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Abstract

Laser scanning is a powerful tool for assessing the structural complexity
of forests and its role in ecosystem processes and functioning. Laser scans
are however highly affected by occlusion (where objects block laser pulses),
resulting in data gaps within the 3D representation of the forest. Although
occlusion is a well-known and frequently discussed challenge for estimating
forest structural information from laser scanning data, it is rarely quantified.
Here, we describe the concept of occlusion and distinguish different types. We
examine the primary causes of occlusion, discuss the role of forest structure,
viewpoint arrangement, and laser system properties along with platform-
specific challenges. We further present comprehensive strategies to mitigate
and recent tools for detecting occlusion in laser scanning acquisitions. Finally,
we highlight a broad range of research avenues for occlusion mapping ranging
from uncertainty quantification, data completion, and intelligent autonomous
laser scanning acquisition. By raising awareness of occlusion and showcasing
its methodological and practical implications, this work aims to inspire new

advances in the assessment of forest structure through laser scanning.

Keywords: LiDAR, occlusion, point cloud quality, forest structure,

raytracing, volume exploration, ULS, MLS, TLS
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1. Introduction

Forest structure plays a vital role in ecological processes and ecosystem

functioning. It regulates how solar radiation is absorbed, transmitted, and

reflected (Kiikenbrink et al., 2021)), influencing processes related to energy

and matter fluxes (Damm et al., |2020; Kesselring et al., [2024), and micro-

climate (Zellweger et al., 2020). The structure of forests determines habitat

availability and heterogeneity, making it a key control for biodiversity (Hel-

bach et al. 2022; Knuff et al., [2020; Heidrich et al., |2020), and it is closely

linked to aboveground biomass and carbon storage (Lefsky et al., 2002).

Consequently, assessing forest structure is essential for understanding forest

dynamics and functioning in the face of climate change and the biodiversity

crisis (Ehbrecht et al., [2021; Pan et al., [2013; [Portner et al., [2021]).

Laser scanning (also called Light detection and ranging (LiDAR)) tech-
nologies have become an important tool for quantifying forest structure at
a high level of detail and accuracy. Laser scanning, which collects spatial
information from the reflections of emitted laser beams, can capture the

3D distribution of vegetation components, enabling the assessment of tree

crown dimensions, foliage distribution, and 3D complexity (Calders et al.,

2020; |[Ehbrecht et al., 2026} [Frey et al., |2025; Liang et al., 2022)). By provid-

ing such detailed 3D structural information, laser scanning plays a crucial

role in addressing pressing research questions related to biodiversity

nen et al., 2023), habitat heterogeneity (Moudry et al., 2023; [Helbach et al.
2022), biomass distribution (Seidel et al., [2011), disturbance impacts
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et al., 2024; Jactel et al. 2017) and facilitates modelling of forest responses
to environmental change (Calders et al., [2025).

While laser scanning is frequently used to assess structural properties of
forests, the acquired point clouds are rarely critically evaluated regarding
their suitability to answer the posed research questions. It is often assumed
that the acquired point clouds represent the targeted forest structural pa-
rameters in question without quantitative verification. This is less of an
issue if accurate reference measurements for forest structural parameters are
available (e.g. tree/canopy height, diameter at breast height (DBH), and
tree position), as the quality of the point clouds can be assessed through
the accuracy of the parameters derived from the point cloud. However, poor
representativeness of acquired point clouds may obscure limited reliability of
methods when transferring approaches to more complex sites, where refer-
ence data might not be available. This problem is even more pronounced
for various forest structural parameters for which accurate reference mea-
surements are difficult to obtain (e.g. vegetation density, canopy layering,
structural complexity), rendering validation and calibration difficult. Here
the assumption of representativeness could easily result in biased conclusions.

Assessing the quality of a point cloud in terms of its suitability is not
a trivial task, and so far no robust and generic method for such an assess-
ment exists. Most often, simple point cloud metrics such as point density
or minimum distance between neighbouring points are used to indicate the

completeness or quality of a point cloud (e.g., Wilkes et al [2017}; |Calders
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et al., 2020). Point density metrics offer only a limited perspective on a point
cloud’s ability to capture structural complexity though, indicating point spac-
ing but not the actual forest volume represented.

Since forest volume comprises both vegetation and gaps, understanding
point cloud completeness or representativeness requires analysing not just
the captured vegetation but also the spaces between objects. Gaps in the
acquired forest point clouds are caused by either a) true empty space, b)
missed objects (which lie between laser beams, or which are hit but their
reflected energy is below the detection threshold of the laser scanning de-
vice), or ¢) occlusion (where an object is obstructing the beam from further
propagation). While the first two causes are either properties of the forest
structure itself, the scan design or the scanning device, occlusion is caused by
the interaction between the scan and the scene being measured. Occlusion
can prevent laser scanning from capturing the full 3D structure, substan-
tially reducing the representativeness of the resulting point cloud and hence
limiting the capacity of the acquired point cloud to capture forest structural
parameters.

So far only a few studies have explicitly addressed the issue of occlusion,
with a focus on assessing the coverage and completeness of the acquired point
clouds (e.g. Brede et al., 2022;|Gassilloud et al., |2025; |Kiikenbrink et al., [2017}
Morsdorf et all 2018)). A few studies also investigated the effect of occlu-
sion on the derivation of specific structural metrics (e.g. Ehbrecht et al., [2026;

Schneider et al.,[2019; Yun et al.,[2019)). Most recent studies using laser scan-
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ning data for forest attribute estimation rely on methodological approaches
to reduce occlusion through regular scan position distribution for terrestrial
laser scanning (TLS) campaigns (e.g. [Wilkes et al., [2017)) or fixed overlaps
between flight lines for unoccupied aerial vehicle laser scanning (ULS) ac-
quisitions (e.g. (Gassilloud et al., 2025) without accounting for variation in
forest structure. The impact of occlusion on the estimation of forest struc-
tural metrics is typically not considered at all. There is therefore a critical
gap in effective and scalable methods to map and account for occlusion in
the estimation of forest structural metrics. By systematically implementing
occlusion mapping in forest structural assessments and accounting for its ef-
fects on derived metrics, the robustness of laser scanning—based analyses can
be greatly enhanced. This, in turn, would substantially improve the abil-
ity to quantify structural changes from repeated acquisitions and strengthen
forest monitoring capabilities.

Here we provide a perspective on the benefits of occlusion mapping as
a tool to assess point cloud completeness and suitability. We define and
describe different types of occlusion in acquired point cloud data and discuss
impacts of occlusion on assessing forest structure using various laser scanning
platforms. We give suggestions on how to minimise occlusion in various
scanning scenarios and highlight exciting research opportunities that arise

when explicitly considering occlusion for assessing forest structure.
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2. Defining occlusion: what is happening to laser pulses?

Laser scanning data of forests are typically obtained from ground-based,
stationary (multi-station) TLS or mobile laser scanning (MLS) acquisitions or
from aerial platforms, such as drones or air-planes (ULS, airborne laser scan-
ning (ALS)). The different view-points and sensor characteristics can have
various consequences and magnitudes regarding occlusion (see Section .
Occlusion occurs when objects that could be detected by a laser beam are
missed because the beam is blocked by intervening objects. This results in
gaps within the point cloud, which are not truly empty but rather artifacts
of the scanning process. Figure [I|schematically illustrates the interaction be-
tween laser pulses of a TLS acquisition and the causes for the different types of
occlusion. Three fundamental types of occlusion can be distinguished based
on their causes: absolute, geometric, and sub-footprint occlusion (Figure [1)).

Absolute occlusion occurs when a laser pulse is entirely blocked or
absorbed, making it impossible to overcome using any scanner technology or
acquisition protocol. For example, neither the interiors of tree trunks can
be captured by laser scanning, nor underwater objects if the pulses were
absorbed. These prevent exploration of underwater objects with standard
infrared LiDAR systems.

Geometric occlusion occurs when objects are between the laser scanner
and the target volume, but the occluding effect could be overcome if the
target were observed from another viewing direction. This type of occlusion

is largely determined by the structural arrangement of the vegetation. An

7



sub-footprint occlusion absolute / geometric occlusion

C

absolute / geometric occlusion

Figure 1: Definition of different occlusion types. Left part of the figure shows the three different occlusion types from
a laser beam perspective. Note that the laser beam dimensions are exagerated for visualization purposes. The right
side of the figure shows the difference between absolute and geometric occlusion from a single and multi-station TLS
acquisition as shown from a top view perspective. Geometric occlusion found in the single station setup (top-right
box) can be overcome by an additional scan station, hence these areas were only temporally occluded. The outline of
the occluded area is coloured based on the colour of the TLS that cannot observe this area.

130 example would be the volume behind a trunk when observed from only one

side with e.g. TLS. With an additional scan position, this volume could be

13

=

132 observed, as shown on the right side of Figure [T}
133 Sub-footprint occlusion involves beams that are not completely blocked
13 but are partially absorbed or scattered (see top inset on the left side of Fig-

1

w

5 ure , causing their returned energy to fall below the LiDAR’s detection
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Figure 2: Schematic figure for a voxel traversal algorithm to map occlusion, indicating
empty, return, occluded, and unobserved voxels. Left figure shows the voxel traversal and
classification of a single pulse emitted from a single location. The right figure shows the
same situation with two emitted pulses from two positions. By adding multiple pulses,
voxels that have been occluded can be re-classified as observed.
threshold. This occurs when laser pulses strike the edges of objects, which
is particularly significant in forests where leaves present a fragmented set of
surfaces. The extent of partial occlusion depends on the characteristics of
both the laser scanner (e.g. laser pulse power, beam divergence, detector
sensitivity) and the material through which pulses are passing (e.g. reflectiv-
ity, degree of fragmentation). There is also the case when objects are out of
range for the scanner. Here, similarly to partial occlusion, insufficient energy
is returned to the detector. Since no objects are in between the potential
target and the scanner, this scenario is not considered as occlusion.
Currently, occluded forest volumes are not captured in standard point

cloud formats such as LAS or PLY data. A relatively simple way to evalu-

ate the scanned 3D space in respect to occlusion is to discretize the forest
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volume in a so-called voxel grid. A voxel is basically a 3D representation
of a pixel with a pre-defined dimension. By applying a simple voxel traver-
sal algorithm as e.g. introduced by |Amanatides and Woo| (1987), each laser
pulse can be traced through the voxel grid and each voxel can be classified
into occluded (hidden), empty (open) and unobserved space by following a
classification scheme introduced by Bienert et al| (2010). This concept is
illustrated in Figure 2, where the voxel traversal and classification approach
is schematically visualized for two laser pulses emitted from an ULS drone
from two different viewpoints. Note that, in contrast to empty space, unob-
served space cannot be explored because no laser pulses are emitted in this
direction. Such volumes should be mitigated by a well-designed scan design

and ideally account for a negligible volume fraction.

3. Causes of occlusion and strategies for mitigation

Occlusion in forest environments can never be entirely avoided, and a fully
representative 3D reconstruction of a scene is likely unachievable. The magni-
tude and spatial occurrence of occlusion depend on multiple factors: Firstly,
the vegetation structure (i.e., the structural complexity, the density and the
spatial arrangement) defines the setting for laser scanning. Secondly, the
data acquisition strategies influence the actual resulting occlusion. Thirdly,
the technical properties of the laser scanning system (i.e., beam divergence
and supported pulse rates) determine the theoretical capabilities of sampling

the 3D space. Some of these factors follow general rules, while others are
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platform-specific. Additionally, mapping and quantification of occlusion de-
pend on the chosen definitions and methods. While not directly linked to the
cause of occlusion, these factors must be considered for its analysis as well.
The following subsections provide a brief overview on occlusion causes and
mitigation strategies, starting with general considerations on forest struc-
ture, followed by data acquisition parameters and strategies, implications of
laser beam properties and methodological considerations. Table [1| provides
a summary of technical laser scanning properties and their expected effect
on occlusion. This section particularly addresses readers with an interest in

optimizing field campaigns.

3.1. Forest structure and complexity

The specific forest structure sets the framework in which the effects of
laser beam properties (see Section and data acquisition strategies (see
Section need to be elucidated. The density and structural complexity
of vegetation largely determine the degree of occlusion in relation to the
scanner’s position. Small vegetation fragments such as leaves have a higher
chance of being missed in sampling or generating of partial beam reflections
(sub-footprint occlusion), whereas larger elements such as tree trunks are
more likely to cause geometric occlusion. The denser the spatial arrange-
ment of vegetation elements, the higher is the likelihood of beam intercep-
tion and consequently occlusion. Phenology in deciduous forests causes a

high seasonal variability of structural density, whereby laser scans are much

11
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more affected by occlusion under "leaf-on” than under ”leaf-off” conditions.
Among all forest types, the dense structure of evergreen tropical rain forests
poses the greatest challenge for scan completeness. In general, prior knowl-
edge on forest structure such as the density and spatial arrangement (e.g.,
plantation forests following a regular grid) is highly beneficial and can be

incorporated into data acquisition strategies to reduce occlusion.

3.2. Data acquisition parameters and strategies

Sampling density describes the number of laser beams used to sample
a given volume. It is influenced by sensor properties and data acquisition
strategies (see Table . An increased sampling density achieves a higher
spatial resolution and exploitation of small gaps in the forest structure. This
results in a more comprehensive exploration of space and reduction of occlu-
sion (Gassilloud et al., 2025)). The primary feature of laser scanners to affect
sampling density is the pulse repetition rate (PRR), which has increased in
recent years in commercial systems. While for many systems the PRR is
fixed, for some it can be varied by the user (usually forming a trade-off with
the pulse energy and thus the maximum measurement range). Nevertheless,
the blocking of beams through an object cannot be overcome by a higher
sampling density from the same viewpoint. Instead it may lead to redun-
dant sampling of known space with limited benefits on occlusion reduction.
Therefore the main acquisition strategy to increase sampling density typically

incorporates scanning from new viewpoints.
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Viewpoints are the positions from which a sensor can sample space
with its respective field of view (FOV). An increased number and optimized
spatial arrangement of viewpoints is the fundamental approach to reducing
geometric occlusion in any LiDAR scan (Brede et al., 2022; |Gassilloud et al.|
2025)). Ideally new viewpoints can observe areas that were occluded from
previous viewpoints.

For above-canopy flying ALS and ULS, the primary challenge is to
overcome the blocking effect of the canopy. Figure [3] shows an example of
point clouds and occlusion patterns for ULS surveys under both leaf-off and
leaf-on conditions. While the system is able to penetrate relatively well into
the canopy under leaf-off conditions, it encounters more occlusion in the
lower part of the canopy caused by the dense foliage in leaf-on conditions.
The coniferous trees which dominate on the left side of the depicted transect
clearly show a high amount of occlusion for both acquisitions, whereas the
deciduous trees dominating the right side of the transect show an increased
amount of occlusion under leaf-on conditions. This indicates the phenological
and forest type dependent variations in occlusion patterns (Section .

The most effective strategy to reduce occlusion is to increase the number
of new viewpoints by adding additional flight lines. If there are no preferences
on domain-specific sampling, configurations are typically chosen to achieve
uniform sampling and viewpoint distribution over the area of interest. This
is usually realized by a regularly arranged grid of flight lines, i.e., regularly

spaced parallel flight lines, crossed by a 90° rotated second set of lines, which

13
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can be complemented by a second double grid rotated by 45° (Brede et al.
2022; |Gassilloud et al|2025). If the sensor’'s FOV can be adapted, it is
recommended to utilize the maximum possible scan angles (Gassilloud et al.,
2025)), while ensuring that scanner range limits are not exceeded at flight line
edges.

Flights conducted at high altitudes deal with several factors that tend
to increase occlusion. With increasing beam travel distance, inherent beam
divergence reduces the pulse power per unit area, while the greater spac-
ing between consecutive pulses lowers the sampling density. Lower flight
altitudes decrease the sensor’s FOV overlap if no additional flight lines are
added. Kiikenbrink et al.| (2017) recommended a lateral flight strip overlap
of at least 50% for ALS campaigns in order to guarantee that every point
in space is at least observed from two different viewing directions. For ULS
campaigns, much higher FOV overlaps are usually recommended and possible
(e.g. Brede et al., [2022; |Gassilloud et al., 2025)).

For ground-based laser scanning acquisitions, occlusion is typically
found towards the top of canopy, within dense tree crowns and in dense un-
derstory vegetation. Figure |d{shows an example of point clouds and occlusion
patterns resulting from ground-based laser scanning under leaf-off and leaf-on
conditions for the same transect as also shown in Figure [3] The leaf-off TLS
acquisition exhibits only minimal occlusion within tree trunks and towards
the top of the crowns of coniferous trees, thanks to optimal sensor specifica-

tions (multi-return, narrow beam-divergence) and dense scanner placement

14
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Figure 3: ULS point cloud (left, points coloured based on normalise laser return intensity) and occlusion example
for leaf-off (top-row) and leaf-on (bottom) for a 10 m deep transect acquired using a RIEGL miniVUX-3 scanner.
The middle column shows the percentage of occluded voxels in relation to the transect depth. Right column
shows the cumulative profiles for occluded and filled voxels. White space denotes empty voxels, adding up to
100% of the canopy volume.

20 (10 m maximum distance between scanner positions). The handheld MLS

1 acquisitions suffer more from occlusion towards the canopy top, also for de-

22 ciduous trees (right side of the transect), as the single-return system with a

»3 larger beam footprint, compared to the TLS system, struggles to penetrate

x4 through the denser part of the upper canopy.
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For multi-station TLS surveys, occlusion is primarily controlled by the
instrument positioning and by sensor settings. Viewpoints are limited to the
combination of single scan positions, and their spatial density and strategic
placement are the key elements for reducing occlusion. However, station
setup and potential target placement to aid scan-station registration are time
intensive. Therefore, researchers aim to optimize sensor positioning to either
retrieve the best possible result with a given number of scans (Abegg et al.|
2017; Wilkes et al., 2017) or to increase the number of scan positions just to
the amount where the desired result can be obtained (Li et al., 2020). Often,
a regular grid for sensor placements is chosen (Wilkes et al| 2017)), due to a
lack of prior knowledge on forest structure and better target visibility for co-
registration. This strategy is supported by observational evidence (Wilkes
et al., 2017) as well as simulations (Abegg et al.l 2017). When the forest
structure is known in advance, scan positions can be iteratively determined
and optimized to efficiently cover occluded areas (Li et al., [2020)).

Ground-based MLS surveys share similarities to multi-station TLS sur-
veys in terms of point and occlusion distribution within the canopy. However,
compared to TLS acquisition, due to its mobile acquisition strategy of MLS,
it is easier to add further viewpoints by moving around the acquisition area.
Various acquisition patterns have been reported in previous studies. Their
selection is often strongly defined by the shape of the evaluated plot, resulting
in a circular acquisition pattern for circular plots, whereas a grid-like pattern

is typically employed for rectangular plots. Various variations of these two

16
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main approaches were reported by adding petal-like patterns to the acquisi-
tion (e.g. Gollob et al.l 2020)) or through the addition of more parallel lines
and directions to the grid patterns (e.g. Mokros et al., 2021). Sofia et al.
(2024)) reported that a star-shaped acquisition showed better performance
for the estimation of canopy height compared to grid-shaped acquisitions

due to the higher number of viewing angles.
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Figure 4: Ground based laser scanning point cloud (left, points coloured based on normalised laser return
intensity) and occlusion example for MLS leaf-off (top-row), MLS leaf-on (middle), both acquired using a
GeoSLAM ZebHorizon handheld scanner, and TLS (bottom - RIEGL VZ400i) for a 10 m deep transect. The
middle column shows the percentage of occluded voxelsgin relation to the transect depth. Right column shows
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The best way to reduce geometrically occluded areas is the combination
of multiple perspectives from above and below canopy, as they comple-
ment each other. |Schneider et al.| (2019) demonstrated that occlusion could
be reduced to <2% with a combination of ground and above canopy laser
scans in tropical and temperate forests. This is also shown in Figure |5/ where
the leaf-on MLS and ULS acquisitions shown in Figures [3| and |4 were com-
bined in order to reduce the areas of occlusion of the respective acquisitions.
Therefore, also fusion of TLS and ULS has been proposed in recent stud-
ies(Terryn et al., 2022 [Yrttimaa et all 2020). Another approach is scan-
ning at different heights (e.g. via poles, scaffolds or canopy cranes) which
can enhance penetration especially in the crown area (D’hont et al., [2025;
Schneider et al., |2019; Yun et al., 2019). However, these combination and
fusion methods come with the challenge and errors of co-registering the scans
from different viewpoints and potentially different systems.

These general strategies for mitigating geometric occlusion come with
limitations, as some parameters form complex inter-relationships and have
a direct impact on others. Furthermore, logistics and budget typically con-
strain the acquisition time, so that acquisition patterns need to be optimised.
For ALS and ULS, acquisition time is limited by flight time restrictions (e.g.
battery capacity). For MLS devices which are reliant on simultaneous lo-
calization and mapping (SLAM) technology, prolonged and more complex
acquisitions could potentially result in issues with misalignments and drifts

within the acquired point clouds (Kiikenbrink et al., 2025; [Mokros et al.,

19
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Figure 5: Point cloud and occlusion pattern example for a combination of MLS (GeoSLAM ZebHorizon) and
ULS (RIEGL miniVUX-3) acquisitions under leaf-on conditions. The below and above canopy vantage points
complement each other to produce a point cloud with minimal occlusion. Individual acquisitions are shown in
Figure El for ULS acquisition and in Figure El for MLS acquisition

a1z 2021]). Moreover, increased acquisition time for any laser scanning platform

sis may lead to stronger effects from wind-induced vegetation movement, and

s additional viewpoints result in more frequent co-registration errors.

20 3.3. Laser beam properties

321 Laser beam properties are not easily changeable but need to be kept in
32 mind since they impact the processes of beam-canopy interaction including

223 sub-footprint occlusion. For the same forest structure, occlusion patterns

2 will differ depending on the beam properties (Brede et al. 2022). The main

»s scanner parameters to consider are beam divergence (including beam exit

»s diameter), beam energy, pulse duration and the capability to record multiple

27 returns ((Table 1J).
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Abegg et al| (2021)) found that for TLS, small objects are less occluded
when scanned with smaller beam diameters. Larger beam diameters and
hence larger beam footprints often cause multiple objects to be hit by the
laser pulse, favouring the identification of the larger objects in the footprint
which reflect more energy as well as lowering the spatial accuracy of the
generated return (Abegg et al., 2021]).

On the other side, at least for multi-return systems, larger beam diameters
result in more points per pulse and therefore reduce the geometric occlusion
of canopy objects that lie in the line of sight of the emitted beam (Abegg
et al, 2021)). For such multi-return scenarios, assuming the same footprint
size, higher beam energy allows for a higher number of targets, since the
cross section of each target decreases with increasing number of targets as
the energy is distributed on them (Wagner et al., 2008). Higher beam energy
allows detection of more targets by keeping individual returns above the
detection threshold, even as the reflected energy of each return weakens with
more targets (Wagner et al. 2008). If the energy cross section falls below
the threshold of the detector, targets hit by the laser beam cannot generate
a return and are therefore occluded.

Finally, the range resolution (shortest separation of objects that can be
measured) can result in sensor-specific occlusion of canopy objects. If objects
lie within the dead zone from the previous return, they cannot be detected
(Wagner et al., |2008). Effects of beam divergence, pulse power, pulse dura-

tion and other laser scanning specifications and their interaction are described
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Table 1: Laser scanning sensor specifications and their effect on occlusion when increasing
the laser scanning specification.

Category Specification Definition Affected properties Effect o
’ occlusion
Data acauisition Angular distance
q Angular resolution [’]* between consecutively Sampling density 1
parameters . ?
emitted laser beams
Pulse repetition Number of pulses . .
frequency [kHz] sent out per unit of time Sampling density |
Movement speed of the
Platform °speed platforn.l (ALS/ULS/ MLS) Sampling density '
[m/s] or [*/sec] or rotational speed of the
scanner head (TLS)
. Beam energy
Laser Bea Energy of the P
aser beatil Pulse energy [nJ] nergy of the outgoing distribution, number |
Properties pulse
of returns
Beam divereence Angular increase in Footprint size,
fmrad] ergenc footprint diameter with beam energy distribution, 1
distance from the aperture multiple returns
L h of time for ¢ Minimal detectabl
Pulse duration [ns] ength of time for a inimal detectable 1

single pulse to be emitted

distance

2 For ALS and ULS, the scan line speed [lines/s] is inversely proportional to angular
resolution.

in more detail by Morhart et al.| (2024)), |Roussel et al. (2017) and |Wagner
et al| (2008) based on field experiments, and |Abegg et al. (2021)), |Disney

et al.| (2010) and [Hancock et al.| (2015]) based on simulation studies.

3.4. Impact of methodology on occlusion mapping and quantification
Mapping occlusion seeks to spatially identify and quantify both explored
and unexplored volumes. This is a difficult task, since for an extensive under-
standing of occluded space, modelling the physical interaction between laser
beams and intercepting objects is required. This needs fundamental knowl-
edge on beam properties, such as the energy distribution within a diverging
beam, and detailed object characteristics, such as their spatial location, ori-
entation, surface roughness, and optical properties. However, the point cloud

is often the only information available, which is insufficient for the accurate
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reconstruction of laser-object interactions.

Therefore, simplified approaches that trace the trajectory of emitted laser
beams through space are commonly used to quantify occlusion. Along the
trajectory of a laser pulse, it is necessary to determine whether the beam
travelled through empty space, was partially reflected by objects (returns),
or reached a point beyond which no or insufficient energy was returned to
the sensor (occlusion). The volume, which was traversed by laser beams,
can then be mapped according to these respective states. Voxel-based ray
tracing algorithms are highly suited for this task, as they allow a very efficient
and convenient classification of three-dimensional space and the retrieval of
aggregated statistics (see Figure |2 for an illustration of the voxel traversal
mechanism).

To map occlusion, emitted laser pulses must first be reconstructed as
vectors from their origin to the last return. Thus, knowing the pulse origin,
typically given by scan position or trajectory data, is essential for both static
and mobile laser scanning systems. If sensor positions are available for mobile
acquisitions, the link between laser returns and its respective pulse origin is
usually performed through a time flag (i.e. GPS time) available both in
the trajectory and the point cloud. By extending the beam vector beyond
the last return of the pulse, the occluded part of the laser pulse can be
identified. Unfortunately, the provision of sensor positional information is
still no standard and can therefore be missing. For this case, or if available

vehicle trajectories do not adequately represent sensor position, (Gassilloud
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Table 2: Voxel classification scheme according to [Bienert et al.| (2010). Voxels are clas-
sified based on the number of hits (i.e. returns) in the voxel, the number of misses (i.e.
penetrations that did not generate a return) and occlusions (i.e., rays that could have
observed the voxel, but were blocked by other objects closer to the sensor).

Number of
hits (Np;e) misses (Npiss) occlusions (Noye.)
Filled >0 =0 =0
Empty =0 >0 =0
Occluded =0 =0 >0
Unobserved =0 =0 =0

et al.| (2025)) and [Kiikenbrink et al.| (2017)) describe how to reconstruct pulse
origin directly from the point cloud. However, these approaches rely on multi-
return pulses to reconstruct pulse direction and may introduce uncertainties
in estimated sensor positions.

Voxel-based ray tracing algorithms divide space into a 3D grid of voxels.
Within each voxel, the number of hits and the traversing occluded and non-
occluded beam trajectories are counted. Voxels can be classified according to
the user’s requirements and definitions. To map completely occluded voxels,
a binary classification scheme can be applied, as proposed by Bienert et al.
(2010) . Other approaches describe voxels with fuzzy membership
functions to provide a more comprehensive picture (Béland et al., 2011)).
Those can be used to identify voxels that are ”undersampled” for specific
tasks such as leaf area density (LAD)/plant area density (PAD) estimations
(see Section , where a minimum sampling of space is required to retrieve
reliable metrics.

Essential for all voxel-based occlusion mapping approaches is the defini-
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tion of the dimensions of the voxels. The voxel size is a question of scale and
has a strong impact on how much of the voxel grid is potentially quantified
as occluded (Kiikenbrink et al., 2017). With a voxel size too small, many
voxels of a grid would potentially not be traversed by laser scanning beams,
which subsequently leads to their classification as “unobserved”. A voxel
size too large hampers the detection of occlusion since larger voxels are more
likely to be traversed by beams and therefore be classified as “observed” or
“filled”. A balanced voxel size enables meaningful analysis and helps identify
occluded areas. As a general rule, the voxel size should be considerably larger
in linear dimension than the beam width so that they effectively represent
the information generated by the scanner. For ALS, a voxel size of 1 m was
found to be beneficial (Kiikenbrink et al., 2017), while studies investigating
high-resolution laser scans with TLS or ULS commonly use a voxel size of 10
cm (e.g. Brede et al., [2022; Kiikenbrink et al., 2017; |[Kiikenbrink et al., [2025;
Gassilloud et al., [2025; Schneider et al., [2019). The proportion of volume
occluded is therefore not only an intrinsic property of the structure and the
scanning parameters but also of the subsequent data processing.

Voxel traversal algorithms are straightforward to use but have certain lim-
itations, as they simplify the underlying reality. Due to the inherent beam
divergence, LiDAR beams observe larger volumes with increasing distance
from the sensor. However, beam trajectories are commonly treated as (in-
finitesimally small) lines, and the beam divergence is not taken into account.

Therefore, the actual explored volume of a LIDAR beam is not captured, and
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the occurring occlusion is overestimated (Kiikenbrink et al., 2017)).

Especially for ground-based laser-scanning approaches, empty pulses (i.e.
pulses that did not trigger a laser return) can occur, when laser pulses are
emitted through canopy gaps into open sky. (This is less of a problem for
ULS or ALS acquisitions, as generally every laser pulse will generate at least
one return when reaching the ground at the latest.) Not accounting for pulses
without returns can result in an overestimation of occlusion and unobserved
space. These pulses are absent from point clouds, and often difficult or
impossible to extract from raw data of commercial scanners. Moreover, it is
generally not possible to distinguish true gaps (where pulses yield no returns)
from instances where returns are missing due to instrument-based filtering,
where the return signals fall below the scanner’s detection threshold. In
(Schneider et al., 2019), the extent of overestimation due to not modelling
these pulses is investigated in both a temperate and dense tropical forest.
They showed that the overestimation is data-dependent, but limited in both
forests, and potential bias introduced by misclassification and modelling of
near-scanner obstructions as gaps would likely be worse.

This leaves room for improvement and opens up several opportunities for
the development of new methods. Future studies might move away from
aggregating statistics in a voxel grid and come towards a quantification of
"true” observed and occluded volume. This will include the consideration
of an (unequal) beam divergence to assess the actual volume explored by

the individual laser beams. Further, the energy and its spatial distribution
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within the laser beam could be taken into account. Assessing the fraction
(both energy and footprint) of reflected laser beams as well as the remaining
pulse fraction further travelling along the pulse direction has the potential
to discretely quantify the occluded 3D space for each laser pulse. By incor-
porating also full waveform information of laser beams could further aid in

the quantification of the "true” occluded space.

4. Occlusion tools

Currently, there are only a few tools available for performing occlusion
mapping. Three of these tools were presented at the SilviLaser conference
2023 in London (Brede et al., 2023)). The available tools show various stages
of implementation, ranging from python (OccPy and CANOPy) or R (voz-
elizeR) packages up to stand-alone software tools with a fully functional
GUI (AMAPVozx), making it easy for the user to find a suitable tool for their
needs. In Table[3|and the following section we present four software tools for
occlusion mapping. Other software capable of performing occlusion mapping

tasks may exist but have not been tested and evaluated by the authors.

4.1. Occlusion mapping software tools

AMAPVox was initially developed as a stand-alone Java application
including a GUI for easy user interaction (Vincent et al., |2017)). Since a
few years, an R package has been implemented as an interface to the Java

based core code. AMAPVox was developed for the estimation of vegetation
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densities (i.e., PAD/LAD, plant area index (PAI)/leaf area index (LAI)), but
its voxel-grid based outputs can be used to create 3D occlusion maps. The
tool traces each laser pulse through a pre-defined voxel grid and computes
the local transmittance or attenuation for each voxel, from which occlusion
information can be retrieved and visualized.

OccPy is a python package where the computationally heavy processing
is performed through a C+4 implementation of the voxel traversal algo-
rithm introduced by |Amanatides and Wool| (1987)). The interface between
the Python and C++ code base is realized through Cython. The tool was
initially implemented as Matlab scripts to map occlusion (Kiikenbrink et al.)
2017) and to estimate vegetation densities from ALS acquisitions (see Ta-
ble [3| for links to the different tool versions). Later, it was optimized to map
occlusion from various platforms and translated into a python package called
OccPy.

VoxelizeR is implemented in the R statistical programming language
(Brede et al.l 2025). It computes the laser’s trajectory intersection with the
grid lines of the defined voxel grid independent in the three grid dimensions
(Brede et al., 2022)). It was developed for PAD estimation and occlusion
analysis, and interfaces with R’s lidR and sf packages.

CANOPYy is a recently published and customizable occlusion mapping
tool implemented in Python. It was originally developed for the study in
Gassilloud et al.[(2025). It is capable of reconstructing sensor position trajec-

tories from point clouds with multiple returns. The module has implemented
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a box intersection algorithm (Williams et al., [2005) to limit ray tracing to an
area of interest and uses the voxel traversal algorithm by |[Amanatides and

Wool (1987)).

4.2. On the importance of scan locations and trajectory information for oc-

clusion mapping

As outlined in Section [3.4], for successful occlusion mapping, the trajec-
tory of each laser pulse needs to be reconstructed based on the pulse origin
and at least one laser return. Therefore, knowledge about sensor position
at all times of the acquisition is essential. We therefore strongly recommend
that all users store scanner position or trajectory information (for mobile
acquisitions from e.g. ULS, MLS) alongside the acquired point clouds. For
selected scenarios, there are approaches available to reconstruct scanner po-
sitions if this information is missing or platform movement trajectories do
not represent sensor positions well enough (e.g. when the LiDAR sensor is
mounted on a moving gimbal with an offset) (e.g. |Gassilloud et al., [2025;
Kiukenbrink et al.l 2017). As these reconstruction algorithms rely on multi-
return pulses and may introduce uncertainties in sensor position estimates, it
is recommended to always store sensor positions, which are often an export

option of the processing solutions, alongside the point cloud.
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Table 3: Four examples of occlusion mapping software tools with different implementations

Criteria AMAPvox OccPy voxelizeR CANOPy
Height normalisation Yes Yes Yes Yes
3D plotting outputs Yes Yes No Yes
Beam size consideration Yes No No No
Multi-core processing Yes Yes (Windows  Yes (Unix-based OS)  Yes
0S)
Multiple inputs (point  No Yes Yes Yes
clouds/trajectories)
LAD-relevant metrics Yes No (occPy) / Yes Yes No
(in Matlab ver-
sion)
Graphical user interface Yes No No No
Manual or vignette Yes Yes Yes Yes
Test script available No Yes Yes Yes
Required software R, AMAPVox Python, Cython, R, QGIS Python, Conda
Conda
Ease of installation Easy Easy Easy Easy
Output file format .vox .npy Jtif .npy
Supported OS Unix, Windows Unix, Windows Unix, Windows (no Unix, Windows

multi-core)

Download links https://amapvox. Python®: http https://doi.org/10| https://github
org/index.html s://github.com |.5281/zenodo.16759 |.com/MGEOS/CAN

/dkueken/0ccPy| (585 0Py
Matlab: https:
//wuw.eufar.ne
t/documents/60
28

References [Kiikenbrink et al.l |Brede et al.l [Gassilloud_et._al.|
Schneider 1w

& Repository for python version of OccPy is not yet publicly available. It will be
published before acceptance of this paper.
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5. Research opportunities through occlusion mapping

Rather than solely treating occlusion as a challenge to be overcome, oc-
clusion metrics and mapping can be viewed as an informative feature of ac-
quired point clouds and for assessing vegetation structure. Taking occlusion
into account can improve the accuracy of forest metrics, providing a more re-
alistic appraisal of measurements uncertainty, and open up new perspectives
on how forest structure can be sampled or studied. In this section, we will
discuss various research opportunities highlighting the potential of occlusion

mapping for a range of applications.

5.1. Occlusion mapping for smart, autonomous LiDAR data acquisition

During data acquisition, canopy discovery and scan completeness always
have to be balanced with scanning time and available personnel, while also
avoiding redundancy in collection. Some general guidelines have emerged to
achieve this, e.g., regular grid patterns for TLS (Wilkes et all 2017) and
multi-directional grid flight lines for ULS (Brede et al. [2022; |Gassilloud
et al. 2025). However, while grid patterns appear as intuitively optimal
and generally result in a good discovery throughout the area of interest,
they do not adapt to spatially variable occlusion. Their implementation
is typically time consuming, as the grid size will be chosen conservatively
with a focus on the densest forest parts. A few scanning hardware products

with live previews already exist, e.g., RIEGL scan map for the VZ-i series

(TLS), FARO Stream application for FARO Orbis (MLS), and DJI Pilot
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application for DJI Zenmuse L2 (ULS). However, they only give an indication
of completed areas and preview point cloud density. Point cloud density does
not help to indicate the degree of exploration for specific volumes like the
crown layer, and empty and occluded spaces cannot be differentiated in point
density maps. Here, occlusion mapping could serve as a guidance for efficient
data acquisition with completeness in mind. [Li et al.| (2020) proposed an
iterative scanning mode, that optimizes scan positions for maximum volume
exploration, aiming at an adaptation to local conditions. Even though this
approach only follows a simplified task of detecting trunks at breast height or
simplified, circular crown shapes on a horizontal plane while assuming known
tree positions, it highlights the future potential with respect to adaptive scan
planning.

Recent advances in robotic navigation allow mobile legged robots equipped
with LiDAR scanners to perform autonomous forest inventories along human-
defined paths. Here, |Chirici et al| (2023) showed that the accuracy of tree
detection and derived DBH strongly depended on the selected acquisition
path. |[Freifmuth et al.| (2024) and Mattamala et al| (2024) presented an
online, incremental processing pipeline using a mobile legged robot, allow-
ing for visualisation of forest models during data collection. Such pipelines
allow for live decision making and minimisation of occlusion through path
modifications by the human operator. Moving one step further, |Karjalainen
et al.| (2025) trialled an autonomous below-canopy flying unoccupied aerial

vehicle (UAV). An integration of explicit occlusion mapping into these solu-
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tions could improve decision making of the operator, or could further be used
for autonomous path planning and adaptation by autonomous platforms to
optimize data coverage.

Ideally, a universal optimization approach should target full canopy ex-
ploration in order to be agnostic of later analysis objectives, produce results
in 3D, and assume no prior knowledge of the forest stand. At the same time,
it should take into account requirements for target-less registration between
scan positions via point cloud features (e.g., sufficient overlap between indi-
vidual data takes). Finally, redundant coverage should be minimised. Both
registration and occlusion mapping could happen onboard and in real time
(Eisoldt et al., [2025)). Such an intelligent approach would allow actionable
insights and significantly enhance efficiency in both static (i.e., TLS) and
mobile laser scanning (i.e., MLS, ULS). Algorithms are becoming available
(Section [4]) but to be operationally implemented, they must meet high per-

formance standards and demonstrate robustness.

5.2. Quantification of uncertainty with occlusion mapping

Forest structure can be described by a variety of geometrical metrics
such as tree height and DBH distribution, layering indices, fractal dimen-
sion, quantitative structure models (QSM), gap fraction and density metrics
such as plant- or leaf-area densities. All of these metrics can be estimated
from point clouds. Therefore, laser scans need to capture the targeted forest

structures with sufficient point density and spatial accuracy.
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Occlusion can lead to DBH outliers (Heinzel and Huber| 2017; |Watt and
Donoghue, [2005), a bias in PAD values (Schneider et all 2019) (see also
Section and a systematic under-representation of tree height for ground-
based systems (Mathes et al., 2023). Currently, point cloud quality and
feature representativeness are assessed 1) via sampling density or 2) by com-
paring point cloud geometries and derived metrics (e.g. DBH, above ground
biomass (AGB)) with ground truth data (Dalla Corte et al., 2022} Neuville
et al., [2021). Table 4| provides an overview of the severity of occlusion ef-
fects on various structural metrics, based on the authors’ expert judgment.
These are generalizing judgments for very broad categories. Therefore nu-
ances within categories can be expected, mainly due to varying sensor char-
acteristics (see Section or data acquisition strategies (see Section [3.2).
For example a TLS system capable of producing multiple returns per pulse
may suffer less from occlusion for tree height estimation than a TLS system
only capable of recording a single return.

While research investigates uncertainty from the perspective of what has
been observed, occluded space is often disregarded. Even though the scien-
tific community is aware of uncertainties resulting from occluded space, it is
rarely quantified and made use of. Instead, studies tend to accept a certain
degree of uncertainty in their data and usually do not recognize the potential
of quantifying occluded space to set their work into the context of their laser
scanning data.

Actual linkage between quantified occluded space with uncertainties in
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Table 4: Expert judgement of the severity of occlusion effects on different structural metrics
(low 0, medium +, high ++) in dependence of the utilized platform.

Structural metric Reference TLS MLS ULS/ALS
Tree height Brede et al.|(2017) + + o
Davison et al.|(2020)
DBH Brede et al.|(2017) ) [ ++
Davison et al.|(2020)
wn
-2 Trunk volume/ |Prendes et a1.|42021b o o ++
© stem curve
i Crown projection |Panagiotidis et al.NZUZZb o o +
é area
Crown volume |Panagiotidis et a1.| 2022[) + + +
QSM Hartley et al.|(2024) ++ 4+ ++
Leaf area Frey et al.|(2025) ++ ++ ++
Yun et al.|[(2019
Canopy surface Heidrich et al.|q2023b + + o
area (DSM)
» Canopy cover / |Hcidrich et al.NQOZ?;b o o o
'E gap fraction
£ LAI/PAI Wang and Fang] (2020} S = e
S Occupied/open Jung et al.|(2013) + + ++
A  space
Vertical layering (2020) o o +
Box dimension Mathes et al.|(2023) ++ +4+ ++

estimated forest structural variables has still rarely been performed.

The

reason is that such a direct relation is often difficult to build.

(2019)) linked occluded volume with bias in PAD estimation. However,

due to missing reference PAD measurements, a validation of the bias was

not possible. We will discuss the specific relation between occlusion and

vegetation densities in Section [5.3] Figure [] also highlights the influence of

occlusion towards the typical underestimation of canopy height from below

canopy laser scanning acquisitions when compared to ULS derived canopy

heights due to the increased occlusion found at the upper canopy layer.

We see quantification of occluded space as a promising tool to identify
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data gaps, assess uncertainty, and highlight potentially omitted structures.
Therefore it has great potential to evaluate point cloud and feature represen-
tativeness and link missing information to possible errors of derived metrics.
Future studies should further invest in the evaluation of how occluded space

affects estimated forest structural variables and their uncertainties.

5.8. Vegetation density metrics

Estimating vegetation densities is crucial for understanding vegetation
structure and function in ecological studies. The 3D distribution of vegeta-
tion can be described by LAD or - in case leaf and wood material cannot
be discriminated - PAD. These parameters have been estimated through
various methods based on a similar theoretical background which describes
the exponential attenuation of transmittance in a uniform medium along the
path of a laser beam, also known as Beer’s law (Béland et al., 2011} Pimont
et al |2018; Soma et al., 2021)). Most models aiming to estimate 3D LAD
or PAD are following a voxel based approach (e.g. Vincent et al., |2017)).
However, also in this context, a critical challenge is the issue of occlusion.
Several studies reported a significant underestimation of LAD or PAD in the
upper part of the canopy for ground-based systems or in the lower part of
the canopy for above canopy systems (Béland et al., 2014; Schneider et al.,
2019; Soma et al| 2020} 2021)). The increased underestimation is attributed
to insufficient sampling of individual voxels, as pulses are often occluded ear-

lier along their optical path (Béland et al., 2014; [Soma et al., 2018, |2021)).
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A straightforward approach to address this issue would be to increase the
voxel size, thereby raising the likelihood that pulses traverse affected voxels.
However, Soma et al.| (2021)) analytically demonstrated through simulations
that using larger voxels, while increasing sampling rates, can actually lead
to even greater underestimation due to the more heterogeneous distribution
of vegetation within each voxel. The authors therefore suggested a voxel
size of close to 0.5 m (at least for TLS based LAD and PAD estimations) as
a good compromise between increasing sampling density and accounting for
heterogeneous distribution of vegetation material within the voxel. A further
strategy to increase sampling density and therefore mitigate biases in LAD
or PAD estimations is to increase sampling density through a denser scan-
ning pattern (i.e. generating more viewing directions) (Wilkes et al., 2017}
Schneider et al., [2019). Also, various approaches have been introduced to
compensate biases due to insufficient sampling, ranging from a simple filling
of occluded voxels with an average LAD or PAD of explored voxels at a given
height (Béland et al., [2014; Schneider et al., 2019)), through more sophisti-
cated kriging interpolation approaches (Soma et al., 2020)) up to employing
light transmission (Béland et al., [2011]) or architectural (Coté et al., 2011)
models. Yet, all these compensation approaches rely on the knowledge of the
spatial distribution of occluded voxels, therefore highlighting the importance
of occlusion mapping approaches to gain insights on sampling and occlusion

patterns.
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5.4. Time series analysis

In recent decades, most forest research involving laser scanning has fo-
cused on processing point cloud data and deriving forest and tree struc-
tural metrics from one time step. However, as multi-temporal laser scan-
ning datasets become increasingly available, research is gradually shifting
towards analyzing changes in these structural metrics over time (e.g. forest
and tree structural dynamics). Despite increasing availability, quantifying
forest dynamics and structural change from such data remains a complex
and unresolved challenge. One of the key obstacles lies in the issue of data
interoperability (Bartholomeus et al.;2022)). Over the years, a wide range of
laser scanning sensors has been developed for various platforms, each with its
own specifications and characteristics. As a result, data collected at different
time points may have been acquired using different scanners (Huertas et al.,
2022; Loh et al.. 2022; Yin et al., [2024; |Qi et al., 2023). Additionally, due
to time constraints or optimized field protocols, data may have been gath-
ered using coarser scanning grids or alternative settings (e.g., faster scanning
speeds). Beyond these technical factors, the forest structure itself evolves
over time due to seasonal variation (Figure @, tree growth, and mortality,
all of which can significantly affect point cloud quality in terms of a complete
representation of the forest canopy. Point cloud quality in multi-temporal
datasets can differ substantially, often due to a combination of technical fac-
tors and structural forest changes. As a result, point cloud completeness and

occlusion can vary substantially between acquisitions of the same site over
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Figure 6: Illustration of the impact of leaves and forest structure on occlusion patterns using a multi-temporal
terrestrial laser scanning (TLS) dataset from a temperate deciduous forest in Belgium, showing data from April
(leaf-off), May (leaf onset) and June (leaf-on) on the top, middle and bottom, respectively. TLS point cloud
data with zoom-in on an area in the top of the canopy (left) and their respective occlusion maps (right) show
increased occlusion with leaf onset. Notably, occlusion can also be affected by the angles of the leaves and
branches which change when more leaves appear and might reduce or increase occlusion in certain spots.

ers  time, which can, in turn, affect the accuracy of detected changes.
679 Differences in errors associated with structural measurements from point

0 clouds at different time steps are particularly critical when direct measure-

s ments are used (Loh et al., 2022} [McRoberts et al.| 2015). For example, if

2 tree height is underestimated more in the first time step than in the sec-

3 ond, the calculated change in tree height may be significantly overestimated.
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Therefore, differing occlusion characteristics pose a major challenge for this
approach unless the effects of occlusion are properly detected, quantified,
and incorporated into the analysis. In other words, the central challenge in
time series analysis is to minimize the uncertainties involved in distinguish-
ing true changes from acquisition-related artefacts as effectively as possible.
Quantifying occlusion provides critical insights into the representativeness of
the point cloud and specific parts of it, enabling the rejection of apparent
changes that arise from differing patterns of occluded space. This perspec-
tive becomes especially important when scanning conditions within the time
series vary greatly, for example, when combining data from both leaf-on and
leaf-off periods (Figure @ or when incorporating datasets from different sen-
sor types with their associated technical differences.

Occlusion mapping of multi-temporal laser scanning data can provide
valuable insights into the differences in measurement uncertainty across time
steps, which ideally should be incorporated into an overall uncertainty metric
when quantifying change. This approach helps define the minimal amount
of change or time difference required for changes to be reliably detected.
Additionally, occlusion mapping can assist in determining the area of interest
for analysis. For example, by mapping occlusion from leaf-off scans, we
can identify the parts of the landscape that are theoretically scanable —
that is, the full area the laser can reach without leaf interference. When
analyzing summer scans of the same area, the analysis can then be restricted

to these parts or adjusted to account for the occluded regions. Furthermore,
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differences in occlusion across multi-temporal datasets can also be used to
explore the type of occlusion (geometric vs. full), since vegetation movement

throughout the day can alter occlusion patterns.

5.5. Data prediction and point cloud completion

Various strategies have been developed not only to handle uncertainties
in point cloud data but also to interpolate or reconstruct missing informa-
tion arising from unobserved space during post-processing. Many of these
approaches could benefit substantially from an explicit quantification of oc-
clusion and unobserved space. Besides the previously mentioned approaches
to compensate biases in vegetation density metrics, in the context of single
tree reconstruction various methods have been proposed to infer structural
information from incomplete point clouds. These approaches attempt to com-
pensate for data gaps caused by occlusion, often by relying on morphological
knowledge and growth patterns of trees. Approaches include algorithms that
aim to reconstruct tubular shapes from noisy and occluded point clouds
(Ravaglia et al., 2017) or cover the occluded regions of tree stems with an
a priori model (Morel et al., 2018). Algorithms grounded in the topology of
tree skeletons are also often employed to bridge gaps in the tree structure
(Cao et al., [2022; Wang et al., 2023).

In general, 3D reconstruction algorithms aimed at approximating the sur-
face or tree volume represented by the point cloud may benefit from distin-

guishing gaps caused by open space and gaps caused by occlusion, where
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assumptions about tree architecture must be made. The same goes for graph-
based instance segmentation methods, where data gaps pose a major problem
for segmenting individual trees from the forest. How these gaps are handled
is data-dependent and often controlled by some user-set parameter, where
a balance must be struck between low values leading to oversegmentation
and high values leading to undersegmentation, e.g. merging of smaller trees
into one instance. Occlusion mapping may be useful in this application by
providing a clear distinction between open space gaps, and gaps caused by
occlusion.

Recent advances in deep learning have led to the development of point
cloud completion networks that aim to reconstruct the full geometry of indi-
vidual trees from partial observations (Xu et al., 2025; Zhang et al., |2025).
These models are trained on large datasets of complete and partial tree point
clouds (derived from real or simulated data) to learn structural priors and
generate missing points. The completed point clouds can subsequently serve
as input for a wide range of downstream analyses. For instance, Bornand
et al.| (2024)) applied a deep learning-based point cloud completion approach
to mitigate small scale gaps in dense point clouds of broadleaf trees. Partial
and complete point clouds were derived from synthetic tree generation and
laser scanning simulation and used to train the transformer-based PoinTr
model. Results show the potential of deep learning for completion of partial
point clouds. Integration of occlusion mapping results may further improve

these models, by explicitly identifying the spatial regions requiring comple-
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tion. This strategy is particularly useful when applied at the forest plot
or stand level, where individual tree segmentation was not performed in ad-
vance. In such cases, occlusion mapping can be used to identify sparse regions
of the point cloud, allowing the model to target only those areas and thereby
avoiding the computational burden and potential noise of processing the en-
tire scene. A more advanced approach could even involve directly integrating
occlusion mapping information into the model architecture itself.

Moreover, it remains an open question whether point cloud completion
as a preprocessing step could potentially improve the performance of graph-
based instance segmentation methods. Future research should investigate
whether filling occluded regions leads to better-defined individual tree in-
stances and more accurate segmentation results. An alternative to recon-
structing complete point clouds would be to use state-of-the-art deep learning
models to directly estimate target variables (such as above-ground biomass or
vegetation density) from incomplete data. For such applications, it is essen-
tial to develop models that can tolerate missing information and incorporate
occlusion bias. In this context, occlusion mapping would again serve as a
critical component, providing models with a quantifiable measure of data
incompleteness.

However, the success of any data-driven approach fundamentally depends
on the availability of large quantities of complete, representative training
data. Assessing the completeness and quality of such data remains a major

challenge. Currently, visual inspection is the most common method, but

43



775

776

T

778

779

780

781

782

784

785

786

787

788

789

790

791

792

793

794

795

796

systematic occlusion mapping could provide a more robust and objective
measure of training data quality in the future. Another promising avenue
for generating suitable training and validation datasets is the use of virtual

laser scanning, which is discussed in the following subsection.

5.0. Virtual laser scanning to advance the study of occlusion

An inherent problem in occlusion mapping, and thereby also the devel-
opment of evaluation tools and methods for compensation, is the lack of
reference data on what space is occupied by vegetation and what space is
empty. While complete coverage is impossible, the best approximation to the
required reference data is very dense and high-resolution acquisitions from
many viewpoints. Even these still suffer from their own occlusion effects
and, since vegetation is not static, come with the challenge of time synchro-
nisation. This makes it difficult to interpret occlusion mapping results in
real-world data.

A potential solution to this problem is to simulate laser scanning in virtual
vegetation scenes (Figure , Winiwarter et al., [2022; |Abegg et al., [2023; [Wei
et al., 2020). We can thereby quantify exactly how much of the vegetation,
not just how much of the overall space, is occluded and thus how much
relevant information is missing. Virtual laser scanning (VLS) incorporates
both necessary metadata for the occlusion mapping tools, such as sensor
positions, and full knowledge about the component optical properties. As

such, VLS can be used to compare and validate occlusion mapping algorithms

44



797

798

799

800

801

802

803

805

806

807

808

809

810

811

812

813

814

815

816

817

818

819

and to investigate their sources of error. This includes intermediate technical
steps such as assessing the accuracy of the reconstructed rays in the voxel
traversal, since the true origins and vectors of each pulse are known.

VLS acts as a virtual playground for designing and evaluating survey
strategies and allows systematic and controlled investigation of the different
factors influencing occlusion, such as sensor specifications, acquisition set-
tings, and forest structure (Figure , Section , which are provided as input
to the simulations. This enables a better understanding of the magnitude
and spatial location of occlusion effects and the effectiveness of approaches
to compensation.

In the same way, the effect of occlusion on derived tree and stand-level
metrics (see Table {]) can be quantified, since reference data for most of
these metrics can be derived directly and automatically from the input VLS
scene without error (Winiwarter et al., |2022), and metrics can be compared
between VLS scenarios with and without occlusion (Yun et al.,[2019)). Virtual
scenes can be parametrized to replicate real conditions, e.g., tree species,
tree height and diameter distributions, and stand densities, which means the
effects of occlusion can be investigated for specific forest sites.

All the above analyses require that the simulation, which is always a sim-
plified model of real-world conditions, is sufficiently realistic to effectively
reproduce the underlying processes. Thus, while the results need to be con-
firmed with real experiments, insights from VLS-based sensitivity analyses

may allow for informed and cost-effective optimisation of survey plans. While
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Figure 7: Demonstration of the opportunities from virtual laser scanning (VLS): The op-
erator can vary the composition of the virtual forest, the sensor, the survey plan and the
survey settings, enabling diverse and targeted acquisition scenarios (left panel). In the
simulated environment, the tree properties, the origins and the directions of the virtual
pulses and the occupancy of scene voxels are known and therefore provide error-free refer-
ence (right panel). This enables evaluating occlusion quantification methods, conducting
sensitivity analyses, and optimising specific data acquisitions.

extremely high-resolution reconstructions of forest scenes from TLS are pos-

sible in principle, their creation is highly demanding in terms of field effort

and processing time (e.g. Zhu et al. 2023)), and the degree of realism required

to generate realistic levels of occlusion remains an open question.

6. Conclusion

In this perspective, we have demonstrated that occlusion is a major chal-
lenge in forest laser scanning and can heavily affect forest structure analysis

and interpretation. By providing a comprehensive review of the concept of
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occlusion, we set up the theoretical background for a better understanding
of its causes, showing the influence of various factors (from forest structure
to acquisition strategies, laser instrument properties and interlinked effects).
Building upon this, we provided and discussed a range of cross-platform
strategies for mitigating occlusion and presented best-practice guidelines for
optimized laser scanning acquisitions for forest structure assessment. Our
overview of different software tools demonstrated that practical implementa-
tions of occlusion mapping are already possible across different programming
languages, marking an important step towards greater user accessibility in
this field. We further raised awareness that selected metadata information
to the point clouds, such as scan position and trajectory information, is es-
sential for occlusion mapping and should therefore be provided and stored
alongside the 3D data itself.

Although occlusion is recognized as a major challenge in laser scanning of
forests and the retrieval of forest and tree structural parameters, it is rarely
explicitly quantified or used as a quality metric of the acquired point clouds.
While understanding occlusion and its main drivers is essential for an opti-
mal laser scanning survey, spatial mapping and quantification of occlusion
open up a plethora of exciting research opportunities, ranging from point
cloud quality assessment, over quantification of uncertainties in point cloud
derived forest metrics up to cutting-edge novel research topics on e.g. point
cloud completion and virtual laser scanning. We see that through occlusion

mapping, new ways to acquire point clouds using adaptive, intelligent ac-
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quisition strategies to maximize canopy observation will emerge in the near
future, further improving point cloud quality and accuracy of derived forest
or tree metrics. We encourage researchers, practitioners, and technology de-
velopers to incorporate and advance occlusion-aware approaches, enabling a
next generation of forest laser scanning. Given the increasing need to moni-
tor forest structural changes in the face of global change, occlusion mapping
may help ensuring robust and reliable extraction of structural information
from multi-temporal laser scanning data. These advancements in assess-
ing forest structural dynamics align with the European Union Biodiversity
Strategy and the principles of close-to-nature forest management, which em-
phasize enhancing structural diversity to support forest resilience, long-term

productivity, sustainable use, and biodiversity conservation.
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