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Abstract

Diameter atbreast height (DBH) and tree height (TH) are essential parameters for accurately estimating tree volume,
biomass, and other forest metrics. Conventional measurement methods often involve considerable time investment,
which has motivated the development of approaches using 3D point cloud technology. These point clouds can be
generated by terrestrial laser scanning (TLS), handheld mobile laser scanning (HMLS), or smartphone-based
LiDAR. This study aims to determine which factor most significantly affects DBH and TH measurement accuracy.
We evaluated multiple devices —specifically, TLS (FARO Focus S150), two HMLS devices (GeoSLAM ZEB Horizon
and Stonex X120GO), and a smartphone (iPhone 13 PRO MAX), and processed their point clouds using two most
perspective algorithms: FSCT and 3DFin. Data collection spanned forest plots differing in tree species composition
and density: low- and high-density beech plots (Fagus sylvatica L.); high-density spruce plot (Picea abies [L.] H.
Karst.); and high- and low-density mixed plots comprising Abies alba Mill., Acer pseudoplatanus L., Fagus sylvatica
L., Fraxinus excelsior L., and Picea abies [L.] H. Karst. Across all devices and approaches used for DBH estimation,
coefficient determination (R2) ranged from 0.692 to 0.998, RMSE from 1.24 to 6.73 cm, and relative RMSE from
4.30% to 42.7%, and bias from —1.84 to 3.50 cm. For TH estimation, R? ranged from 0.539 to 0.997, RMSE from
0.38t0 3.72 m, relative RMSE from 1.68% to 12.9%, and bias from —1.84 to 1.76 m. The results definitely showed
that the accuracy of DBH estimation is significantly impacted by the device used and plot characteristics playing
a secondary role, whereas TH accuracy depends largely on the selected algorithm. FSCT exhibited notably lower
root mean square error (RMSE) for TH, with an average 1.6 m, compared to 2.4 m for the 3DFin. Across all test
conditions, TLS consistently reached the smallest errors, while HMLS devices produced comparable results, and
smartphone-based LiDAR demonstrated the highest variability.
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for calculating other important characteristics, including
wood volume, biomass, and accumulated carbon (Wang
et al. 2019; Balenovi¢ et al. 2021).

1. Introduction

Information about forest resources is essential for effec-

tive forest management. Diameter at breast height
(DBH) is one of the most important directly measur-
able tree parameters in forest inventory. In contrast,
tree height (TH) of standing trees often requires indi-
rect estimation, although stem length can be measured
directly on felled trees. These parameters are essential

Accurate measurement of DBH is essential in for-
estry, but conventional tools such as diameter tape
or caliper are labour-intensive, time-consuming, and
limited over large areas (Cabo et al. 2018b; Chen et al.
2019; Mokros et al. 2021). Calipers and diameter tapes
are widely regarded as standard field instruments, pro-
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viding high precision (e.g., standard deviation ~0.3 cm
(Luoma et al. 2017)), yet their use becomes inefficient
in dense stands or extensive inventories. Alternative
manual approaches are simple and low-cost but less
accurate and more sensitive to operator error (Binot
et al. 1995). While DBH can be obtained with rela-
tively high accuracy, assessing tree height is inherently
more challenging. Measuring tree height is even more
demanding, as it requires indirect determination of the
distance between the tree base and top, typically by angle
measurements, while stem length can only be directly
obtained on felled trees.

Determining true TH requires identifying the crown
top, whichis difficult in broad-crowned deciduous trees
but easier in conifers. Traditional methods include cli-
nometers and hypsometers, which generally achieve
sub-meter accuracy (Luoma et al. 2017; Martin 2022).
However, geometric techniques such as the tangent or
sine method can introduce bias: the tangent method is
unbiased but variable, while the sine method systemati-
cally underestimates height by up to 20% (Larjavaara
& Muller-Landau 2013). Simple stick or thumb rules are
the least accurate, often with errors exceeding 10-15%
(Saliuetal.2021). Earlier measurements relied on direct
methods, such as poles or destructive sampling, whereas
indirect approachesusing hypsometers, rangefinders, or
total stations estimate height from angles and distances
to visible points. Additionally, remote sensing tech-
niques, such as aerial photogrammetry, Light Detec-
tionand Ranging (LiDAR), or Interferometric Synthetic
Aperture Radar (InSAR), offer effective solutions for
estimating TH without the need for direct or destructive
methods (Krause et al. 2019). UAV-based photogram-
metry has shown sub-meter accuracy in height retrieval,
with reported RMSE below 0.8 m in mixed-species plots
compared to ground measurements.

The rapid development of 3D modelling technolo-
gies hasenabled the creation of highly detailed and accu-
rate models using various laser scanners. Ground-based
LiDAR devices are generally divided into terrestrial
(TLS) and mobile systems (MLS) (Hyyppa et al. 2020).
A separate category is represented by hybrid scanners,
such as the RIEGL VZ-600i), FARO Orbis, or Stonex
X200GO, which combine both stationary and mobile
acquisition modes (VZ-600i Terrestrial Laser Scanning
System, FARO Orbis Mobile Laser Scanner; STONEX
X200GO SLAM Laser Scanner).

TLS produces the highest quality point clouds and
the most accurate DBH estimations, but its use is lim-
ited by high costs, time demands, large datasets, and
challenging terrain, making it more suitable for detailed
monitoring of small areas (Liang et al. 2014; Liang et al.
2018; Kiikenbrink et al. 2022).

Data collection typically relies on two approaches:
single scans, which are fast but prone to occlusion and
missed trees, and multi-scans, which are more time- and
data-intensive but provide a more complete and accu-

rate dataset (Astrup etal. 2014; Liang et al. 2016; Ritter
et al. 2020).

Mobile Laser Scanners (MLS) reduce occlusion
by capturing plots from multiple perspectives while in
motion. They can be handheld (HMLS), worn in back-
packs, or mounted on platforms, and rely on SLAM
(Simultaneous Localization and Mapping) technology
to estimate the device trajectory and register partial point
clouds into a coherent 3D representation of the environ-
ment (Bauwens et al. 2016; Balenovi¢ etal. 2021; Mokro§
et al. 2021). The major advantage of using MLS is the
fast data collection over the entire research plot, with
no need for equipment calibration or the logistical chal-
lenges associated with tripod-based setups or targets
placement (Gollob et al. 2020). Compared to the TLS,
the MLS device is lightweight and easy to carry, which
allows easy movement through the forest (Balenovi¢ et
al. 2021). However, compared to TLS, MLS provides
lower spatial accuracy in point density and positioning,
and its noisier point clouds may lead to false tree detec-
tions, particularly in dense forests (Mokros§ et al. 2021).

Mobile devices with built-in LIDAR, such as iPads
or iPhones, offer a low-cost alternative for point cloud
acquisition, though their range is limited to about 5 m
(Gollob et al. 2021; Mokros et al. 2021). Applications
like 3D Scanner or ForestScanner enable DBH meas-
urements and spatial data collection directly in the field
(Tatsumi et al. 2022). Although less accurate than TLS
or MLS, these devices are more affordable and accessible,
and in some cases can save time compared to traditional
dendrometric methods, depending on accuracy require-
ments and area coverage (Gollob et al. 2021).

Research has therefore shifted to developing algo-
rithms that derive tree metrics from remote sensing
data for practical use. Among them, the Forest Struc-
tural Complexity Tool (FSCT) and 3DFin have been
thoroughly tested, shown to be robust, and are ready for
application. FSCT is a fully automated, sensor-agnostic
open-source Python package capable of processing
point clouds from TLS, MLS, UAV-LiDAR, or photo-
grammetry, though its command-line interface may limit
accessibility (Krisanski et al. 2021). In contrast, 3DFin
is a more user-friendly open-access tool available as
a plugin in CloudCompare and QGIS or as a standalone
program (Laino etal. 2024). Both tools analyse 3D point
clouds to estimate forest structure and parameters such
as DBH, TH, tree position, canopy cover, height variance,
or volume.

The scientific community has taken different
approaches to assessing measurement accuracy at the
stand/tree level. Previous studies have evaluated vari-
ous data sources and methodologies, including different
types of TLS systems and scanning patterns (Liang et al.
2018;Kiikenbrinketal. 2022), MLS approaches (Ryding
et al. 2015; Cabo et al. 2018a; Tupinamba-Simdes et al.
2023), and in-house developed devices (Hyyppa et al.
2020) while also reporting tree detection rates based on
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plot characteristics and the growing season during which
the data were collected (Liang et al. 2018; Kiikenbrink
et al. 2022; Tupinamba-Simdes et al. 2023).

Inrecentyears, the scientific community has increas-
ingly focused on developing systems for automated forest
inventory, from hybrid SLAM solutions such as HCTO
(Lietal.2024) (Optimality-Aware LiDAR Inertial Odom-
etry) or multi-sensor compact helmet-based scanners
for real-time measurement of dendrometric parameters
in the field (Li et al. 2023). Before advanced technolo-
gies can be adopted in routine practice, it is necessary to
address fundamental questions of reliability, accuracy,
and usability of currently available devices, considering
both researchers and forest managers.

Previous studies have provided numerical bench-
marks for the expected accuracy of ground-based laser
scanning methods. In a large international benchmark-
ing, Liang et al. (2018) reported DBH RMSE values
commonly between 1 and 4 cm, with conservative algo-
rithms achieving 1-3 cm and robust algorithms 2—4 cm
across different forest conditions. For tree height, TLS
typically reached errors within 0.5—1.0 m, though canopy
occlusion occasionally increased uncertainty. Similarly,
Kiikenbrink et al. (2022) found that HMLS devices can
achieve DBH accuracy close to TLS, with mean devia-
tions below 2—-3 c¢cm, while tree height errors generally
remained under 1 m in open stands but increased in
denser canopies.

Despite the emphasis on innovative technologies,
a fundamental question still lingers — what are the key
factors that influence the estimation of DBH and TH?

Although numerous studies have reported DBH
measurements using TLS, relatively few have investi-
gated the factorsinfluencing the accuracy and determina-
tion of DBH (Bauwens et al. 2016; Cabo etal. 2018a; Liu
etal. 2018; Kiikenbrink et al. 2022; Guenther et al. 2024).
Despite the separate articles devoted to each topic, there
is no comprehensive article that addresses all the issues.
Therefore, the main objective of this study is to find out
which factor influences the determination of DBH and
TH measurement accuracy the most, whether it is device,
algorithm, or the characteristics of the forest plot.

Regarding TH, the same authors have reported sev-
eral findings that reflect the current state of the art in this
area: Liu et al. (Liu et al. 2018) investigates methods for
using TLS to obtain point cloud cover and estimating
TH and DBH at plot level in areas of difficult terrain.
Kiikenbrink et al. (Kiikenbrink et al. 2022) points out
the limitations of the range of the HMLS device, which
with a maximum range of 30 m, is not able to acquire
top of the canopy. Consistently, Bauwens et al. (2016)
notes that current equipment does not always allow scan-
ning of the top of the canopy layer, which is crucial for
accurate timber and biomass volume estimates. Cabo et
al. (2018a) compares the use of wearable laser systems
(WLS) — backpack or handheld, and terrestrial laser
scanners (TLS) to automatically detect trees and estimate

their DBH and TH. Guentheretal. (Guentheretal. 2024)
reviews recent and cost-effective low-range technologies
that are promising for forestry but do not yet allow TH to
be inferred due to limited range.

Our study focuses on investigating factors that may
influence the accuracy of the estimation of the two most
important tree parameters. Thisis a keyissue for forestry,
and our study aims to provide a comprehensive view of
ground-based remote sensing technologies, specifically
focusing on howwell these methods extract forest param-
eters such as DBH and TH.

This study compares TLS (FARO Focus 3D S150),
MLS devices (Stonex X120GO SLAM and GeoSLAM
ZEB Horizon) and an iPhone 13 PRO MAX which is
equipped with a LiDAR sensor, on plots characterized
by different tree species composition and density. The
two mostrecent and promising algorithms, namely FSCT
and 3DFin, were used to determine DBH and tree TH.

In this study, we aim to conduct a comprehensive
comparison of these devices under varying conditions
in Central European forests, using different algorithms,
to develop a clear and efficient methodology for forest
data collection. To the best of our knowledge, no compre-
hensive study has yet addressed this key question, leaving
both researchers and practitioners without a complete
understanding of this essential aspect of forest ecosystem
analysis.

2. Materials and methods
2.1. Test plots

The study sites are situated within the University Forest
Enterprise of the Technical University in Zvolen, posi-
tioned at the centre of Slovakia, in the Kremnica moun-
tains (Fig. 1).

Five distinct research forest plots, each measuring
30 x 30 meters, were carefully chosen to encompass var-
ied species, age distributions, and densities. The investi-
gation encompassed a total of 396 individual trees. These
plots were specifically categorized as follows: low-den-
sity, mature European beech forest (Fagus sylvatica L.)
(beech old — BO); high-density, young European beech
forest (Fagus sylvatica L.) (beech young — BY); high-
density, young Norway spruce forest (Picea abies [L.] H.
Karst.) (spruce young — SY); high-density, young mixed
forest (mixture young — MY); and low-density, mature
mixed forest (mixture old —MQO). Composition of mixed
forests is mostly Silver fir (Abies alba Mill.), Sycamore
maple (Acer pseudoplatanus L.), European beech, Euro-
pean Asch (Fraxinus excelsior L.) and Norway spruce.
The mean DBH of all trees were 20.01 cm. The largest
average diameter was 28.9 cm in the mixture old plot,
while the smallest average diameter was 16.17 cm at the
Beech young plot (Fig. 2).
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Fig. 1. Position of the research plots within Slovakia. MO — mixture old, MY — mixture young, SY — spruce young, BY — beech
young, BO — beach old. (Sources: Satellite imagery © Google, Maxar Technologies 2024; Orthophoto mosaic © Geodetic and
Cartographic Institute Bratislava, National Forest Centre 2022).
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2.2. Reference data collection

Firstly, each test plot with dimensions 30 x 30 m was
stabilized in field. Itimplies, the corners of the plots were
permanently fixed with ground control points (GCP) —
(survey anchors) and measured using a Stonex GNSS
receiver combined with a Topcon 9000 GNSS total sta-
tion, subsequently these points enabled georeferencing
and enhance spatial orientation during data collection.
The anchors positions were measured using standard
geodetic methods, achieving a positional accuracy of
less than 2 cm. After establishong the plots, all tree posi-
tions were measure by a total station. All data were col-
lected from one total station position in the middle of the
plots, and two corner points were used as orientation
points. The position for the total station was chosen so
that all trees could be seen from one place (it was pos-
siblein most cases). During the position measurements,
individual trees were numbered with spray paint, and
their species were identified. DBH was measured by
diameter tape at 1.3 m height, always from the uphill
side of the tree. Tree positions were defined as the center
of the stem at breast height (DBH). In the field, a single
point was measured on the stem surface using a total
station. During post-processing, the measured distance
was corrected by subtracting the stem radius along the
measured azimuth, ensuring that the resulting coordi-
nates represented the stem center. In cases where trees
were not directly visible due to occlusion, additional
total station setups were established to acquire the
necessary measurements.These meticulously recorded
data served as a reference for comparing the parameters
obtained from the point clouds collected using selected
methods.

For reference TH values, manual measurements were
derived from TLS point clouds. No traditional field meas-
urements of tree height were performed, as TLS provides
highly accurate and objective data, enabling complete
coverage of all trees within the plots (Calders et al. 2015;
Liang et al. 2016; Wilkes et al. 2017; Rouzbeh Kargar et
al.2020; Lietal. 2023). Although this approach relies on
TLS data, it is not intended as a standard procedure due
to its time-consuming nature; rather, it serves as a valid
benchmark, as described in the next section. To extract
reference TH, individual trees were manually segmented
in the open-source software CloudCompare v2.12beta
(http://cloudcompare.org/). After selection, the height
of each tree was measured using the Point Picking tool as
the distance between two points, from the ground level
at the uphill side of the stem base (h = 0) to the tree top
(Wardius & Hein 2024). We ensured that during height
measurement the endpointis always defined as the high-
est point within the crown of the specific tree. This means
that if a lateral branch is the highest point, it is deliber-
ately considered as the tree height.

2.3. Terrestrial laser scanning

In the experiment, we used a FARO Focus S150 laser
scanner for data collection using the multi-scan method.
Before starting the scanning process, reference spheres
were placed within the research plot. During each scan,
12 spheres were evenly distributed, 8 spheres were posi-
tioned outside the plot’s boundary (2 on each side), and
an additional 4 spheres were placed within the plot area.
The arrangement of the spheres and the scanner followed
the configuration depicted in Fig. 3a. With careful adjust-
ment, each position was optimized to maximize visibil-
ity of the spheres from multiple scanner angles. Each
research plot was scanned from 13 distinct positions,
with 5 positions located within the plot and 8 positions
situated around its boundary. The scanning procedure
was initiated from the centre of the research plot, scan-
ning both the interior and the surrounding borders. The
duration of a single scan was approximately 4 minutes
and 25 seconds. And the entire scanning operation, inclu-
sive of sphere placement, scanner positioning, and stabi-
lization, took approximately 2 hours and 20 minutes to 2
hours and 40 minutes, contingent upon the ruggedness of
the terrain and the density of vegetation. At each scanner
position, we ensured optimal visibility of as many spheres
as possible, with a minimum of four spheres positioned
nearby. Furthermore, it was imperative to ensure that the
reference spheres remained undisturbed throughout the
entirety scanning process.

2.4. Mobile laser scanning

In this experiment, we implemented two HMLS devices,
Stonex X120GO SLAM and GeoSLAM ZEB Horizon.
These devices had very similar technical specifications
(Table 1). The most significant difference was that when
using the MLS Stonex X120GO, in addition to the scan-
ner itself, it was necessary to use a mobile Android device
with an application from the manufacturer, GOapp,
which allowed us to monitor the scan progressin real time
and record GCPs, as well as to initialize, start, and stop
the scan. Inaddition, the scanner from Stonexis equipped
with three 5 Megapixels cameras, enabling the production
of colour point clouds. Generating colour point clouds
with the GeoSLAM scanner requires purchasing the ZEB
Vision add-on, whereas the Stonex X120GO SLAM pro-
vides colour point clouds natively, without any extra hard-
ware or software. Another significant difference between
the two devices is their purchase price, which is almost
twice the price of the Stonex device. The Stonex X120GO
can be purchased almost €15 000 cheaper than a device
with similar parameters GeoSLAM Zeb Horizon (approx.
Stonex€35000, GeoSLAM €50 000). The method of data
collection for HMLSs devices was identical. The operator
scanned with the HMLS device carried in their hands,
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starting at the corner of the research plot, and proceeding
parallel to the edge of the plot; the area was scanned in
strips with 10 meters of spacing. The georeferencing of
plots were also done by recording the GCP with known
position to know the local coordinate system (in our case
S-JTSK). The scanning procedure is shown in Fig. 3. We
planned the HMLS data collection according to our previ-
ous research. Entire scanning procedure lasted approxi-
mately 4 minutes for each of the systems (Chud4 et al.
2024; Skladan et al. 2025).

2.5. Data processing

The last device we evaluated in this study is the iPhone
13 PRO MAX, which is equipped with an Apple LiDAR
sensor. We have used a 3D Scanner app application that
generates point clouds in real-time. Compared to other
3D-scanning solutions the 3D Scanner App stands out
because its cost-effectiveness, simplicity and rapid point-
cloud capture and subsequent dendrometric analysis
(3D Scanner App).

The scanning scheme was done in a way to cover each
treeinthe plotsby goingaround the trees starting fromthe

corner of the plots. The scanning trajectory was adjusted
to the maximum range of the iPhone LiDAR scanner,
which is 5 meters. The detailed description of the scan-
ning trajectory is depicted in the (Fig. 3¢). Itisimportant
to observe the proximity of the trees; we considered two
trees as one if they were found to be very close to each
other. Total estimated time recorded for data collection
using iPhone was approximately 5 minutes. A detailed
comparison of specification is shown in (Table 1).

2.6. Data processing

The pre-processing and generation of point cloud was
done using the device-specific software. GeoSLAM HUB
was used to generate point clouds from GeoSLAM while
GOpost was employed for the Stonex system. FARO
Scene software to process point cloud from FARO Focus
which not only allowed us to generate a point cloud but
alsoto merge allthe scans, based on their positions within
the plot, into a single final scan. The integration of the
point clouds into the final scan was achieved using refer-
ence spheres and targets strategically positioned within
and around the plot. To refine the point clouds accord-
ing to the GCP, LASclip function was used in LAStools
(https://rapidlasso.de) program to clip the plots.
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Fig. 3. Data acquisition by each method (A) shows the TLS location positions and the distribution of reference spheres within
the research plot, (B) shows the scan trajectory using both HMLS, and (C) shows the scan trajectory using iPhone.

Table 1. Comparison of selected parameters of used technologies.

Faro Focus S150! GeoSLAM ZEB Horizon? Stonex X120GO? iPhone 13 Pro Max*
Measurement distance range (m) 0.6-150 100 0.5-120 Max. 5
Relative accuracy (mm)* 1 6 6 -
Scanning point frequency (pts/s)** 2000000 300000 320000 -
Weight (kg) 4.2 1.45 1.6 0.24
Acquisition time per plot (min) 140 4 4 5
Total points per plot (approx.) 70,000,000 27,000,000 24,000,000 9,000,000

Notes: 'FARO — Terrestrial Scanner Focus S150 / S350 Plus, n.d.; 2ZEB Horizon: The Ultimate Mobile Mapping Solution, n.d.,*X120GO SLAM Laser Scanner — Stonex,
n.d.,*“iPhone 13 Pro aiPhone 13 Pro Max”, n.d., *referring to the internal precision between points within the dataset, as specified by the manufacturer, ** the number of points

measured per second.
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2.7. Diameter at the Breast Height
and Tree Height estimation

We used two different algorithms to determine the DBH
(nominally 1.3 m above the ground) and TH (measured
as the vertical distance from ground level to the highest
point of the tree) of the trees. FSCT and 3DFin are used
because they combine open-source accessibility, system-
atic validation, and broad adoption across the research.
FSCT is an open-source Python tool developed for auto-
mated extraction of tree parameters from point clouds
(Krisanski et al. 2021). It was implemented using Ana-
condaNavigator 2.4.0 (“Files : Anaconda.org” n.d.). The
software provides DBH, TH, and tree volume estimates.
DBH is calculated as the average diameter of cylinder
segments between 1.0 and 1.6 m above the digital terrain
model (DTM), while TH is derived by combining trunk
cylinder segments with vegetation points and selecting

the highest point. During stem segmentation, parameter
values were adjusted to accommodate complex forest
point clouds. Horizontal slicing was set to 0.15 m to bal-
ance capturing stem geometry with noise reduction, and
afinevertical shift of 0.05 m improved cylinder continuity
at the cost of higher computational load. Stem sorting
ensured consistent assignment of segments to individual
trees. Tree height was derived from the maximum veg-
etation point (percentile = 100), with a 5 m minimum
stem detection threshold applied to avoid misclassifying
branches or deadwood. Taper analysis measured stem
diameters up to 30 m height at 0.2 m intervals, using
+0.2 m slices; the largest fitted cylinder was retained to
minimize noise and irregularities. This approach pro-
vides a robust taper curve, particularly in stands with
well-defined central stems (Krisanski et al. 2021).
3DFinis a graphical tool implemented as a plugin in
CloudCompare for tree detection and parameter estima-
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Fig. 4. Examples of the point clouds from all devices in the side view (black), 3 cm trunk cross-sections at 1.3 m height above the

ground (blue), and tree cross-section detail (red).
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tion from ground-based point clouds. It computes DBH
using circle fitting through least-squares minimization,
while TH is estimated from normalized point clouds by
selecting the highest voxel within a defined radius around
the tree axis (Laino et al. 2024). The configuration used
for stem detection and measurement in 3DFin was point
clouds acquired in structurally complex forest stands.
The point cloud was normalized to the ground surface
prior to segmentation, ensuring that height-based fil-
tering and sectioning would operate on vertically con-
sistent data. The algorithm focused on the height stripe
between 0.7 mand 3.5 m above ground, whichis typically
where the stem is least occluded and vertically consist-
ent. A moderate pruning intensity of 2 (scale 0—5) was
applied to reduce noise and non-stem points within the
stripe. The cloth resolution for DTM generation was set
to 0.2 m, balancing terrain detail with smoothing over
fine-scale surface variation.

To guide stem detection, the algorithm was config-
ured with a minimum expected diameter of 0.09 m and
a maximum expected diameter of 1.0 m. A stem search
diameter of 2.0 m was applied to determine the neigh-
bourhood extent considered during cylinder fitting. Cir-
cular sectionswere fitted from 0.3 mto 30.0 m above the
ground, with avertical spacing of 0.2 m between sections
and aslice thickness of 0.05 m. These values allow a fine-
grained taper profile to be computed, while remaining
computationally efficient. A minimum of 80 points was
required per section for reliable diameter estimation, and
quality control criteria ensured at least 9 of 16 angular
sectors within the circular slice were populated. The
DBH was estimated by fitting circles to sections located
within the stripe zone, using 200 points per circle and
a drawing interval of 0.01 m. The algorithm placed the
stem axis by evaluating vertical consistency across voxels
sized 0.035 m x 0.035 mand associating pointsbased on
proximity to this axis within a 15 m search range. Tree
height was computed using a voxel-based approach
with a vertical resolution of 0.3 m, considering points
associated with each individual stem. A maximum ver-
tical deviation of 25° from the main axis was allowed
to accommodate leaning trees. The final height metric
corresponds to the topmost point assigned to the stem
instance, provided that axis continuity and diameter
constraints were met.

2.8. Data evaluation and statistics

Estimated DBH and TH values from the FSCT and
3DFin tools were compared with field data obtained
using a diameter tape. The pairing was performed man-
ually in QGIS for Desktop (QGIS Development Team,
2024, QGIS Geographic Information System, Version
3.16 [Software], Open-Source Geospatial Foundation,
QGIS Web Site). Once all pairs were identified, estima-
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tion errors (EST,,) were calculated by subtracting the
estimated values (V) from the reference measurements
(V) (equation 1).

ESTerr: Vest - ‘/ref [1]

where EST,,,isacalculated error of estimated values, V,,
isestimated value from point cloud via FSCT and 3DFin,
V,;is measured value in the field.

Data processing, organization, and statistical analy-
ses were conducted using RStudio (Version 2023.12.1
Build 402). To evaluate the accuracy of DBH and TH
estimation from LiDAR-based methods, we employed
a multi-step statistical analysis approach. First, we cal-
culated root mean square error (RMSE) (equation 2)
and the coefficient of determination (R?) (equation 3)
to quantify the correlation and deviation between esti-
mated and measured DBH and TH values across dif-
ferent devices, algorithms, and plots. These descriptive
statistics provided an initial overview of estimation per-

formance.

RMSE = W [2]

Yiet (=J)’
Z?=1 (yi_)?i)z

wherey, represent measured value, y, represent estimated
value, yisthe average of the observed values and nis num-
ber of trees in dataset.

To assess whether differences between estimated and
reference DBH and TH values were statistically signifi-
cant, we used paired t-tests for each device, plot and algo-
rithm combination. This allowed identification of over-
or underestimation trends in specific forest conditions.
Athree-way ANOVAwas then conducted to examine the
effects of Device, Plot, and Algorithm on DBH and TH
estimation error. Post-hoc comparisons were performed
using Tukey’s HSD test to identify statistically significant
differences between specific device combinations. To
further explore interaction effects between Plot, Device,
and Algorithm, we computed Estimated Marginal Means
(EMMs) based on a full-factorial ANOVA model. The
EMMs were derived using the emmeans package in R to
obtain adjusted mean error values for each combination
of factors (i.e. Plot x Device x Algorithm). This approach
allowed us to interpret group means while accounting for
the influence of other factors in the model. This EMM
based analysis complements the ANOVA by providing
clear, interpretable comparisons of adjusted error values,
especially useful for identifying device-specific perfor-
mance differences across stand types and algorithmic
approaches. To evaluate whether estimation accuracy
is influenced by the size of DBH, we analyzed the rela-
tionship between measurement error and reference DBH
using linear regression. To account for potential differ-
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ences among measurement devices, we extended the
model by including Device as a fixed effect and tested
forinteractions between reference DBH and Device. This
allowed us to determine whether the slope of the error—
DBH relationship differed among devices, i.e. whether
some devices showed stronger size-related biases than
others. Model assumptions were checked using residual
diagnostics, and model fit was evaluated using R>.

3. Results

3.1. Diameter at the breast height

Across all plots, there is a strong linear relationship
between estimated and reference DBHs (see Appendix
A1). The TLS achieved the highest correlation between
measured and estimated data across all plots and meth-
ods. In general, the lowest corelation was achieved by
theiPhone LiDAR. The highest correlation was obtained
for TLS in old beech plots by the 3DFin algorithm
(R?=0.992) accompanied by a low residual standard
error (RSE) 1.4 cm, and a relative RSE of only 5.1%.
3DFin — TLS combinations generally underestimated
DBH values slightly, as reflected in negative mean residu-
als (e.g.,—0.8 cminold beech plot and—0.2 cm in mixture
young plot) (Appendix A2).

On the contrary, the lowest correlation is observed
for the iPhone LiDAR in young beech stands and data
processed by the 3DFin algorithm (R?= 0.692) with
a substantially higher RSE of 5.6 cm (35.6% relative
RSE). Both, HMLS GeoSLAM, and Stonex achieved
very similar correlation values.

Theresults indicate that the largest errors occur in areas
covered by small trees, particularly inyoung stands (BY,
SY, MY) which are significantly overestimated, espe-
cially by the iPhone (e.g., bias 3.5 cm in young beech
plot).

Interms of correlation, the 3DFin algorithm generally

achieved higher coefficient of determination (R?=0.948)
comparedto FSCT (R?=0.929). Regarding DBH RMSE,
TLS consistently provided the lowest errors, while
iPhone-based estimates consistently showed the highest
errors (see Fig. 5). More specifically, TLS achieved the
highest RMSE of 1.2 cm in the old beech plot, whereas
iPhone reached peak RMSE of 6.7 cm in the DBH dataset
estimated from the young beech plot. HMLS consistently
demonstrated significant errors throughout the experi-
ment. The largest errors, influenced by plot charac-
teristics, occurred in young stands with thinner trees.
Overall, the highest DBH RMSE occurred in the data
gained in young spruce, while the lowest DBH RMSE
was observed in old beech plots. Regarding the impact
of the algorithm on DBH RMSE, the 3DFin performed
better with an average error of 2.6 cm compared to 2.8 cm
for FSCT.
The TLS point cloud processed with 3DFin showed no
statistically significant difference between measured
and estimated DBHs in any research plot. In contrast,
the FSCT algorithm resulted in a statistically significant
underestimation of DBH in the SY and MY plots. Both
HMLS devices achieved similar RMSE values, with
Stonex slightly overestimating DBH and GeoSLAM
underestimating it. The iPhone exhibited the highest
RMSE, with statistically significant differences between
measured and estimated DBHs across all plots, except
for the MO forest.

Device [ TLS M Stonex [l GeoSLAM M iPhone

3DFin FSCT
8
67

5]
3
2,
% 4 37 !
= s . 32 33 -
1 2828 57

26 23 2524 2528 5425
2 18 18 =
16 : -
13 12 . 15
0
BY BO SY MY MO BY BO SY MY MO

Plot

Fig. 5. Root mean square error for diameter at breast height. Bar plots show RMSE: Upper 3DFin based, lower FSCT based (BY
—beech young, BO —beech old, SY — spruce young, MY — mixture young, MO — mixture old).

11



J. Vybostok et al. / Cent. Eur. For. J. 72 (2026) 3-26

ANOVA resultsindicate that the device used for data col-
lection has the greatest influence on DBH estimation (see
Table 2). Although the plot also has a significant effect,
itsinfluence is lower than that of the device, and the algo-
rithm does not have a statistically significant impact on
the final DBH estimation.

Tukey’s HSD test, performed as a post-hoc analysis
following a 3-factor ANOVA (with factors Plot, Device,
and Algorithm), revealed statistically significant differ-
ences in mean error values between devices. Specifically,
theiPhoneversus GeoSLAM comparison showed a mean
difference of 2.9 cm (p-value =<0.0001), indicating that
the iPhone produces significantly larger errors than Geo-
SLAM. The Stonex versus GeoSLAM comparisonyielded
a mean difference of 2.0 cm (p-value = <0.0001), with
Stonex showing higher errors, while the TLS versus Geo-
SLAM comparison resulted in a mean difference of 0.5 cm
(p-value =<0.001), indicating a statistically significant
but smaller difference. Overall, TLS is clearly the most
reliable device for both algorithms, and the iPhone shows
the highest error rate, particularly in more complex stands
(BY, SY, MO). GeoSLAM and Stonex represent suitable
compromises that, while not always achieving the accu-
racy of TLS, offer significant time savings.

The analysis of estimated marginal means (Fig. 6)
reveals statistically significant differences in diameter at
breast height (DBH) estimates across the device types,

depending on site and algorithm used. For TLS, errors
were generally close to zero across most forest types,
indicating no statistically significant bias when using
the 3DFin algorithm. However, statistically significant
differences (p <0.05 or lower) were observed for the SY
and MY forest types when using the FSCT algorithm. In
contrast, DBH estimation using the iPhone (3DFin algo-
rithm) resulted in the largest overestimations, particu-
larly for BY (+3.26 cm) and MY (+2.18 cm), suggesting
a systematic tendency toward overestimation with this
device. Conversely, GeoSLAM (3DFin and FSCT algo-
rithms) exhibited a consistent pattern of underestima-
tion, with the most pronounced negative errors observed
for MO (-1.84 cm) and SY (-1.73 cm). The magnitude
of DBH measurement errors varied across different tree
stands, with the SY and MO forest types exhibiting the
largest deviations across most device and algorithm com-
binations. In contrast, BO and MY forest types displayed
smaller errors across multiple measurement algorithms,
indicating that these stands provided more favourable
conditions for accurate DBH estimation.

The error distribution analysis (Appendix A3) high-
lights the fact that the accuracy of the DBH estimation is
affected not only by the software used, but also by the spe-
cificequipment and stand structure. FSCT appears more
stable overall, with fewer outliers, while 3DFin shows
more variance, especially for the iPhone. TLS has mostly

Table 2. Analysis of variance results for diameter at breast height. The table presents degrees of freedom (Df), sum of squares
(Sum Sq), mean square (Mean Sq), F-value, and associated p-value for the tested effects.

DBH

Df Sum Sq Mean Sq Fvalue p-value

Device 3 4,036 1,245.2 177.579 <2e-16 ***
Plot 4 164 40.9 5.404 0.000247 ***
Algorithm 1 5 5.0 0.656 0.417875
Residuals 3,013 22,825 7.6

Significant Codes 0 0.001 “***’ 0.01 “** 0.05*’ 0.1

Estimated Marginal Means and Statistical Significance
3DFin FSCT

Adjusted Mean Error [cm]

Fkk KER hid

Plot

O BY
® BO
W sy
MY
A MO

TLS Stonex GeoSLAM iPhone

Device

TLS Stonex GeoSLAM iPhons

Fig. 6. Estimated Marginal Means of diameter at breast height according to each device used, and different sites and algorithm.
Significant differences between estimated and reference DBH, according to each device used, different sites and algorithm, are

indicated as follows: 0.001 “***’ /(.01 “**’ (.05 ‘*’.
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smaller error variance, but sometimes larger extremes
appear. Stonex and GeoSLAM perform equal, whereas
iPhone showing the largest fluctuations. The effect of
age is especially evident in the younger stands (BY, SY,
MY), where, on average, exhibit slightly higher mean
errors across devices and approaches. However, the
older stands (BO, MO) tend to show more pronounced
differencesin specific cases (e.g., BO—GeoSLAM, 3Dfin;
MO —iPhone, 3DFin/FSCT).

To evaluate whether estimation accuracy was influ-
enced by tree size, we analyzed the relationship between
measurement errors and reference DBH (see Table 3).
The analysis revealed that estimation error was influ-
enced by tree size. Across all devices, error decreased
withincreasing DBH (B=-0.060, p<0.001), indicating
that smaller stems tended to be overestimated, whereas
larger stems were measured more accurately. However,
the error—DBH relationship varied among devices. For
the iPhone, errors declined more sharply with increas-
ing DBH (B=-0.026, p=0.015), suggesting a stronger
overestimation bias in smaller stems. The Stonex device
showed a positive bias, but its size-related trend was no
significant (p = 0.821). In contrast, TLS measurements
did not show a significant overall bias (p = 0.582), but
the interaction term was positive (3 =0.031, p=0.004),
resulting in a shallower negative slope (-0.029). This
indicates that TLS performed well for smaller stems but
tended to slightly underestimate larger stems. Overall,
the extended model explained 22% of the variance in esti-
mation error (R?=0.219), a marked improvement over
the model with DBH alone (R?=0.062).

3.2. Tree height

For TH assessment, SY trees show the lowest RMSE,
indicating the highestaccuracy of TH measurements. The
lowest RMSE was achieved with TLS (1.73 m), followed
by GeoSLAM (2.00 m) and Stonex (2.21 m) and iPhone
LiDAR was not viable. Trees in YM plot show a medium
level of TH accuracy. Trees in OM stands reached simi-
lar RMSE across the devices. They are most accurate
for TLS (2.49 m), while GeoSLAM (2.84 m) and Stonex
(3.11 m) aresslightlyworse. Old beech stands reached the

highest RMSE in all categories, especially when Stonex
with 3DFin software (6.38 m) is used. The TH accuracy
improves whenusing GeoSLAM (5.67 m) and isbest with
TLS (4.89 m). When BY plot is considering, RMSE is
lower compared to BO plot. The best accuracyis achieved
with TLS (3.57 m), while Stonex (4.44 m) and GeoSLAM
(3.79 m) are slightly less accurate.

We conclude that, from an algorithmic perspective,
3DFin exhibits higher errors than FSCT (Fig. 7). HMLSs
devices produce approximately the same errors, while
TLS achieves the smallest error in all cases. FSCT gen-
erally achieves lower TH RMSE values, thus achieving
more accurate results compared to 3DFin. For instance,
in the young stand MY, FSCT achieved lower RMSEs
compared to 3DFin: 1.19 m vs. 2.22 m (GeoSLAM),
1.34 m vs. 2.18 m (Stonex), and 0.54 m vs. 1.23 m
(TLS). Similarly, in the mature stand MO, FSCT also
resulted in substantially reduced RMSEs: 1.35 m vs.
2.14 m (GeoSLAM), 1.40 m vs. 2.47 m (Stonex), and
1.03 mvs. 1.50 m (TLS).The Fig. 7 confirms that the
choice of algorithm (3DFin vs. FSCT) can significantly
affect the resulting measurement error, with FSCT more
often achieving lower TH RMSE values. Thereisno clear
best system in terms of equipment; accuracy depends
on the nature of the stand and the specific algorithm.
When grouped by stand age, younger stands (BY, SY,
MY) exhibited slightly lower mean errors compared to
older stands (BO, MO). The average TH RMSE across
all devices and algorithms for young stands was 1.57 m,
while older stands averaged 2.14 m.

Tukey’s HSD test was used as a post-hoc analysis
after performing a 3-factor ANOVA (with the factors
Plot, Device and Algorithm). For TH there are significant
differences between spruce and beech. Other tree species
comparisons are not statistically significant. There were
no significant differences in mean errors between Stonex,
GeoSLAM and TLS. A statistically significant difference
was found between the FSCT and 3DFin algorithms, soft-
ware has the biggest impact on TH errors, which shows
the importance of proper data processing. In the case of
the TH assessment, the iPhone was not considered, due
to the low range of the LiDAR sensors, which prevents
the derivation of TH (Table 4).

The results highlight differences in the estimated
marginal TH means across the three device types (Geo-

Table 3. Linear regression of estimation error on reference diameter at breast height with device interactions.

Estimate Std. Error tvalue pvalue
Intercept 0.175 0.186 0.94 0.347
Reference DBH -0.06 0.008 -7.89 <0.001***
Device: iPhone 3.481 0.266 13.09 <0.001***
Device: Stonex 2.015 0.263 7.67 <0.001***
Device: TLS -0.145 0.263 -0.55 0.582
Reference DBH x iPhone -0.026 0.011 -2.43 0.015*%
Reference DBH x Stonex -0.002 0.011 -0.23 0.821
Reference DBH x TLS 0.031 0.011 2.87 0.004**

Notes: Significant Codes 0 0.001 “**** (.01 “***0.05 “** 0.1 ‘" Model fit: R?=0.219, p<0.001.
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Fig. 7. Root mean square error for tree height. Bar plots show RMSE: Left 3DFin based, right FSCT based (BY — beech young,
BO —Dbeech old, SY — spruce young, MY — mixture young, MO — mixture old).

SLAM, Stonex, and TLS), analysed for two types of anal-
yses (3DFin and FSCT) (Fig. 8). 3DFin has larger error
ranges (+3.5m) compared to FSCT (+1.5 m), indicating
that FSCT is the more accurate algorithm. The TLS using
FSCT algorithm demonstrated the most precise measure-
ments, as it consistently exhibited the lowest deviations
from the reference tree heights. The smallest absolute
errors (not statistically significant) were observed for
SY and MY using FSCT algorithm, suggesting that this
combinationyielded the most reliable results. In contrast,
GeoSLAM and Stonex with 3DFin algorithm produced
systematically larger negative errors, indicating a gen-
eralunderestimation of tree height. Among these, Stonex
(3DFin) for BO and BY had the largest errors (—3.0 m
and —2.7 m, respectively).

Errordistribution analysis shows that FSCT generally
achieves smaller error and more stable results than 3DFin
for tree height (Appendix A4). The differences between
devices (TLS, Stonex, GeoSLAM) are often smaller than
the difference caused by the software itself, although we
see a larger error variance for TLS in some stands with

3DFin. Forolder stands (BO, MO) the number of outliers
increases, indicating the influence of more complex tree
structure on height estimation. Overall, this shows that
the choice of algorithm (FSCTvs. 3DFin) plays akeyrole
in TH estimation and that FSCT shows greater accuracy
and less error variance.

4, Discussion
4.1. Influence of the device

The results of the analysis of variance showed that the
most significant factor influencing DBH is the device. In
general, the results show that the most accurate device for
DBH estimation is TLS. This finding is consistent with
the claims of several authors (Liang et al. 2018; Mokro§
etal.2021; Staletal. 2021; Kiikenbrink et al. 2022). There
are several studies on the use of the Faro scanner in for-
estenvironments. Bauwensetal. (2016) achieved RMSE

Table 4. Analysis of variance results for tree height. The table presents degrees of freedom (Df), sum of squares (Sum Sq), mean
square (Mean Sq), F-value, and associated p-value for the tested effects.

TH Df Sum Sq Mean Sq Fvalue p-value
Device 2 20 10.23 4461 0.232870
Plot 4 90 22.53 3.216 0.012560  *
Tree 1 90 89.87 12.827 0.000369 ***
Software 1 149 149.19 21.293 4.8e-06 ***
Residuals 615 4309 7.01

Significant Codes 0.007 “***’ 0.01 “**’ 0.05*’ 0.1¢
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3.73 cm or Kiikenbrink et al. (2022) achieved RMSE
1.6 cm. In case of this study (Fig. 5.), the RMSE reached
therange from 1.2 cm (BO; 3DFin) to 2.7 cm (SY; FSCT).

When considering TH, the most significant factor
influencing it is the algorithm. The results subsequently
showed the influence of the tree species. The impact of
the device on the accuracy of TH derivation has not been
proven. The most accurate device for TH estimation is
TLS (Caboetal. 2018a). Several studies using TLS point
clouds for TH estimation have compared TLS-derived
values with field measurements. For example, one study
(Wang et al. 2019) reported an overall RMSE of 1.68 m
in easy plots and 2.11 m in difficult plots, while another
(Liu et al. 2018) found an average TH RMSE of 0.95 m.
Inour study (Fig. 6), the RMSE ranged from 0.42 m (SY,
FSCT) to 6.38 m (BO, 3Dfin).

Among the tested devices, TLS provided the highest
accuracy but required substantially more effort and cost.
In our experiment, data collection from 13 TLS positions
on a 30 x 30 m plot took about 2.5 hours, compared to
just 4 minutes with HMLS. TLS devices are expensive,
demand considerable post-processing time, and require
skilled operators, as errors in acquisition can strongly
affect point cloud quality. Despite its robustness and
accuracy, the high costs and labour-intensive scanning
limit the feasibility of TLS for national forest invento-
ries (Kiikenbrink et al. 2022). The second most accurate
device for DBH estimation was HMLS. In this study, we
tested two HMLS that differ mainly in their price. Device
prices were obtained from local Slovak distributors for
educational institutions. Despite large price differences,
the devices showed comparable performance, with no
statistically significant differences in DBH estimates. In
HMLS the trajectoryused for data collectionis veryimpor-
tant (Mokros et al. 2021). In this study we have used the
trajectory that has been shown to be the best in previous
studies (Chuda et al. 2024). Although no one has tested

the accuracy of the HMLS Stonex X102GO in a forest
environment, there are several studies on the HMLS Zeb
Horizon. For example, reference (Tupinamba-Simdes
etal.2023) reported RMSE 1.9 cm (Pinus pinaster Aiton)
to 3.7 cm (Quercus pyrenaica Willd.), while (Mokro$ et al.
2021) demonstrated that Zeb Horizon achieved an RMSE
of 6.3 cm across plots with varying density. In our study
(Fig. 5), the RMSE for Stonex ranged from 1.5 cm (BO;
FSCT) t0o3.9cm (SY; FSCT), and for GeoSLAM it ranged
from 1.8 cm (BO; FSCT) to 4.3 cm (SY; FSCT).

The points dispersion was clearly higher in point
clouds from HMLSs (Appendix AS). This mainly influ-
enced DBH estimation, while TH was only secondarily
affected, with the algorithm having a stronger impact.
Although there are often TH underestimation caused by
ground-based laser scanning systems, e.g., TLS or WLS
encompassing HMLSs (Cabo et al. 2018a; Liang et al.
2018) the effect of the device on the determination of TH
has been shown to be insignificant.

Clearly, the lowest accuracy in DBH estimation was
achieved with the iPhone, which exhibited the highest
erroracrossall research plots RMSE has achieved arange
from 2.732 cm (BY; FSCT) to 6.726 cm (BY; 3DFin).
This is consistent with the authors’ claims DBH RMSE
3.14 cm in (MokroS et al. 2021). Some studies report
better results, such as an DBH RMSE of 0.963 cm for
the iPhone and 0.961 cm for the iPad using the ForestS-
canner app (Tatsumietal. 2022). However, these results
may be attributed to more favourable conditions, as the
study was conducted in a plot with almost no understory
vegetation. Results comparable to this study were also
achieved by study (McGlade et al. 2023), which reported
an RMSE 3.13 cmfor continuous capture of native wood-
lands using Apple iPad Pro 2020. Additionally, one limi-
tation of these devices is their limited scanning range.

The main advantage of the iPhone LiDAR is its speed
and affordability. Its key limitation is the 5 m range,
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which restricts scanning to tree trunks and prevents TH
estimation by excluding crowns (MokroS et al. 2021).
As the studied stands exceeded this range, the device’s
impact on TH determination could not be assessed.

Overall, it is essential for anyone wishing to acquire
data using LIDAR-based methods to first determine the
required level of accuracy they need and the financial
resources they are willing to allocate. In today’s world of
advanced technology, HMLS like GeoSLAM or Stonex
are sufficient for routine forest ecosystem monitoring
and forestry planning. However, for more detailed analy-
ses, such as measuring tree growth or using quantita-
tive structure models to estimate above-ground biomass
(Calders et al. 2015), from ground based methods TLS
is necessary. Conversely, if the priority is quick, simple,
and efficient forest monitoring with minimal data usage,
the iPhone LiDAR is a suitable alternative. Despite its
limited range, it remains well-suited for a wide variety
of tasks.

4.2. Influence of the plot

The second most important factor affecting DBH esti-
mation was the plot, influenced by tree species and stem
thickness. The largest RMSE occurred in young, thin
spruces, whose low branches distorted DBH measure-
ments (Appendix A6). Errors occurred mainly at 1.3 m
height, as confirmed by checking cross-sections with the
highest RMSE, where branches or neighbouring stems
interfered with measurements.

In this study, DBH RMSE ranged from 1.2 cm (SY;
TLS) to 1.9 cm (MO; TLS) for 3DFin, and from 1.2 cm
(BO; TLS) to 2.7 cm (SY; TLS) for FSCT (Fig. 6). Simi-
lar values were reported by (Mokros et al. 2021), who
achieved an RMSE of 1.5 cm with the Faro Focus S70,
and by (Kiikenbrink et al. 2022), who found an RMSE of
1.6 cm for TLS in temperate forests. Liang et al. (2018)
also confirmed that plot conditions strongly influence
DBH accuracy, with higher RMSE in more complex
stands. Our results are therefore consistent with previ-
ous findings. In older stands, HMLS can provide reliable
DBH estimates where branches are absent due to closed
canopies, while iPhone LiDAR may also achieve suffi-
ciently low RMSE for some applications. By contrast, in
younger stands its limited range complicates data collec-
tion and increases error rates.

Tukey’s HSD test showed statistically significant dif-
ferences in TH errors between SY and BO (mean differ-
ence0.93,CI10.01-1.84,p=0.047) and between SY and
BY (mean difference 1.03,CI10.11-1.95,p=0.019), with
SY exhibiting more errors in both cases. Other compari-
sons (e.g., MY vs. MO, BY vs. BO) were not significant
(p > 0.05). These results indicate that age and species
affect TH errors, with young conifers differing signifi-
cantly from deciduous groups.

16

Our analysis demonstrated that DBH estimation error
was indeed influenced by tree size, but the magnitude
and direction of this effect differed among devices. In
general, smaller stems were more prone to overestima-
tion, whereas accuracy improved with increasing DBH.
This pattern was particularly pronounced for the iPhone,
which exhibited strong overestimation in small stems
that diminished as stem diameter increased. Stonex also
showed systematic overestimation, but its size-related
trend did not significantly differ from GeoSLAM, indicat-
ing that its errors were more uniform across tree sizes.
TLS, in contrast, was nearly unbiased for smaller stems
but exhibited a shallower error decline, leading to slight
underestimation of larger trees. When evaluating the fac-
tors affecting measurement accuracy, it is also impor-
tant to consider additional sources of error. Understory
vegetation is a well-known source of error in tree height
estimation, as it can occlude treetops and complicate
the detection of the highest crown point (Liang et al.
2018). In the present study, this factor was excluded by
selecting plots without significant understory, since the
primary objective was to assess different influencing fac-
tors. Nevertheless, we acknowledge that in operational
settings understory can substantially influence measure-
ment accuracy, and its effect will be explicitly addressed
in future research phases.

Building on this, practical recommendations can be
made for monitoring strategies in different stand types.
For detailed monitoring of the young stands, it is recom-
mended to use more accurate technologies, ideally TLS
with FSCT, but assuming that results with lower accuracy
are sufficient, HMLS can be effectively used, provided
that scanning paths and angles are planned to capture
the canopy tops, which is often feasible in young, lower-
height stands.

4.3. Influence of the algorithm

Our results show that the choice of software (FSCT or
3DFin) had no significant effect on DBH error, as sup-
ported by the large p-value. Similarly, the international
TLS benchmarking study (Liang et al. 2018), tested four-
teen algorithms that differed in design, workflow, and
parameter settings, yet all were highly automated and
produced comparable outcomes. The algorithms differed
in development methods, data structure, and parameter
settings, yet all were highly automated. Reported RMSE
values ranged from 2—4 cm for robust algorithms and
1-3 cm for conservative ones. Although algorithm type
was not directly tested here, many approaches produced
stable RMSE across plot conditions (easy, medium, dif-
ficult), which our ANOVA confirmed (Table 2). For
example, DBH RMSE at difficult plots exceeded 3 cm
for the TUDelft and RILOG algorithms (Liang et al.
2018). Conversely, the FGI and TreeMetrics algorithms
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consistently maintained RMSE below 1 cm throughout
the entire experiment (Liang et al. 2018). In contrast,
FSCT and 3Dfin are relatively new algorithms, but they
are faster than other algorithms and consistently give
good results with unchanged parameters. In case of this
study across the five various plot conditions and four dif-
ferent devices, the RMSE was 2.63 cm for 3DFin and
2.83 cm for FSCT, and a significant impact on the size
of the error is due to stands with complicated structure.

Unlike DBH, TH estimation was strongly affected by
the choice of software (FSCT or 3DFin), confirming that
the derivation algorithm has the largest impact on TH
errors. Improving TH accuracy therefore requires care-
ful software selection and consideration of species- and
plot-specific differences. As it was mentioned before, to
calculate the TH, FSCT integrates the measurements
of the cylindrical segments representing the trunk with
the vegetation points associated with each tree and the
highest point from these combined data is then chosen
asthe TH (Krisanskietal. 2021), whichis proving tobe a
more efficient approach. 3Dfin collects points around the
calculated trunk axis, subsequently voxelizes the cloud,
clusters the voxels, sorts and removes small clusters —
noise. Voxels further than a certain threshold from the
tree axis are discarded and then the normalized Z value
of the highest remaining voxel is used as TH (Laino et al.
2024). We assume FSCT manages canopy noise more
effectively due to its method of TH determination, while
3DFin is less accurate when parameters are predefined.
A second issue was that 3DFin sometimes assigned the
TH of a taller neighboring tree to the target. The results
indicate that FSCT outperforms 3DFin on the metric
under study.

As already pointed out in the previous sections of
this paper, there are significant differences in the DBH
estimation approach between FSCT and 3DFin. FSCT
uses the lowest diameter of the tree to find the DBH and
vertically projects it onto the DTM. This assumes that
although occlusion is common in point clouds from the
forest environment, it is a safe assumption that the tree
is connected to the ground and at the same time its base
isapproximately straight downwards. The DBH —nomi-
nally 1.3 m above the ground — in FSCT is calculated by
taking the mean diameter and X, Y position of all cylin-
der measurements between 1.0 m and 1.6 m above the
DTM on a pertree basis. This means that even if the lower
section of the tree is missing, FSCT will use higher up
cylinder measurements, which have been projected to
the ground, as the DBH measurement (Krisanski et al.
2021). In contrast the computation of DBH in 3DFin is
based on circle fitting to the identified stem through least-
squares minimization. To identify the stems, the limbing
algorithm is applied to every tree to remove branches,
the whole stems are identified along tree axes and finally
optimal circle algorithmisused to extract DBHsat 1.3 m
(Laino et al. 2024). From a practical perspective, errors

in DBH are more critical for volume and biomass estima-
tion than errors in tree height, because volume calcula-
tions depend on DBH squared or cubed, amplifying any
measurement inaccuracies. Therefore, precise DBH esti-
mation is essential for accurate forest inventory results
(Avery & Burkhart 2015).

With unchanged parameters, 3DFin applies optimal
circle fitting, which appears more effective than the cyl-
inder fitting used by FSCT. Its main advantage, however,
is processing speed: while FSCT required about 7 hours
per plot, 3DFin processed the same data in only 10 min-
utes. 3DFin is also easier to use, being integrated into
CloudCompare, whereas FSCT runs as a Python script
and requires programming skills, which may limit its
practical adoption.

The choice of tool ultimately lies with the user. In
our case, 3DFin provided better results and was signifi-
cantly faster than FSCT, as it is directly integrated into
CloudCompare, making it easier to use. However, 3DFin
does not offer as wide a range of calculations as FSCT.
In contrast to 3DFin, FSCT offers a number of outputs
that canbe exported separately to the source directory for
example cleaned segmented point cloud created during
the post-processing step, digital terrain model in point
form, vegetation points, ground vegetation points, stem
points, stem points assigned by tree ID, a point cloud text
visualisation and many other outputs. For forest man-
agement planning, 3DFin is sufficient and easy to use,
yet for scientific purposes or extensive analysis, FSCT is
more suitable. It was demonstrated, that 3DFin gener-
ally outperforms FSCT, as shown consistently higher R?
and alower average RMSE values across the most plots,
indicating it provides more accurate DBH estimation. On
the other hand, some plots / tree species pose challenges
forboth methods, particularly FSCT, suggesting the need
for improvements or adjustments when applied in those
challenging environment.

5. Conclusions

Inthe manuscript we presented a comparison of different
devices for the making of 3D point clouds in different
conditions, evaluated by different algorithms. We exam-
ined key factors influencing DBH and TH estimation by
comparing widely used devices (TLS FARO Focus 3D
S150, HMLS Stonex X120GO SLAM and GeoSLAM
ZEB Horizon, and iPhone 13 Pro Max LiDAR) across
plots with varying densities and species compositions,
using two advanced algorithms (FSCT and 3DFin).
The results showed that the device used has the
greatest influence on the resulting DBH estimation.
TLS achieved the highest DBH accuracy, while iPhone
performed worst. HMLS devices (Stonex, GeoSLAM)
showed no significant differences despite their price gap.
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Species also influenced errors, with young spruce most
affected due to branches at breast height. The choice of
algorithm had no significantimpact on DBH estimation.

In TH evaluation, the algorithm used has the great-
est impact on the error. FSCT shows significantly lower
errors compared to 3DFin, which highlights the impor-
tance of proper data processing. HMLS devices Stonex
and GeoSLAM achieve similar errors, with TLS showing
the lowest estimation error in all cases. For TH, iPhone
was not included in the analysis due to the limited range
of the LiDAR sensor, which does not allow for TH
determination. TH errors were highest in older stands
and more pronounced in deciduous than in coniferous
species. Tukey’s HSD confirmed significant differences
between FSCT and 3DFin and between spruce and beech,
underscoring the importance of selecting appropriate
algorithms and devices.

Thus, both 3DFin and FSCT can be used to estimate
DBH and TH from point clouds. Each algorithm has its
own advantages and disadvantages (Appendix A7).

FSCT, though slower and requiring programming
skills, provides more detailed outputs, including better
TH accuracy. In contrast, 3DFin is faster and easier to
use within CloudCompare but offers fewer parameters.
The choice depends on whether users prioritize detail
and accuracy (FSCT) or speed and simplicity (3DFin).
The optimal choice of device and algorithm depends on
the application. For detailed monitoring requiring high
spatial resolution, such as crown analysis or microhabitat
studies, TLS is most suitable.

TLS highly detailed point clouds capture even the thin
forest details with exceptional precision, although the
process is time-consuming and demands considerable
expertise in data collection and post-processing. Con-
versely, HMLS devices (such as GeoSLAM ZEB Hori-
zon and Stonex X120GO) provide a robust alternative
for routine forest management tasks. They deliver nearly
comparable accuracy in estimating DBH and tree height,
yet they require less time for data acquisition and incur
lower costs, making them well suited for operational
applications where efficiency is of utmost importance.
Finally, while smartphone-based LiDAR (e.g.,iPhone 13
Pro Max) offers rapid data collection and affordability, its
limited scanning range means it is best suited for quick,
preliminary assessments of forest characteristics rather
than detailed inventory tasks.

Therefore, when selecting the appropriate approach,
itisimportantto consider whether high accuracy (TLS),
speed and mobility (MLS) or low cost and ease of use
(iPhone LiDAR) are more important. If the goal is to
obtain detailed outputs with higher accuracy in deter-
mining tree height, it is advisable to reach for the FSCT,
although it requires longer processing time and more
demanding control. Conversely, 3DFin allows faster
processing and easier operation, but may have a slightly
higher error rate when calculating TH. In terms of the
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selection of the devices themselves, TLS represents the
mostaccurate, but the most expensive and time-consum-
ing solution (Appendix A8). The HMLS offers a balanced
compromise between price, accuracy and time efficiency,
while theiPhone LiDAR is affordable and veryfast in data
collection, but its limited range and lower accuracy make
it more suitable for quick orientation measurements or
monitoring in smaller forest stands. Overall, the final
choice of device and algorithm depends on whether high
accuracy, speed and ease of use or cost is key for the user.
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Appendix A

Appendix A1l. Relationship between reference diameter at the breast height (DBH) and estimated DBH for each
forest plot, comparing four devices (TLS, GeoSLAM, Stonex, iPhone) under both 3DFin and FSCT algorithms.
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Appendix A3. The error distribution Diameter at the Breast Height.
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Appendix A4. The error distribution Tree Height
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Appendix AS. Canopy point cloud comparison.
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Appendix A6. The point clouds of young spruce, the red points show 5 cm slices at the height of 1.3 m from the
ground (GeoSLAM ZEB Horizon based point cloud).

Appendix A7. Comprehensive comparison of 3DFin and FSCT in terms of accuracy and practical application. Values
are normalized (0 =best, 1 =worst), so results closer to the center indicate better performance, while those near the
edge indicate worse performance.
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Appendix A8. Comprehensive comparison of ground-based LiDAR devices for monitoring of forest ecosystems in
terms of accuracy and practical application. Values are normalized (0 =best, 1 =worst), so results closer to the center
indicate better performance, while those near the edge indicate worse performance.

Price

Difficulty of use Data collection time

Error Data processing time

m==TLS e==MLS e==iPhone LiDAR

26



