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ARTICLE INFO ABSTRACT

Keywords: National forest inventories (NFI) are important for the assessment of the state and development of forests.
Terrestrial laser scanning Traditional NFIs often rely on statistical sampling approaches as well as expert assessment which may suffer
Mobile laser scanning from observer bias and may lack robustness for time series analysis. Over the course of the last decade, close-

Unmanned aerial vehicle laser scanning
Terrestrial photogrammetry
Structure from motion

range remote sensing techniques such as terrestrial and mobile laser scanning became ever more established
for the assessment of three-dimensional (3D) forest structure. With the ongoing trend to make the systems
Forest inventory smaller, easier to use and more efficient, the pathway is being opened for an operational inclusion of such
3D point cloud devices within the framework of an NFI to support the traditional field assessment. Close-range remote sensing
LiDAR could potentially speed up field inventory work as well as increase the area in which certain parameters are
assessed. Benchmarks are needed to evaluate the performance of different close-range remote sensing devices
and approaches, both in terms of efficiency as well as accuracy. In this study we evaluate the performance
of two terrestrial (TLS), one handheld mobile (PLS) and two drone based (UAVLS) laser scanning systems to
detect trees and extract the diameter at breast height (DBH) in three plots with a steep gradient in tree and
understorey vegetation density. As a novelty, we also tested the acquisition of 3D point-clouds using a low-
cost action camera (GoPro) in conjunction with the Structure from Motion (SfM) technique and compared its
performance with those of the more costly LIDAR devices. Among the many parameters evaluated in traditional
NFIs, the focus of the performance evaluation of this study is set on the automatic tree detection and DBH
extraction.

The results showed that TLS delivers the highest tree detection rate (TDR) of up to 94.6% under leaf-off
and up to 82% under leaf-on conditions and a relative RMSE (rRMSE) for the DBH extraction between 2.5 and
9%, depending on the undergrowth complexity. The tested PLS system (leaf-on) achieved a TDR of up to 80%
with an rRMSE between 3.7 and 5.8%. The tested UAVLS systems showed lowest TDR of less than 77% under
leaf-off and less than 37% under leaf-on conditions. The novel GoPro approach achieved a TDR of up to 53%
under leaf-on conditions. The reduced TDR can be explained by the reduced area coverage due to the chosen
circular acquisition path taken with the GoPro approach. The DBH extraction performance on the other hand
is comparable to those of the LiDAR devices with an rRMSE between 2 and 9%.

Further benchmarks are needed in order to fully assess the applicability of these systems in the framework
of an NFI. Especially the robustness under varying forest conditions (seasonality) and over a broader range of
forest types and canopy structure has to be evaluated.

1. Introduction are therefore sought after. Advances in the field of close-range remote
sensing over the past years introduced promising opportunities for

National forest inventories (NFI) are an important framework for supporting NFIs in order to increase the area under investigation and to
the assessment of the current state and development of forests as well switch from an expert assessment to a more quantitative, reproducible

as their management. Traditional NFIs are labor intensive and costly
and often rely on statistical sampling approaches. Additionally, many
relevant forest variables are collected by expert assessment (e.g. canopy
cover and layering), which are subject to observer bias. Possibilities to
switch from an expert assessment to a more quantitative measurement

and robust measurement of selected forest inventory parameters. Most
recent studies on the use of close-range remote sensing for NFI as
well as this study focus on the extraction of tree parameters (position,
diameter at breast height (DBH), tree height etc.) (e.g. Mokros et al.,
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Key parameters of analyzed three plots (FPO5, FP07, FP08). The number of trees for the three diameter classes analyzed in this study are
reported with DBH thresholds of 7, 12 and 20 cm. Further, the average distance to the closest neighboring tree for all trees with a DBH <

12 cm is reported to further quantify the density of the analyzed plots.

Plot # Trees # Trees # Trees Tree DBH Avg. Avg. Distance Avg.

name [DBH [DBH [DBH density range DBH to closest tree Slope [°]
> 7 cm] > 12 cm] > 20 cm] [N/ha] [cm] [em] with DBH < 12 c¢m [m]

FPO5 90 83 74 360 7 - 69 31.2 9.47 8.2

FPO7 107 63 38 428 7 -90 23.3 2.23 6.1

FPO8 190 79 49 760 7 - 82 18.4 2.13 5.0

2021; Gollob et al., 2020), also due to the availability of accurate
reference measurements. However, close-range remote sensing further
shows potential to extract inventory relevant parameters where often
less accurate reference measurements are available (e.g. forest regen-
eration assessment (e.g. Heinzel and Ginzler, 2019), detection of dead
wood (e.g. Yrttimaa et al., 2019), microhabitat assessment (e.g. Rehush
et al., 2018) etc.)

Terrestrial laser scanning (TLS) devices have long been established
as the gold standard for acquiring detailed, high resolution and accurate
three-dimensional (3D) point clouds in forest environments (Liang
et al., 2016). With the ongoing advances in making the originally heavy
and complicated devices more user friendly (e.g. weight reduction),
TLS instruments have become more and more readily available and
accessible. Despite the improvements in terms of size, costs, resolution
and speed of TLS instruments, they still suffer from inherent limitations.
Multi-station TLS acquisitions suffer from occlusion effects (Abegg
et al., 2017; Schneider et al., 2019). These occlusion effects can be
partly mitigated by increasing the number of scan positions, at the cost
of increasing acquisition times.

The static nature of TLS acquisitions and the problems caused by
occlusion inspired efforts to combine the ability to acquire detailed
3D point clouds with a mobile acquisition strategy. In recent years,
developments of mobile laser scanning (MLS) devices (Ceriiava et al.,
2019; Forsman et al., 2016; Kukko et al., 2012; Liang et al., 2014a,
2018) and hand-held personal laser scanners (PLS) (Balenovic¢ et al.,
2020a) became more relevant. This approach mitigates the inherent
limitations of TLS instruments caused by occlusion effects at the cost
of reduced resolution and precision. Both MLS and PLS approaches
are reliant on the Simultaneous Localization and Mapping (SLAM)
technology (Durrant-Whyte and Bailey, 2006) often in combination
with an Inertial Measurement Unit (IMU). The SLAM approach allows
the application of such a device in environments with weak or no GNSS
reception.

The above mentioned LiDAR devices are all restricted to plot- or
stand-level assessments. For larger scale 3D forest structure assess-
ments, a shift in observation angle from below canopy to above canopy
is needed. Drone-based laser scanning solutions (unmanned aerial vehi-
cle laser scanning, UAVLS) could deliver an interesting compromise be-
tween level of detail and area coverage. UAVLS acquisition have shown
to successfully complement ground-based TLS acquisition (Schneider
et al.,, 2019; Terryn et al., 2021), assess forest structure (Bruggisser
et al., 2019; Morsdorf et al., 2018), as well as acquire forest inventory
relevant parameters (e.g. Jaakkola et al.,, 2017; Liang et al., 2019;
Wieser et al., 2017).

Also non-LiDAR devices were used in the context of forest inventory
measurements to extract 3D information from forest plots. Piermattei
et al. (2019) used terrestrial photogrammetry based on structure from
Motion (SfM) for deriving tree positions, DBH and stem curves by
means of a single consumer grade camera. The success for extracting
a usable 3D point cloud from multiple images is highly dependent on
the camera settings, environmental conditions and acquisition pattern
chosen by the operator (Piermattei et al., 2019). All these constraints
can make the SfM approach cumbersome and prone to failure and
hence less favorable in comparison to the above mentioned LiDAR
devices. Action cameras, such as the GoPro cameras, could be an
interesting and definitely low-cost alternative. The biggest advantage of

such a small action camera is the ease of use as well as relatively stable
image acquisition under movement with varying lighting conditions.
To our best of knowledge, such camera systems have not yet been
evaluated for the acquisition of forest inventory metrics.

With these recent technological advances both in terms of sensor
development as well as in terms of 3D point cloud assessment, we
are steadily stepping towards a more operational use of such close-
range remote sensing devices within a NFI. Benchmarks are needed
in order to assess the suitability of each device. For a successful and
operational implementation of close-range remote sensing, certain key
aspects have to be met. First of all, fast and robust data acquisition
within seasonal constraints of the specific NFI is key for an operational
inclusion. Furthermore, an acquisition approach should be suitable
for a majority of forest types and structures with varying degrees of
complexity as encountered in the specific country. In this study we
evaluate the suitability of 3 ground-based LiDAR devices (two TLS
(leaf-off and leaf-on) and one PLS (leaf-on)), two above canopy LiDAR
devices (leaf-off and leaf-on) as well as a terrestrial SfM approach
using a GoPro action camera (leaf-on). Three complex forest plots with
a steep gradient in terms of tree density and understorey vegetation
density have been chosen for this benchmark test. Within this study
we evaluate the performance of each device in terms of tree detection
rate, accuracy in tree position as well as in DBH extraction and the time
needed for data acquisition.

2. Study area and data
2.1. Study area and reference data

The study area is located in a temperate mixed forest close to
Zurich, Switzerland. Three 50 m x 50 m plots, corresponding to the
interpretation area of the Swiss National Forest Inventory (Fischer and
Traub, 2019), were defined, representing a gradient in tree density, tree
size and structural complexity with varying densities in understorey
vegetation. Within these three sample plots, the position, DBH and
species of all trees with a DBH > 7 cm were measured. Tree positions
were measured with a total station MS50 (Leica Geosystems) using a
network of distributed reference points. The measurement of the stem
center was conducted at DBH height, adding an offset corresponding to
half of the DBH. The network of reference points was surveyed before-
hand, based on a total station setup using three measured dGNSS points
(3D accuracy ~ 2 cm), followed by a traverse using multiple backsight
positioning (accuracy < 1 cm). The three plots were chosen to have
their center point on one such absolutely referenced surveying points
each, allowing for subsequent measurements and the establishment of
a long term monitoring for subsequent testing of new technologies
and methodologies. Due to the definition of the plot centers on these
reference points, the three selected plots overlap partially. The plots are
hereafter named after the name of the fixed surveying points (i.e. FP05,
FP07, FP08). DBH was measured using a traditional caliper in North—
South and East-West directions. For trees with a DBH larger than the
measurable diameter of the used caliper (80 cm), the circumference
was measured using a measuring tape. Table 1 gives an overview of the
key parameters of the selected plots. Fig. 1 shows the three plots with
marked tree positions including tree species. The dominant tree species
are beech (Fagus sylvatica) followed by fir (Abies alba) and spruce (Picea
abies).
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Fig. 1. Study area with designated plots FPO5 (northern most plot, photo in 1(b)), FP07 (middle plot, photo in 1(c)), and FP08 (southern most plot, photo in 1(d)). Tree species
were only acquired for trees within the larger 1 ha study site marked in black. For trees outside this 1 ha plot, only position and DBH was measured. The orthoimage was acquired

using a DJI Phantom 4 RTK in July 2021.

2.2. TLS data

Two TLS campaigns were performed. A FARO Focus 3D S120 phase-
shift TLS (henceforth FARO) was used under leaf-off conditions in
January 2020 to acquire a reference point cloud with minimal occlusion
due to missing foliage (see Table 2 for detailed description of all tested
laser scanning devices). The FARO campaign covered a 1 ha area (black
dashed square in Fig. 1) including a roughly 5-10 m buffer around it.
Spherical targets were used for co-registration of the 125 scan positions
with a distance between consecutive positions of approximately 10 m.
The acquisition of the entire 1 ha large plot took 6 full working
days with two persons. The acquired point clouds were afterwards
processed and co-registered in the FARO Scene software suite. The co-
registered point cloud was subsequently transformed into the Swiss

LV95 (CH1903+, EPSG:2056) coordinates system using spherical tar-
gets that were placed onto seven absolutely referenced surveying points
distributed over the entire plot area. The resulting transformed point
cloud acts as the reference point cloud to which all other acquired point
clouds were referenced to.

Another TLS campaign, focusing on the three main 50 m x 50 m
plots, was conducted in September 2020 under leaf-on conditions using
the time-of-flight TLS instrument Leica BLK360. The Leica BLK360
system convinces through its lightweight (< 1 kg) build and easy-
to-use interface (one button). Table 2 gives further details on the
tested Leica TLS device. No artificial reference targets were used for
the co-registration of scan positions, as the automatic co-registration
algorithm provided by the Leica Cyclone software suite (v1.6.2) was
used, which aligns overlapping scans by detecting and aligning flat
surfaces in the 3D point clouds. To facilitate the automatic alignment,
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LiDAR systems specifications. * FOV for ground-based sensors as vertical/horizontal. **Foot print size is @ 10 m for ground-based sensors and

@ 100 m for UAVLS systems. *
these are not applicable for the specific sensor or unknown.

“Flight duration correspond to 52 ha for VUX1 and 1 ha for miniVUX2 acquisitions. If no values are given,

TLS PLS UAVLS

FARO Leica GeoSLAM Riegl Riegl

Focus3D S120 BLK360 ZebRevo VUX1 miniVUX2
Wavelength [nm] 905 830 905 1550 905
Field of view* 305°/360° 300°/360° 270°/360° 330° 120°
Viewing direction +/- 5° off-nadir nadir
Measurement rate [pts/s] 488’000 300’000 43’000 550’000 200’000
Beam divergence [mrad] 0.19 0.4 0.35 1.6 x 0.5
Foot print size** [mm] 5 6.2 50 160 x 50
Accuracy [mm] 2 4 6 10 15
Max range [m] 120 60 30 230 330
Flight height a.g. [m] 100 60
Flight duration [min]*** 150 12

the scan positions were chosen to be closer together, compared to the
FARO scans, with an approximate distance of 5 m in a gridded pattern.
To cover the entire area comprised by the three 50 m x 50 m plots a
total of 136 scan positions were used. The Leica BLK360 instruments
allows for a relatively fast scanning time (in average 6 min per scan
position including relocations and scanning with the highest resolution
setting). The automatic alignment in such complex environments is
prone to fail, therefore most of the scans had to be aligned manually
in a post-processing step using the Leica Cyclone software suite. The
total processing time to acquire a co-registered point cloud took around
4 h for each plot. The relatively aligned point clouds were afterwards
transformed into absolute coordinates (CH1903+) by matching the
point cloud to the absolutely registered point cloud acquired with the
FARO scanner. This was performed by a first visual alignment of the
two point clouds, followed by a fine registration using the iterative
closest point method implemented in CloudCompare (v2.11.3).

2.3. PLS data

The PLS device used in this study was the ZebRevo RT lightweight
mobile laser scanner produced by GeoSLAM (GeoSLAM Ltd. Notting-
ham). The system integrates a rotating 2D scanning device and an IMU.
By utilization of the IMU in conjunction with the SLAM technology,
the system is able to localize itself in 3D space in GPS challenging
environments such as forests. The laser device operates at a wavelength
of 905 nm (backscattered intensities are not stored) and has a data
acquisition rate of 43200 points per second at a maximum range of
30 m indoors (15-20 m in forest environments). The relative accuracy
of the measured points is 2-3 cm in normal light conditions (Nocerino
et al., 2017; Cabo et al., 2018) (also see Table 2). The data acquisition
path follows a regular grid pattern with approximately 5-10 m between
neighboring lines (see Fig. 2(c)). For a successful acquisition it is
important to start and end the acquisition at the same point. The
SLAM approach of the device tends to add a drift to the trajectory
after an acquisition time of 15-20 min. For plot FPO8 we had to
split the acquisition into two parts as the acquisition time exceeded
this maximum threshold. We ensured an overlap between the two
acquisitions for a successful alignment of the two scan patterns. The
alignment of the two acquisitions as well as the referencing to the
FARO point cloud was performed using the same approach as for the
alignment of the Leica point-cloud (Section 2.2).

2.4. UAVLS data

Two UAVLS campaigns were conducted using two different scan-
ning devices. A larger campaign covering the entire forest area with
52 ha was acquired during leaf-off conditions in March 2020 using
a Riegl VUX1 system mounted on a petrol fueled drone helicopter
operated by the company Aeroscout (Aeroscout GmbH, Switzerland).

Two flights were conducted following the same trajectory with vary-
ing mounting angles of the device (+/-5° off-nadir) in order to add
more observation angles to increase canopy penetration. The second
campaign was conducted under leaf-on conditions in September 2020
using a Riegl miniVUX2 scanner mounted on a DJI Matrice M600 Pro
drone. The acquisition pattern was a regular grid pattern with 20 m
side distance, covering the 1 ha large plot including a buffer zone of
approximately 20 m to all sides. The flight pattern consists of two
rectangular grids rotated by 90°. The rotation by 90° of the second
rectangular grid served to increase the observation angle to be able
to better penetrate the canopy. Fig. 3 shows the acquisition patterns
for both flight campaigns. Table 2 shows the key parameters of the
two UAVLS systems. Post flight processing of the measured point cloud
for the VUX1 acquisition was performed by the company Aeroscout,
resulting in an analysis ready, absolutely registered point cloud (Swiss
reference system CH1903+). Post flight processing of the miniVUX ac-
quisition was performed using Pospac 8.5 to correct the flight trajectory
(PPK) and the Riegl processing facilities (RiProcess v1.8.7), resulting in
an absolutely referenced point cloud (Swiss reference system CH1903+,
3D accuracy < 5 cm). As the processed UAVLS point clouds are already
absolutely referenced, no further alignment to the FARO reference
point cloud was performed.

2.5. Terrestrial photogrammetry

A GoPro Hero 8 Black action camera was used to acquire several
hundreds of overlapping images per plot. The GoPro was mounted on
a gimbal to increase stability and reduce motion blur effects. The GoPro
was setup to acquire time-lapse photos with an interval of 0.5 s. Lens
mode was set to wide which corresponds to a focal length of 16 mm
(35 mm focal length equivalent). The GoPro Hero 8 Black has a 12
megapixel sensor. The acquisition pattern was chosen to follow the rec-
ommendations by Piermattei et al. (2019), which in theory comprises
of three concentric circles plus two linear transects in roughly North—
South and East-West directions. The camera was pointed towards
the plot center for the two larger concentric circles and towards the
plot edge for the small, inner circle. For the East-West and North—
South transects, the camera was roughly pointed towards the South-
ern/Northern and Eastern/Western border of the plot respectively.
Fig. 2(d) shows the actual acquisition path for the plot FP05.

Total acquisition time for one plot ranged from 14 to 19 min and
resulted in 1730 to 2294 images. For point cloud scaling, artificial
markers printed from Agisoft Metashape (v1.6.3) were pinned onto tree
trunks distributed over the entire plot. Two markers were printed onto
a laminated A4 paper, where the distance between the two markers is
exactly known. Alignment of the images was performed using Agisoft
Metashape (v1.6.3), following the procedure and suggestions on pa-
rameter settings as described in Piermattei et al. (2019). Markers were
automatically detected in the images and the scale bars were defined
to be able to correctly scale the point cloud. The camera was calibrated
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Fig. 2. Different data acquisition patterns for the used ground-based systems: FARO (a), Leica BLK360 (b), GeoSLAM ZebRevo (c), GoPro Hero 8 Black (d). Displayed are only
the acquisition patterns for the plot FP05. Scan positions are marked as black crosses. ZebRevo path is shown as a black line. GoPro images are denoted as colored circles, where
the color denotes acquisition time (blue = start, red = end). Tree positions are denoted as colored circles where size and color are corresponding to the measured reference
measurement. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

using the lens calibration feature within Agisoft Metashape. This step
is particularly important due to the large distortions within the GoPro
images caused by the fish eye lens.

After successful alignment, tie points were filtered to include only
those with at least 2 images and low reconstruction uncertainty (< 50)
using the gradual selection tool within Agisoft Metashape. Afterwards,
camera positions were optimized and the dense point cloud was built
with high quality and mild depth filtering. The generated dense point
cloud was afterwards filtered by confidence (>3), resulting in the final,
not yet correctly rotated point cloud in local coordinates.

The entire processing pipeline was performed on a desktop PC with
an Intel Xeon W-2125 4-core processor with 4.01 GHz, 32 GB ram

memory and an Nvidia Quadro RTX 4000 GPU. For the registration of
the point cloud to the Swiss CH1903+ coordinate system, the same pro-
cedure as with the Leica point-cloud (see Section 2.2) was performed.
Table 3 gives further details on the SfM acquisition and processing for
the three different plots.

3. Methods
3.1. Automatic tree detection & DBH extraction

A pre-requisite for the chosen automatic tree detection and DBH
extraction is a height-normalized point cloud. Ground points were
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Fig. 3. Acquisition patterns acquired with the VUX1 3(a) and the miniVUX2 3(b) system by Riegl. The VUX1 acquisition was operated and planned by the Swiss company Aeroscout
GmbH. Only the part of the acquisition pattern above the 1 ha large study site are shown (entire VUX1 acquisition comprises 52 ha). Tree positions are denoted as colored circles,
where color denotes the measured reference DBH. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3

SfM acquisition characteristics with GoPro Hero 8 Black. Alignment time for FP05
and FP07 (marked with a *) is relatively shorter as we enabled sequential reference
selection, which can reduce computation time, but often leads to unsuccessful alignment
in more complex forest structures. Number of tie and dense points are after applying
gradual selection and point cloud filtering by confidence.

FPO5 FPO7 FPO8
# images 1730 1741 2294
acquisition time [mm:ss] 14:48 15:05 19:47
time image alignment [hh:mm] 1:51% 3:13* 6:05
time dense point cloud [hh:mm] 14:03 13:46 16:53
# tie points (filtered) 852’065 371711 606’161
# dense points (filtered) 61'765’396 65'699’854 93’961’600

classified for the FARO TLS point cloud using LASTools lasground
function (Isenburg, 2015). The classified ground points of the FARO
TLS point cloud served as the reference ground points used for height
normalization for all other point clouds. This was chosen in order
to reduce normalization inconsistencies due to different ground def-
initions from the various point cloud sources (i.e. due to occlusion
or reduced coverage). All point clouds were then normalized using
LASTools lasheight function (Isenburg, 2015) with the -replace_z option.

For close-range remote sensing to become an operational support
in NFI applications, robust and automatic feature extraction (e.g. tree
position, DBH etc.) from the produced point clouds is one of the
most important steps. In this study we adapted the existing, freely
available TreeLS (de Conto et al., 2017) library written in the statistical
programming language R that was developed to extract tree positions
and key tree parameters (DBH, height) and is optimized for ground-
based instruments (TLS, PLS). One limitation of this package is that it
performs less accurate when dense understorey vegetation is present in
the plots, often resulting in many falsely detected trees due to shrub
or rejuvenation forest. We therefore added multiple filtering steps on
the normalized point clouds before applying the tree detection routine.
We filtered the point cloud to only extract a vertical slice between 1
and 3 m (1 and 5 m in the case of UAVLS in order to counteract the

increased occlusion effects on the lower tree trunks in UAVLS data). For
performance reasons, the point clouds were downsampled by randomly
selecting a point within a 1 cm large voxel. The verticality geometric
feature in a neighborhood of 30 cm was calculated for each point
using CloudCompare. This geometric feature (value range between 0
and 1, where 1 is completely vertical) allows us to extract mainly tree
trunks and remove most points belonging to understorey vegetation.
We excluded all points with a verticality of less than 0.8 (thresholds
based on visual inspection on the impact of the filtering). Stem de-
tection was then performed using the treeMap function using the knn
method to detect circular point cloud clusters within the vertical slice
(see de Conto et al. (2017)). Subsequently the detected stem points
were denoised using the stemPoints function in conjunction with the
hough transformation method following the suggestions in de Conto
et al. (2017). Final tree position and also the DBH was extracted
using the tisInventory function of the TreeLS library, using the RANdom
SAmple and Consensus (RANSAC) cylinder fitting.

The excessive point cloud filtering in order to detect tree positions
could lead to larger errors in extracted DBH, especially for point clouds
of lower resolution. We therefore added a step to improve the DBH
estimation by extracting for each initially detected tree a subset of the
original, unfiltered point cloud. This subset was defined as a circular
cut with the detected tree position as center and the initially estimated
DBH as diameter plus a buffer of 9 cm. The vertical extent of this subset
was defined to be between 1.1 and 1.5 m. For this subset an additional
DBH estimation was performed.

3.2. Performance evaluation

The performance of the automatic tree detection and DBH extrac-
tion (Section 3.1) was evaluated using the tree positions and DBH
measured during the field inventory (also see Section 2.1). All trees
detected in the point clouds were searched for a matching reference tree
within the inventory dataset. A detected tree was declared a match if
the tree position was less than 1 meter away from the reference tree and
the DBH deviation was less than 50% of the reference measurement.
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The accuracy of automatic tree detection was evaluated regarding their
detection rate (TDR[%]) as well as the amount of falsely detected trees.

TDR(%) = “24h 100 )
Nye f
where ,,,,., is the number of correctly matched reference trees, n,,, is
the total number of reference trees within the plots.
The accuracy of the automatic DBH extraction was assessed with
the root mean square error (RMSE):

Mmatch
1

RMSE = > (dbh; - dbh, )
Mmatch i=1

where d/lﬁ is the estimated DBH from the point cloud and dbh; is the
measured DBH of the reference acquisition.
Relative RMSE (rRMSE) was calculated with

rRMSE = RMSE 100 3)
dbh
with
_ 1 Mmatch
dbh = dbh, (©)]
Match i=1

being the average DBH of the reference data.

For reporting on TDR, falsely detected trees and rRM S E we divided
the trees in three diameter classes with a minimum DBH of 7 cm, 12 cm
and 20 cm respectively. The amount of trees belonging to each diameter
class for each of the three analyzed plots is given in Table 1.

4. Results
4.1. Dataset comparison

The analyzed sensors and acquisition pattern deliver largely dif-
ferent point clouds of varying characteristics. Table 4 show the most
important acquisition information as well as the overall point density
as averaged over all three analyzed plots. The two TLS instruments
deliver the highest point densities, whereas the difference between the
FARO and Leica TLS point clouds can be accounted on the one hand
to the difference between leaf-on and leaf-off acquisitions, but on the
other hand also to the increased scan overlap due to a denser scanning
pattern chosen with the Leica BLK360 TLS. The GoPro photogrammetry
and ZebRevo PLS acquisition deliver the next highest point densities.
As shown in Fig. 4, the acquisitions are limited in their vertical range,
where the GoPro acquisitions can deliver canopy information up to
maximum 10 m and the ZebRevo PLS up to 20 m above ground. The dif-
ference between the two airborne acquisitions can be mainly accounted
to the difference in season, sensor and acquisition pattern, delivering an
overall higher point density for the VUX1 UAVLS instrument (leaf-off)
throughout the entire vertical extent.

4.2. Automatic tree detection

The under leaf-off conditions acquired FARO TLS point cloud showed
the highest TDR of all tested sensors in all three analyzed plots, with a
TDR of up to 94.6% for the plot FPO5, when only trees with a DBH
> 20 cm are considered. The leaf-on acquisitions of the Leica TLS
and ZebRevo PLS instrument show a similar TDR of around 80% in
FPO5, irrespective of DBH class, and a range between 45 and 80% in
FP07, depending on the DBH class analyzed. In FP08, the ZebRevo
PLS performed worse compared to the Leica TLS instrument with a
TDR of 27.8% versus 50.8% for trees with a DBH > 7 cm. This could
be partially explained by the denser understory present in FPO8 in
combination with many smaller trees just at the DBH threshold of
7 cm and the increased noise level in the ZebRevo PLS dataset. The
still lower TDR performance of the ZebRevo PLS also at larger DBH
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classes can be explained by the fact, that many larger trees were
surrounded by denser understorey vegetation, making the detection of
the trunks in combination with a higher noise level more difficult. Also
for the above canopy LiDAR acquisition, the acquisitions under leaf-
off conditions (VUX) show a better tree detection rate than the leaf-on
miniVUX acquisition (TDR of 34.8-72.2% vs. 8.7-32.2% at 7 cm DBH
threshold). The miniVUX UAVLS acquisition struggled with penetrating
through the canopy, resulting in large occlusion effects in the middle-
and understorey, leading to many incomplete representations of tree
trunks. Of course, also difference in the level of accuracy and noise of
the two UAV systems can be an explanation for this large difference
in TDR. Considering the lower coverage of the GoPro acquisition due
to the chosen circular acquisition path with only 85%, 68%, and 82%
of the interpretation area for FP05, FP07, and FPO8 respectively, the
TDR of 45.6%, 29.8% and 39% at 7 cm DBH threshold shows quite
good potential for this low-cost solution. The coverage was estimated
based on the coverage of the digital terrain model (DTM) extracted
from the GoPro acquisition in comparison with the FARO TLS DTM,
which covered the entire 50 m x 50 m plots. The respective DTMs
were extracted based on the lowest point of the respective point
clouds on a grid with grid size of 1 m using the lasgrid function of
LASTools (Isenburg, 2015).

Fig. 5(a) shows the TDR for all tested sensors on the three plots. In
general one can observe that the TDR under leaf-off conditions tends
to be higher. The difference between leaf-on and leaf-off for the FARO
and Leica TLS acquisitions for plots FP07 and FP08 is smaller than for
FPO5. The complexity of the plots, especially in terms of understorey
vegetation coverage, has a big influence on the TDR, resulting in higher
TDR for the simpler FPO5 plot over all three DBH classes, compared to
the more complex plots FPO7 and FP08, where the difference between
DBH classes is also larger.

The complexity of the analyzed plots also shows a big influence on
the number of falsely detected trees, as seen in Fig. 5(b). The more
complex plots FP07 and FP0O8 show more falsely detected trees over
nearly all instruments (exception: GoPro for FP07) than on FP05. The
lowest number of falsely detected trees occur with the ZebRevo PLS
system, whereas the highest number of falsely detected trees was found
with the above canopy acquisitions of the VUX and miniVUX systems.
Especially in the more complex plots FP07 and FP08 many shrub and
understorey vegetation clusters were detected as trees, resulting in
many falsely detected trees.

In terms of positional accuracy of the detected trees, the FARO
TLS system showed highest accuracy with an average distance between
detected and reference tree positions of 6 cm over all analyzed trees,
followed by ZebRevo PLS with 8.9 cm average displacement. Leica
TLS and the GoPro system showed similar performance with 10.1 and
10.9 cm respectively. Largest displacements were encountered with the
drone based systems with 22.9 and 20.7 c¢cm for the VUX and miniVUX
system respectively.

4.3. Automatic DBH extraction

The FARO TLS acquired leaf-off dataset shows the lowest RMSE of
the extracted DBH with an RMSE of 1.6, 1.6 and 1.7 cm for a lower
DBH threshold of 7, 12, and 20 cm respectively (relative RMSE of
2.6, 3.0, 3.3% respectively) for plot FPO5 as shown in Fig. 6. Also
here, the RMSE of the extracted DBH is dependent on the complexity
of the plot, as the RMSE increases compared to FP0O5 when we look
at FPO7 and FPO8. Both UAV systems show the largest RMSE, where
the miniVUX system show larger RMSE compared to the VUX system.
Noteworthy is the RMSE achieved from the GoPro camera, which is
on par or even better than the ground-based LiDAR systems (for FP07
and FP08). This comparison has to be taken with a grain of salt as the
amount of trees where a DBH could be extracted is different between
the GoPro and LiDAR acquisitions, due to the limited coverage of the
GoPro acquisition. The ZebRevo PLS device shows comparable or even
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Fig. 4. Vertical point density distribution for the analyzed sensors for plot FPO5 (Fig. 4(a)) with average point density per 1 m height slice. Acquisitions under leaf-off conditions
are shown as dashed lines, acquisitions under leaf-on conditions are shown in solid lines. For ground point densities see Table 4. Fig. 4(b) shows a slice (depth = 5 m) through
acquired point clouds for Leica BLK360 (TLS) (A), GoPro (Photogrammetry) (B), miniVUX2 (UAVLS) (C), and ZebRevo (PLS) (D). (A) and (B) are colored based on RGB camera
information, (C) and (D) are colored according to height above ground. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)

Table 4

Acquisition and point density information for the different acquired point clouds. Ground point densities is the density of all points within a
layer of 10 cm above ground. The average over all three analyzed plots are given. If not further stated, time information are given per plot

(50 m x 50 m).
Acquisition Acquisition Acquisition Point Ground Point
date pattern time density [pts/m2] density [pts/m2]

FARO (TLS) January 2020 Regular grid 6 days 869’862 368’723
(Leaf-Off) Ad ~ 10 m (for 1 ha)

Leica September 2020 Regular grid 6 h 1°203’548 211’796

BLK360 (TLS) (Leaf-On) Ad %5 m

Riegl VUX1 March 2020 Regular grid ~2h 4372 884

(UAVLS) (Leaf-Off) (for 52 ha)

Riegl miniVUX2 September 2020 Regular grid 20 min 1’888 82

(UAVLS) (Leaf-On) (for 1 ha)

ZebRevo (PLS) October 2020 Snake ~15 min 15’777 3°275
(Leaf-On) pattern

GoPro Hero8 September 2020 Circular ~15 min 29’523 16’845

Black (12MP) (Leaf-On) pattern

better results compared to the Leica TLS acquisitions. Only for plot
FPO08, the ZebRevo PLS device performed worse compared to the Leica
TLS instrument, which could be explained by the many small trees close
to the 7 cm DBH threshold, where the noise level of the ZebRevo PLS
device could be a limitation.

Figs. 7 and 8 show the DBH extraction performance compared to
the caliper reference measurements for each ground-based and above
canopy sensors respectively. The scatter plots are colored correspond-
ing their plot number. The shaded area corresponds to the 0.95 con-
fidence interval. All ground-based acquisitions show a very good cor-
respondence to the reference measurements with an R? of 0.96 and
higher, except for the GoPro acquisition at plot FPO5 with an R? of
0.84. In general, a slight overestimation of DBH for smaller trees and a
slight underestimation for larger trees can be seen for all sensors in all
plots. Also for this analysis, the leaf-off FARO TLS acquisition show the

best performance with R? ranging from 0.973 to 0.983. Interestingly,
despite the lower accuracy and higher noise level of the ZebRevo PLS
acquisitions, it performed equally or better than the Leica TLS system
under equal plot conditions (also shown in Fig. 6).

The R? for drone based acquisitions are expectantly lower at 0.904
to 0.918 and 0.702 to 0.913 for the VUX and miniVUX acquisition re-
spectively, depending on the analyzed plot. Due to increased occlusion
in the miniVUX acquisition, the amount of detected trees as well as the
accuracy of the extracted DBH is significantly lower than for all other
analyzed systems (see also Fig. 5).

A per-plot summary of tree detection, tree position accuracy and
DBH extraction performance is given in Tables A.6, A.7, and A.8 in
the Appendix A. Furthermore, a spatial visualization on tree detection
performance and DBH extraction for all tested sensors for all three plots
is given in the Supplementary Materials.
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Fig. 5. Tree detection rate 5(a) and number of falsely detected trees 5(b) for the three plots and six tested instruments, split into three DBH classes of 7 cm and higher, 12 cm
and higher and 20 cm and higher Bars for acquisitions under leaf-off conditions are marked with transparent fill FARO (TLS) and VUX (UAVLS).

5. Discussion TDR as well as DBH retrieval. This becomes especially visible when
we compare the performance of the FARO and Leica TLS acquisitions,

5.1. Tree detection performance as both datasets are comparable in terms of resolution, noise level,
point density, and point density distribution (see Section 4.1). The

5.1.1. Ground-based LiDAR devices differences in these metrics can be mainly explained by the presence
Results showed that TLS acquisitions under leaf-off conditions of foliage material. TDR of the ZebRevo PLS system is comparable to
achieved the highest tree detection rate and most accurate DBH re- the Leica TLS acquisition. However, fewer falsely detected trees were
trieval of the compared devices. Presence of foliage greatly impacts found in the ZebRevo PLS dataset than in the Leica TLS point cloud
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Fig. 6. Relative RMSE of extracted DBH using the RANSAC cylinder fitting approach with applied DBH improvement. Bars for acquisitions under leaf-off conditions are marked

with transparent fill FARO (TLS) and VUX (UAVLS).

(see Fig. 5(b)). The fewer amount of falsely detected trees is probably
due to the tree mapping approach used in this study. Especially shrubs
and denser understorey vegetation can cause a large amount of false
positives. Regarding the much faster acquisition time of just 15-
30 min for the ZebRevo PLS data versus up to 6 h for the Leica TLS,
the handheld PLS system definitely shows big potential towards an
operational implementation within a NFI framework. Yet, the chosen
TLS scanning setup, with a focus on a complete coverage of the entire
forest plot with minimal occlusion, resulted in many scan positions
and an increased scanning time. A reduced scanning setup, focusing
on acquisition time reduction could make the use of TLS for inventory
purposes more operational. However, such a scanning setup adaptation
will come at a cost of increased occlusion and hence also a worse
tree detection and DBH extraction performance. Abegg et al. (2017)
analyzed different TLS scanning setups and its influence on occlusion in
relation to forest stand complexity, suggesting optimal scanning setups
for increasing the visibility within a stand. Their simulation study also
suggest that the highest overall visibility of the stand will be achieved
with an evenly distributed scanning setup as performed also in this
study.

A significant amount of time for TLS campaigns can be accounted
to the setup of artificial targets for the coregistration of individual scan
positions. For this reason we wanted to test out the automatic coregis-
tration capabilities of the Leica BLK360 TLS instrument. Unfortunately,
the automatic alignment of the scans did fail often in the complex forest
environments, why most scans had to be aligned manually during post-
processing, counteracting the time gained by not setting up targets.
Newer generation of TLS devices including an IMU (e.g. Riegl VZ400i)
or SLAM based approaches (e.g. Leica RTC360) for scan coregistration
could help in this regard also in more complex environments.

Unfortunately, the maximum range of the ZebRevo PLS of 30 m
(manufacturer information) is a largely limiting factor in this regard,
as crown information or tree height cannot be retrieved from this data.
The successor device GeoSLAM ZebHorizon with a maximum range of
100 m could be a better solution in order to improve the applicability of
this type of devices (Gollob et al., 2020). A possible explanation for the

10

good performance of the ZebRevo PLS could be the reduced occlusion
in the lower canopy, due to the dense acquisition pattern (see Fig. 2).
The acquisition pattern with a PLS device is substantial in this regard
and can be a major influence on the performance of the device as also
reported by Mokros et al. (2021), Perugia et al. (2019). Mokros et al.
(2021) stated, that a very dense acquisition can even cause problems for
the SLAM based system, resulting in drifts within the point cloud. Forest
environments are in general difficult for such SLAM based techniques
as only few clearly defined geometric objects are present that can be
used by the SLAM approach to align the point clouds. We further
observed that the data acquisition with the ZebRevo PLS should not
exceed 15 min as this would promote a drift within the trajectory.
We showed in this study that also complex plots with a high stem
density and dense understorey vegetation can be assessed using the
ZebRevo PLS instrument, although at a reduced performance for lower
DBH thresholds (7 cm). The successor device GeoSLAM ZebHorizon
is reported to perform very well with a tree detection rate of more
than 95% at a very low DBH threshold of 5 cm (Gollob et al., 2020).
However, these results were achieved under leaf-off conditions, largely
reducing the effect of understorey vegetation. TDR for the tested PLS
system are comparable to previously published work, where tree detec-
tion rates ranged between 57 and 100% (Balenovi¢ et al., 2020b). The
comparison of these results is difficult as different devices, used with
different acquisition patterns and different tree detection approaches
were used. As stated by Mokros et al. (2021) and Balenovi¢ et al.
(2020Db), a thorough analysis of the best acquisition pattern to use
has to be performed, possibly resulting in a protocol to guide data
acquisition and to further make results more comparable. Similarly,
an automatic and robust point cloud segmentation algorithm to detect
trees within point clouds of different sources acquired over plots of
varying complexity should be pursued (see also Section 5.2).

All point clouds except for the UAVLS acquisitions were absolutely
georeferenced by alignment with the absolutely referenced FARO TLS
point cloud (see Section 2.2). For a successful inclusion of a specific
close-range device in forest inventories, a georeferencing pipeline in-
dependent of additional reference point clouds is needed. Some mobile
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Fig. 7. Derived DBH from on ground sensors versus reference DBH measurements using a caliper. DBH derivation from FARO measurements 7(a), from Leica measurements 7(b),
from ZebRevo measurements 7(c), and from GoPro acquired point clouds 7(d). Points and fitted line are colored according to the plot number. Shaded area corresponds to the
0.95 confidence interval. Lower DBH threshold is at 7 cm. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this

article.)

laser scanning devices include already a precise GNSS module (e.g. the
GreenValley LiBackPack DGC50). However, accurate positional infor-
mation within forested environments can be a challenge to acquire. An
alternative could be the alignment based on positional information of
detectable features within the point clouds. For example, tree positions
acquired during traditional field inventory work could be used for a
rough point cloud orientation.

5.1.2. Terrestrial photogrammetry

While studies on the performance of TLS and PLS systems are
numerous, only a few studies analyzed the potential of terrestrial pho-
togrammetry to acquire forest inventory parameters such as DBH and
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tree positions in natural forests at plot scale (e.g. Liang et al., 2014b,
2015; Panagiotidis et al., 2016; Mikita et al., 2016; Mokros et al., 2018;
Liu et al., 2018; Piermattei et al., 2019). Most of these studies used
a single digital SLR camera acquiring multiple images in a stop-and-
go movement. As the image acquisition happens while standing still,
distortion effects due to movements can be reduced, at the expense
of an increased acquisition time. Additionally, the challenging lighting
conditions found in natural forests can make the setup of the camera
difficult, which can have effects on the quality of the derived point
cloud as well as on the success of the point cloud creation. In this study
we tried to find a low-cost solution that is very easy to use, without
the need for an informed camera setup. Action cameras such as the
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Fig. 8. Derived DBH from above canopy sensors versus reference DBH measurements using a caliper. DBH derivation from VUX acquisition 8(a), and DBH derivation from miniVUX
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interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table A.5

Point cloud filtering and processing options for ground-based (FARO, Leica BLK360, ZebRevo, and GoPro) and above canopy (VUX and miniVUX)
sensors for all 3 plots. If no further options for the used functions are declared, default options of the functions are used. Stated functions are
implemented in the TreeLS R-Package. Statistical Outlier Removal (SOR) function is implemented in the lidR R-Package. For further explanation
of the used functions, please refer to the function descriptions or to de Conto et al. (2017) for TreeLS and Roussel et al. (2020) for lidR functions.

Filtering

Tree mapping

Stem filtering

Position & DBH extraction

1<Z<3m
Verticality > 0.8
SOR (k = 6, m = 1)

Ground based
Sensors

function: map.eigen.knn
options:
max_curvature=0.1,
max_verticality=10,
max_mean_dist=0.1,
max_d=0.8, min_h=1,
max_h=3

function: stemPoints
options: method =
stm.hough()

function: tlsInventory
options: dh=1.3, dw=1,
dmethod=shapeFit
shape="cylinder’,
algorithm="ransac’, n=20,
n_best=20

Above 1<Z<7m function: map.eigen.knn function: stemPoints function: tlsInventory

canopy Verticality > 0.8 options: options: options: dh=1.3, dw=5,

sensors SOR (k =6, m =1) max_curvature=0.1, method=stm.hough() dmethod=shapeFit,
max_verticality=10, shape="cylinder’,
max_mean_dist=0.3, algorithm="ransac’, n=20,
max_d=0.8, min_h=, n_best=20
max_h=7

Table A.6

Tree detection and DBH extraction performance for plot FPO5 with lower DBH threshold of 7 cm. FDT corresponds to the number of falsely
detected trees, TDR is the tree detection rate and avg. displ. corresponds to the average distance between reference tree position and detected
tree for the plot in question. RMSE and rRMSE corresponds to the absolute and relative (in %) RMSE of the extracted DBH. Tree position and
DBH was extracted using the RANSAC algorithm with cylinder fit as implemented in the TreeLS R package (de Conto et al., 2017). The number

of reference trees for plot FP0O5 is 90.

Sensor # detected # matched FDT TDR avg. displ. DBH

RMSE rRMSE [%]
FARO (TLS) 101 83 18 0.922 0.052 0.016 2.6
Leica BLK360 (TLS) 88 72 16 0.8 0.059 0.024 3.79
ZebRevo (PLS) 77 71 6 0.79 0.063 0.024 3.7
VUX (UAVLS) 96 65 31 0.722 0.26 0.045 8.33
miniVUX (UAVLS) 58 29 29 0.322 0.138 0.071 15.43
GoPro (Photo) 54 41 13 0.456 0.094 0.03 6.88

GoPro cameras, are known for their small form factor and ruggedness,

as well as their good performance under movement. A gimbal can

further improve image quality while acquiring data under movement.

This makes this setup very easy to use and especially cheap to acquire.

To our knowledge, an action camera such as the GoPro camera has
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not been used to extract forest inventory relevant parameters on forest

plots. Due to the image acquisition pattern as well as due to some

patches of very dense understorey vegetation, only a subset of the entire
plot area could be covered (coverage of 68%-85%). Nevertheless, a
tree detection rate of up to 50% could be achieved with only few
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Tree detection and DBH extraction performance for plot FPO7 with lower DBH threshold of 7 cm. FDT corresponds to the number of falsely
detected trees, TDR is the tree detection rate and avg. displ. corresponds to the average distance between reference tree position and detected
tree for the plot in question. RMSE and rRMSE corresponds to the absolute and relative (in %) RMSE of the extracted DBH. Tree position and
DBH was extracted using the RANSAC algorithm with cylinder fit as implemented in the TreeLS R package (de Conto et al., 2017). The number

of reference trees for plot FP07 is 104.

Sensor # detected # matched FDT TDR avg. displ. DBH
RMSE rRMSE [%]

FARO (TLS) 88 64 24 0.615 0.039 0.037 4.51

Leica BLK360 (TLS) 75 53 22 0.51 0.099 0.048 6.25
ZebRevo (PLS) 60 47 13 0.45 0.082 0.038 4.28

VUX (UAVLS) 118 48 70 0.46 0.23 0.074 7.63
miniVUX (UAVLS) 72 9 63 0.086 0.289 0.087 17.19
GoPro (Photo) 39 31 8 0.298 0.136 0.03 3.42

Table A.8

Tree detection and DBH extraction performance for plot FPO8 with lower DBH threshold of 7 cm. FDT corresponds to the number of falsely
detected trees, TDR is the tree detection rate and avg. displ. corresponds to the average distance between reference tree position and detected
tree for the plot in question. RMSE and rRMSE corresponds to the absolute and relative (in %) RMSE of the extracted DBH. Tree position and
DBH was extracted using the RANSAC algorithm with cylinder fit as implemented in the TreeLS R package (de Conto et al., 2017). The number

of reference trees for plot FP08 is 187.

Sensor # detected # matched FDT TDR avg. displ. DBH
RMSE rRMSE [%]
FARO (TLS) 138 112 26 0.6 0.079 0.021 2.45
Leica BLK360 (TLS) 119 95 24 0.51 0.134 0.034 3.64
ZebRevo (PLS) 60 52 8 0.28 0.13 0.038 5.07
VUX (UAVLS) 145 65 80 0.35 0.20 0.065 7.23
miniVUX (UAVLS) 94 20 74 0.107 0.269 0.08 15.51
GoPro (Photo) 92 73 19 0.39 0.106 0.014 1.98
Table A.9

falsely detected trees. In terms of DBH extraction, the GoPro acquisition
actually performed comparably to the high-tech, ground-based LiDAR
systems. For the plots FP07 and FPO08, the relative RMSE was actually
lowest of all analyzed systems. However, this comparison has to be
taken with a grain of salt, as the analyzed trees are not the same, due
to the lower coverage of the plot area. The lower RMSE for the GoPro
acquisitions could also be partially explained through the fact that trees
covered with dense understorey vegetation were also not detected in
the dataset and hence were also not included in the DBH analysis. These
trees could be potentially measured by the LiDAR systems due to their
capability to penetrate through the understorey vegetation.

Even-though the data acquisition for the SfM point cloud data is
easy in theory, it is still quite a challenge to find an appropriate ac-
quisition pattern that assures a successful image alignment for any plot
conditions. Especially very dense understorey can hinder a successful
image alignment. This can be particularly frustrating as the success or
failure to align the images can only be assured once the images were
processed. Therefore, further studies on appropriate image acquisition
patterns for varying plot conditions should be pursued to guide the
image acquisition.

We believe, that terrestrial photogrammetry shows large potential
as an alternative to often more costly LiDAR solutions, if 3D informa-
tion of the lower 5 meters of the canopy are of interest. Further studies
are needed to analyze the robustness of this approach in varying forest
conditions and complexities.

5.1.3. UAV LiDAR devices

The analyzed drone based LiDAR devices showed the lowest TDR
in combination with the highest amount of falsely detected trees and
highest RMSE for the DBH extraction. This is greatly explained by the
observation from above the canopy, resulting in occluded areas in the
lower canopy region (Schneider et al., 2019), which greatly affects the
tree detection and DBH extraction, especially when tree position was
detected at DBH height.

The analysis showed that the season of data acquisition definitely
plays a large role for the acquisition of tree metrics from UAV LiDAR
data. For tree positional information compatible with on ground mea-
surements and DBH extraction, an acquisition under leaf-off conditions
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Absolute distance between detected and reference tree positions. Tree positions
extracted with RANSAC and cylinder fitting with DBH improvement enabled (see
Section 3.1). DBH threshold of 7 cm. Units are in meters.

Average Median Stdev
FARO (TLS) 0.06 0.021 0.132
Leica (TLS) 0.101 0.071 0.136
ZebRevo (PLS) 0.089 0.045 0.156
VUX (UAVLS) 0.229 0.206 0.157
miniVUX (UAVLS) 0.207 0.114 0.233
GoPro (Photo) 0.109 0.064 0.155

is favorable. The acquisition pattern can largely aid the analysis of the
vertical forest structure, as additional observation angles usually tends
to decrease occlusion effects (Kiikenbrink et al., 2017; Schneider et al.,
2019). Additional research should be performed in analyzing additional
flight patterns under varying forest conditions to guide future UAVLS
campaigns for forestry applications.

5.2. Automatic point cloud segmentation

This study does not only highlight differences in the performance
of different sensors, as discussed in the previous Section 5.1, but also
differences between different plots measured with the same instrument.
The three plots analyzed in this study show a gradient in complexity
and amount of understorey vegetation present. Even with the gradient
in canopy complexity, we did not optimize the point cloud filtering
and tree detection approach for the different plots. Results could po-
tentially be improved for individual plots by optimizing the mapping
and filtering parameters to the given plot characteristics (e.g. increasing
verticality threshold as well as neighborhood in which verticality is cal-
culated for areas with denser understory, selecting a slice through the
point clouded located above dense understorey if the canopy structure
allows for such a separation, adapting the tree mapping parameters (see
Table A.5 in the Appendix A) based on a trial and error approach etc.).
This process can be tedious and labor intensive, especially if more plots
should be analyzed. In very complex plots, with varying understorey
vegetation densities, even an adaptation of the mapping and filtering
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parameters within the same plot may be necessary. Currently freely
available tools to map tree positions and extract relevant tree metrics,
such as the TreeLS R-Package (de Conto et al., 2017), often focus on
a specific LIDAR device (TLS or PLS) and are hence also optimized
to work with these sensors. Adapting the tools to work with sensors
delivering point clouds of different resolution or accuracy can be te-
dious, time consuming or sometimes even impossible due to restrictions
imposed by the sensor’s characteristics. This makes a fair comparison
between sensors regarding their tree position and metrics extraction
performance difficult. A sensor agnostic approach would therefore be
of interest, which is also able to handle variations in point cloud quality
due to forest plot variations.

6. Conclusion & outlook

In this study we compared and evaluated multiple ground-based and
above canopy systems for acquiring 3D point clouds. The comparison
was based on the performance to extract NFI relevant tree information
(tree position and DBH) in three forest plots of varying tree and
undergrowth density. For the ground-based systems, two commonly
used TLS systems (FARO Focus 3D and Leica BLK360) and one hand-
held personal laser scanning (PLS) device (GeoSLAM ZebRevo) were
used. Additionally a novel approach using a low-cost action camera
(GoPro Hero8 Black) in conjunction with the structure from motion
(SfM) methodology was tested and evaluated. For the above canopy
vantage point, two UAVLS systems (VUX and miniVUX) were analyzed.
Data acquisitions took place under leaf-on and leaf-off conditions.
Acquisition time for each plot varied depending on the device used
from up to a whole day (TLS), down to 15 min (PLS, GoPro, UAVLS).

Overall, TLS showed the most accurate and robust performance
of the tested devices. The high acquisition costs as well as the labor
intensive scanning approach, when trying to minimize occlusion, make
this device less feasible in a NFI framework. The PLS device has the
advantage of a very fast acquisition time, at the cost of lower resolution
and accuracy in the point cloud. The results of this study showed, that
this does not have a big impact on the performance to detect tree posi-
tion and extract DBH. The tested PLS device (ZebRevo) therefore shows
high potential for the use within a NFI, especially when focusing on
forest metrics of the lower strata (up to 15-20 m above ground). With
the newer generations of PLS devices (e.g. GeoSLAM ZebHorizon), even
a coverage up to the tree top could be possible. Further research on
the optimal acquisition pattern for forest plots of varying complexities
has to be performed in order to come up with a guideline for robust
point cloud acquisitions with these devices. The same goes with the
novel approach to use a simple action camera (GoPro). The GoPro
acquisition showed high potential to acquire accurate tree positions and
DBH information. Tests on more forest plots with varying complexities
should be performed to give a conclusive evaluation on the usability
of this low-cost and easy-to-use approach within a NFI. The analyzed
above canopy LiDAR devices showed the lowest performance in terms
of tree detection and DBH extraction of the analyzed systems. Especially
under leaf-on conditions, occlusion can greatly hinder the assessment
in the lower canopy strata. If detailed assessment of the lower strata is
of relevance we would recommend using UAVLS devices mainly under
leaf-off conditions. The performance could be improved by adapting
the flight and scanning pattern, for which further analysis have to be
performed in order to come up with guidelines on best acquisition
patterns for given conditions.

Overall, even-though TLS still delivers the most accurate and reli-
able results, newer mobile approaches such as handheld laser scanning
devices or terrestrial photogrammetry show potential for an operational
inclusion within the framework of an NFI. Especially their fast data
acquisition, while still delivering accurate NFI relevant metrics (tree
position, DBH), could make such devices a potentially valuable addition
to ongoing national forest inventories.
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A.1. Tree detection workflow
See Table A.5.

A.2. Tree detection and DBH extraction performance per plot
See Tables A.5-A.8.

A.3. Tree displacement
See Table A.9.
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