prisms could be detected as well in the laser scans,
PLS-TS correspondences could be used to verify different methodical
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Fig. 9. 3D overview of the test site in the Vals Valley including applied sensor technology and a view of the geographical situation of the Vals Valley (Schroder et al., 2022).

approaches. A comprehensive description of the measurements and the
various studies can be found in Czerwonka-Schroder (2023).

5.4. Coastal monitoring - Kijkduin

In Kijkduin, the Netherlands, a Riegl VZ-2000 was installed in
December 2016 for a duration of six month to regularly collect point
clouds of the dunes and sandy beach. The laser scanner was mounted
on a steel frame on the roof of a hotel overlooking the coast. Data
was collected every hour at 30 mdeg angular spacing and once per
day at noon at a higher angular spacing of 15 mdeg. The resulting 4D
spatio-temporal data set is publicly available (Vos et al., 2021) and is
described in detail by Vos et al. (2022).

The laser scanner was installed on top of a hotel on a pole stabilized
by four cross-braced legs. The scanner was protected against fouling
and temperature extremes by a double layer Polyvinyl Chloride housing
that needed cleaning only every other three months. Scans were initi-
ated by a command computer which used an adjustable daily schedule.
Weather information consisting of atmospheric temperature, pressure
and relative moisture, was obtained from online sources for use by the
instrument to account for varying atmospheric influences on the range
measurements.

A plot showing elevation changes on the beach and dune area
between two epochs, before and after a 10-day stormy period at the
end of February 2017 is shown in Fig. 10, top. A large eroded area
in the intertidal area is visible in red, as well as some smaller sand
depositions on the beach, marked with blue arrows. Anthropogenic
changes, probably bulldozer works to clear access paths, are the most
likely cause of the larger sand deposition marked with a red arrow in
Fig. 10.

From the same data set, two time series are shown in Fig. 10,
bottom, left. The location of the two time series is indicated on a LiDAR
reflectance plot, in Fig. 10, bottom, right. The yellow time series is
from a location on the dry beach and shows a sudden height jump
of about 20 cm around February 8. Such sudden increases at the dry
beach are often human induced. A possible interpretation is that the
height jump is caused by a bulldozer creating a sand embankment
as preparation for the summer season. The blue time series is from
a location in the intertidal area and shows two peaks of over 50 cm
high. These dynamics are probably caused by sand banks moving along
shore.

The examples above show that it is often difficult to interpret
the underlying processes from one single time series. Spatio-temporal
context, i.e. what is happening close-by both in space and time, might
help interpretation. Such context is for example provided by 4D objects-
by-change, compare Fig. 5. The example in the figure in fact contains
the location and extent of the first temporal part of the blue time series
in Fig. 10, bottom, left.
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Fig. 10, bottom right, shows the recorded reflectance from one
single scan. Higher on the beach, sand is dryer and reflectance is higher.
A full study of reflectance variations and its relation to beach moisture
has been published in Jin et al. (2021a,b).

This Kijkduin data set has been analyzed to find geomorphological
processes using time series clustering by Kuschnerus et al. (2021a).
Anders et al. extracted geomorphological processes using 4D objects-
by-change (Anders et al., 2020, 2021b), which have been classified and
grouped by Hulskemper et al. (2022). Van [Jzendoorn et al. (2024) used
Fourier analysis to identify and consecutively track periodic bedforms
in the follow-up data set of Noordwijk beach.

6. Discussion and future directions

The above chapters provided an overview of the current state of
PLS. Here we discuss expected future directions of PLS.

Multisensor system setup and multimodal processing

One of the strong points of PLS is its ability of near-continuous data
acquisition. At the same time this has the consequence that it is some-
times difficult to interpret what effects affect the PLS data. Therefore,
while setting up a PLS system, it should be considered what sensors
should be installed in addition to the PLS system itself. In situ weather
station data can be both used as input to automatically filter PLS data
during storms and as morphological forcing data. An additional camera
can be used to automatically validate dynamic processes, like bulldozer
induced changes on a sandy beach in Barbero-Garcia et al. (2023). For
vegetation monitoring, integration with spectral data is expected to be
highly beneficial.

The near-continuous data acquisition of PLS makes its data also suit-
able to calibrate and interpret satellite and airborne data from similar of
complementary sensors. Initial results, cf. Di Biase et al. (2022), show
how surface roughness as derived from PLS data is correlated to the
backscatter of Sentinel 1 radar data, while in Kuschnerus et al. (2024b)
PLS data and derived changes at hourly and daily intervals is compared
to a ‘traditional’ yearly change analysis as derived from airborne LiDAR
data.

Online big data processing and adaptive monitoring

In Section 4, we provided an overview of recent methodology to
extract information from 4D PLS data. So far, method development
has been driven by the availability of data at particular sites and by
the dominant research questions at these sites, that is, methodology
was typically domain driven, and one particular method was used to
answer one particular research question. The current availability of
these different methods, in description, but also as open source tools
does, however, allow to combine them in composed workflows, for
example a 4D PLS data set could be clustered first using time series
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intertidal area are indicated. The dark blue arrows indicate sand deposition as a result of the storm. The red arrow points to an area possibly changed by bulldozer works. Bottom:
(a) Time series of height change at two locations on the beach derived from six months of PLS point clouds acquired in 2017. (b) Locations of the time series in (a) on the beach,
visualized on a point cloud colored by LiDAR reflectance. Grid width of the map is 100 m. Image by authors. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

clustering, followed by a 4D-Objects-By-Change analysis of a more Deep learning methodology

dynamic cluster. Deep learning has started to be applied to point cloud time series,

What is still largely lacking, as far as we know, are tailor made in particular in the field of autonomous driving (Gojcic et al., 2021;
methods for visualization of 4D PLS data. Methodology is under de- Kreutz et al., 2023), but less in environmental research and not yet to
velopment, Zhang et al. (2020), Fouché et al. (2023), for related data. topographic PLS. A possible explanation is that multi-temporal environ-
In addition, presented methods for information extraction from PLS mental geometric objects are yet poorly understood. As a consequence,
data are focusing on post-processing. For critical monitoring projects, focus is more on defining and understanding them in the first place,
real-time analysis is required to provide timely warnings. In addition, rather than finding back already known multi-temporal objects in a 4D
real-time analysis of ongoing dynamics, may be used to adapt moni- point cloud. The latter could be the equivalent of instance segmentation
toring settings such as acquisition frequency or area of interest. Some in 2D or 3D for which many Deep Learning methods have been devel-
existing methods, such as the Kalman filtering approach in Winiwarter oped in recent years. Deep Learning could also play a role in tracking

et al. (2023) and the systematic trend analysis in Kuschnerus et al.

spatial objects through time. Notably, instance segmentation is useful
(2024b) should be relatively easy to use in real-time approaches.

in partitioning point clouds into single components, before tracking,

e.g. in phenotyping studies (Hao et al., 2024).
Multi-epoch point cloud data

This paper is focused on PLS data, but the discussed methodology
is probably in general able to extract information from multi-epoch
point cloud data, although there have only been limited attempts to

7. Conclusions

do so. Malsam et al. (2021) describes a semi-automatic workflow to In this paper we have provided, to the best of our knowledge, a
detect rockfall events from a TLS dataset consisting of ~50 epochs. first comprehensive overview of permanent laser scanning (PLS). Such
Both large-scale airborne LiDAR campaigns and more focused UAV systems are able to autonomously acquire point cloud data in a near-
LiDAR and photogrammetry campaigns are quite common and should continuous mode, resulting in time series of hundreds to tens of thou-
in many cases result in multi-epoch point clouds or Digital Terrain sands of consecutive point clouds. System setup has been discussed,
Models (DTMs). Once the number of epochs is 3 or higher, using some consisting of a planning phase including presurvey, an installation
of the discussed methods may be beneficial above a more traditional phase, with special attention to system stability, power management
consecutive cloud to cloud or DEMs of differences, James et al. (2012), and automation of data acquisition, and an operational phase, where
approach. data is delivered to stakeholders. An overview is given of known

13



R. Lindenbergh et al

PLS setups, including their application and links to open-source data
publications.

Using the resulting 4D spatio-temporal point clouds typically re-
quires automated removing of point clouds acquired during poor me-
teorological conditions (wind, rain) and a fine registration step, of-
ten followed by some sort of spatio-temporal interpolation. The high
temporal availability of consecutive scans revealed issues with laser
scanning caused by different atmospheric and meteorological effects,
that often stay unnoticed in traditional scan campaigns. In recent years,
several methods have been developed that extract information from 4D
data, not in a consecutive bi-temporal way, but by considering the full
multi-temporal character of the data. Methods can be distinguished in
being Eulerian, where changes at fixed location are considered, or being
Lagrangian, where the trajectory of points or objects through time are
followed. Both methods and systems are illustrated in four different
cases, considering tree monitoring, glaciology, rockfall monitoring and
coastal scanning.

Several methods are being made available to the science community
as open source software tools, but common use of these methods is still
largely lacking. This paper has been focusing on using permanent laser
scanning for environmental monitoring. It is expected that PLS systems
will also be applied for monitoring structural projects, such as open pit
mining or construction sites, while parallels with related monitoring
techniques, such as automated photogrammetry or InSAR, could further
enrich method and application development.
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