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Abstract

The accurate measurement of the tree diameter is vital for forest inventories, urban tree
quality assessments, the management of roadside and railway vegetation, and various
other applications. It also plays a crucial role in evaluating tree growth dynamics, which
are closely linked to tree health, structural stability, and vulnerability. Although a range of
devices and methodologies are currently under investigation, the widespread adoption
of laser scanners remains constrained by their high cost. This study therefore aimed to
compare high-end laser scanners (Trimble TX8 and GeoSLAM ZEB Horizon) with cost-
effective alternatives, represented by the Apple iPhone 14 Pro and the LAO3 scanner
developed by mapry Co., Ltd. (Tamba, Japan). It further sought to evaluate the feasibility
of employing these more affordable devices, even for small-scale forest owners or managers.
Given the growing availability of 3D-based forest inventory algorithms, a selection of such
processing pipelines was used to assess the practical potential of the scanning devices. The
tested low-cost device produced moderate results, achieving a tree detection rate of up to
78% and a relative root mean square error (rRMSE) of 19.7% in diameter at breast height
(DBH) estimation. However, performance varied depending on the algorithms applied.
In contrast, the high-end mobile laser scanning (MLS) and terrestrial laser scanning (TLS)
systems outperformed the low-cost alternative across all metrics, with tree detection rates
reaching up to 99% and DBH estimation rRMSEs as low as 5%. Nevertheless, the low-cost
device may still be suitable for scanning small sample plots at a reduced cost and could
potentially be deployed in larger quantities to support broader forest inventory initiatives.

Keywords: low-cost LIDAR; tree stem; forest structure; diameter at breast height (DBH)

1. Introduction

The mapping and monitoring of trees on a global scale are becoming increasingly
critical, particularly in light of the growing need to address climate change and rapid
ecosystem transformations. This heightened awareness has catalysed the development of
innovative strategies, such as climate-smart forestry [1]. In this context, managed forests
are expected to become more resilient to climate change by adopting more structured
and diverse compositions. However, these changes present new challenges for forest
inventories, which must adapt to increasingly complex forest structures.
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The integration of advanced technologies into forest inventory practices is thus
essential—not only due to their growing availability but also because of their capacity to
enhance efficiency, improve accuracy, and facilitate more frequent and extensive data acqui-
sition [2]. At present, national forest inventories (NFIs) serve as the primary mechanism for
the monitoring of forests, typically employing statistical sampling frameworks [3]. NFIs
generate substantial datasets that are indispensable for policymaking and forest manage-
ment at national and broader scales [4,5]. However, these inventories suffer from limited
spatial coverage relative to the total forested area. Standard NFI protocols employ grid
sampling at 1 x 1 km or, in some instances, 2 x 2 km intervals, with each plot representing
between 0.05 and 0.2 hectares. Consequently, NFIs cover less than one per cent of the total
forest area. Remote sensing technologies offer a promising solution to this limitation by sig-
nificantly expanding the spatial extent of forest monitoring. As a result, current research is
increasingly focused on developing cost-effective and operationally viable remote sensing
methodologies. For instance, Cerfiava et al. [6] demonstrated the feasibility of mounting
mobile LiDAR scanners on forest tractors, enabling efficient scanning along forest roads
and skidding trails. Similarly, wearable scanning devices have been recognised as practical
tools for the collection of data over broader areas with minimal logistical constraints [7,8].

Among the tree attributes that are commonly assessed, the most fundamental include
the diameter at breast height (DBH), tree height, tree volume, and species. These parame-
ters form the basis for the estimation of additional characteristics through the application
of allometric models [9] or other methods. The DBH, measured at 1.3 m above ground
level, is widely used due to its ease of acquisition and its reduced susceptibility to variation
caused by root flare [10]. While calliper-based DBH measurement is technically straight-
forward, it is labour-intensive and time-consuming. Moreover, this method captures only
the partial stem geometry, introducing a risk of measurement bias—an issue noted by
Shangyang et al. [11]. Similarly, tree height measurements in traditional forestry practices
are frequently hampered by visual obstructions in dense, closed-canopy stands. This pa-
rameter, although critical, is often subject to significant errors due to limited visibility and
operator subjectivity [12]. In contrast, other tree parameters, such as the crown architecture
and volume, are generally more challenging to quantify in the field. As a result, most
well-established allometric models primarily rely on the DBH and tree height as key input
variables [13,14]. Over time, various tools have been developed to improve the speed,
precision, and cost-effectiveness of DBH measurement, ranging from traditional callipers
to modern LiDAR-based systems [3,4]. Over the past two decades, significant progress has
been made in the application of ground-based remote sensing technologies, particularly
those employing laser scanning (LiDAR) and photogrammetric techniques. Among these,
LiDAR has demonstrated notable operational potential for forest inventory purposes [15].
The introduction of close-range laser scanning devices has led to new possibilities for
forestry measurements, contributing to both forest inventory enhancement [16] and forest
ecology research [17]. Nonetheless, the effective operational integration of these devices
necessitates further research to establish practical workflows and tools tailored to routine
use in forestry applications [15].

Terrestrial laser scanners (TLS) were among the first close-range devices adapted for
forest measurement. These instruments typically offer high precision but are limited by their
requirement for stationary operation during scanning. This constraint leads to occlusions—
particularly behind tree stems—that complicate data processing and interpretation [18,19].
A common mitigation strategy involves employing a multi-scan approach, whereby data
from multiple vantage points are merged to reduce occlusion. However, this method
significantly increases both the data volume and acquisition time [20].
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Mobile laser scanning (MLS) offers a compelling alternative to TLS. MLS systems
have been extensively studied for forest applications and can be mounted on various
carriers, such as all-terrain vehicles (ATVs) or tractors, or operated in handheld config-
urations [21,22]. When carried by an operator, MLS devices may be either handheld or
backpack-mounted [23,24]. Despite the operational advantages of MLS—particularly its
mobility and reduced occlusion—the high cost of most commercial systems remains a
substantial barrier to widespread adoption. This has prompted growing interest in the
development of low-cost MLS alternatives [18].

One such alternative is smartphone-based laser scanning, particularly using LiDAR-
equipped iPhones or iPads [25,26]. These devices offer immediate visual feedback, enabling
real-time verification and rescanning if necessary. Additionally, they serve as valuable
educational tools, allowing students to perform and interpret field scans interactively [26].

Studies have demonstrated the potential of these devices for DBH estimation, achiev-
ing root mean square errors (RMSEs) as low as 2.27 cm [23] and up to 4.51 cm [26] in
applications using LiDAR-equipped iPhones. Gollob et al. [27] evaluated five DBH estima-
tion approaches using iPad LiDAR, with the best-performing model yielding an RMSE of
3.13 cm. Similarly, Cakir et al. [23] achieved an RMSE of 1.9 cm in managed forests using
iPad LiDAR, while Mokros et al. reported an RMSE of 3.14 cm [28], and Tatsumi et al.
achieved 2.32 cm [25]. These results are generally considered acceptable for operational
use. However, the primary limitation of this approach lies in its scanning range, which
necessitates close proximity to each tree, raising questions about its efficiency for large-scale
data collection.

Beyond Apple devices, Android smartphones equipped with the ARTree-Watch appli-
cation have also demonstrated promising performance. This application generates point
clouds by fusing RGB imagery with inertial measurement unit (IMU) data, achieving DBH
estimation RMSEs as low as 1.14 cm [29]. Likewise, Hyyppa et al. [30] derived point clouds
from range images using the Microsoft Azure Kinect and Google Tango, attaining DBH
estimation errors of 1.9 cm and 0.73 cm, respectively. Tomastik et al. [31] also reported
RMSEs ranging from 1.61 to 2.10 cm using the Google Tango.

As highlighted in the aforementioned studies, the equipment cost remains one of
the primary constraints to the broader adoption of advanced forest scanning technolo-
gies [32]. Addressing this issue, the present study introduces a new handheld, low-cost
MLS prototype, developed with an estimated production cost of approximately EUR 2000.
This prototype has the potential to be mass-produced, offering an accessible solution for
small-scale forest owners, researchers, and institutions with limited budgets.

This study evaluates the performance of the proposed low-cost MLS device in compari-
son with another affordable alternative—an iPhone LiDAR sensor—and two state-of-the-art
systems: the Trimble TLS and the Geoslam ZEB Horizon handheld MLS. Both are widely
recognised for their precision and reliability but are associated with significantly higher
costs. The comparison focuses on the tree detection capabilities and DBH measurement
accuracy, with results from the other devices included to provide insights into the per-
formance achievable across different cost categories. The prototype is described in detail
in the following sections, including its hardware specifications and operational features.
Furthermore, the study examines the prototype’s performance across various open-source
data processing pipelines to assess the practical value of the resulting point clouds for
forest inventory applications.
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2. Materials and Methods
2.1. Study Area

This study was conducted in a forested area on the outskirts of Prague, Czech Republic,
within the boundaries of the Roztocky héj-Tiché tidoli nature reserve.

The research plot covers an area of approximately 0.4 hectares and comprises a two-
storey forest structure dominated by Sessile Oak (Quercus petraea) and Northern Red Oak
(Quercus rubra). The lower storey primarily consists of dense regeneration of Northern Red
Oak and Common Hornbeam (Carpinus betulus).

The terrain across the entire plot is flat and easily accessible through many pathways,
which also determined the shape of the sample plot.

The geographical location of the plot, as well as the positions of 236 individual mea-
sured trees, is illustrated in Figure 1.
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Figure 1. Testing area map showing actual locations of trees.

2.2. The LiDAR Scanner Prototype

The prototype scanning device, designated as LAO3 (illustrated in Figure 2a), was
developed to provide a compact, cost-effective solution for terrestrial forest data acquisition.
At the core of the system is the Livox MID-360 LiDAR sensor (Livox Technology Company
Ltd., Wan Chai, Hong Kong) [33], which is capable of detecting objects at distances of up to
40 m. The sensor offers a comprehensive 360° horizontal field of view (FoV), accompanied
by a vertical FoV ranging from —7° to 52°, allowing for extensive spatial coverage with
a single pass. This wide-angle sensing capability is particularly advantageous for forest
applications, where complex canopy structures and understory vegetation necessitate
broad and detailed scanning perspectives.
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Figure 2. The mapry scanning device LA03 (a) and the “mapry” application interface (b).

The Livox MID-360 sensor operates by collecting 200,000 first-return points per second,
ensuring a dense and continuous stream of three-dimensional data. However, a multi-
return scanning mode is not supported. The manufacturer specifies measurement precision
of less than 2 cm at a target distance of 10 m, which is suitable for estimating tree attributes
such as the diameter at breast height (DBH), stem form, and canopy structure. Addition-
ally, the sensor is produced with an integrated inertial measurement unit (IMU, model
ICM40609-D produced by TDK Electronics Ltd (Shanghai, China) [34]), which records orien-
tation and movement data during operation. This information is crucial for post-processing
tasks such as trajectory estimation and point cloud registration. Weighing only 265 g,
the sensor is compact and lightweight, making it suitable for mobile, backpack-mounted
configurations that do not impede operator mobility in forested environments.

The full LAO3 system includes several auxiliary components that support its func-
tionality and ensure independent field operation. Power is supplied by an external power
bank, allowing for extended use without reliance on fixed infrastructure. Data captured
by the sensor are stored locally on a USB flash drive, ensuring robustness and portability
in field conditions. A Bluetooth low energy (BLE) module is integrated into the system to
enable wireless communication with a dedicated smartphone application, which provides a
user-friendly interface for the management of the scanning process. In addition, the device
includes a compact RGB camera for the capture of supplementary visual data, which can
assist in ground truthing and further documentation.

Control of the scanner is facilitated through the mapry mobile application (Figure 2b),
which was developed by one of the study’s authors (Keiji Yamaguchi, mapry Co., Ltd.,
Tamba, Japan) and is currently available for download on the Google Play platform. The
primary function of the application is to establish and maintain communication with the
LiDAR sensor, enabling real-time monitoring of the system status and sensor diagnostics.
Upon confirming that all components are functioning correctly, users can initiate the
scanning process directly from the mobile interface. The application allows for the seamless
transfer and saving of collected data to a USB storage device in the widely used point cloud
data (.pcd) file format, ensuring compatibility with various open-source and commercial
point cloud processing tools.



Remote Sens. 2025, 17, 2564

6 of 20

Count

Overall, the LAO3 prototype represents a promising advancement in the development
of lightweight and affordable mobile laser scanning systems for forestry applications.
Its modular design, reliance on off-the-shelf components, and ease of operation make
it particularly suitable for fieldwork conducted by smaller research teams, educational
institutions, or forest managers operating with limited financial resources.

2.3. Data Collection

As indicated in Figure 3, the data collection process involved terrestrial and mobile
LiDAR scanning using four different devices, each representing a distinct category of forest
measurement technology.

Fieldinventory ~ —»  LiDARScannings  —  RawDataProcessing — ;::ﬂ:::;':ﬁw'&;:: - -

D

Reference Map
Creation

Figure 3. A simple workflow diagram, showing all main steps of the study.

Ground truth reference data were collected in accordance with standard forest inven-
tory methodologies. These included the manual measurement of the diameter at breast
height (DBH) at 1.3 m above ground level for each tree (DBH > 4 cm) within the study
plot. This was achieved using an electronical calliper, the Haglof Mantax Digitech (Haglof,
Langsele, Sweden), which was applied to the trees from a random direction to eliminate the
possible impact of systematic stem shape irregularities throughout the forest stand. Along
with the DBH, the precise geolocation of tree positions using a Sokkia GRX3 (TOPCON
EUROPE POSITIONING BV, Zoetermeer, The Netherlands) global navigation satellite
system (GNSS) receiver was conducted. The high-accuracy GNSS device ensured reliable
spatial reference data, which served as a benchmark in evaluating the geometric accuracy
of the point cloud data generated by each scanning system. In such a manner, 236 trees
in both the upper and lower storeys were measured, and the overall properties of the
measured trees are presented in Figure 4.
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Figure 4. (a) The measured DBH values sorted into 8 cm intervals, depicting the distribution of the
DBH throughout the whole sample plot, indicating a two-storey forest stand. (b) The distribution of
tree heights in relation to the DBH.
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All scanning procedures followed a predefined trajectory through the plot (Figure 5),
designed to maintain consistency across devices and facilitate the direct comparison of the
resulting datasets. The trajectory was established by following distinct pathways within
the forest, thereby ensuring consistency across all scanners. The common scanning path
ensured that variations in data quality and completeness could be attributed primarily to
the characteristics of the scanning systems themselves, rather than differences in spatial
coverage or operator behaviour. Although this approach may not be ideal for certain
scanner types, particularly those with limited LiDAR beam reach, this study focused on
evaluating the potential of the 3D outputs that could be obtained within a comparable
time frame. This was performed with consideration of the device cost, which does not
necessarily scale proportionally with the scanning performance.

Legend

Scanning Trajectory
Start
® Finish
* TLS Stations

@ Ground Control Points
| Plot Extent

Canopy Height Model

30
0

Source: Open Street Maps; 2025

Figure 5. Common trajectory for all scanner types. TLS stations were placed on the trajectory as well.

The LiDAR devices used in this study were as follows.

1.  Trimble TX8 (TLS)
The Trimble TX8 (Trible Inc., Westminster, CA, USA) is a high-end terrestrial laser
scanner that employs a multi-scan acquisition strategy. This approach, widely recog-
nised as the most established and conventional LiDAR scanning method in forestry
applications, offers the highest spatial resolution and geometric accuracy. In this study,
scanning was performed from 13 individual, georeferenced stations strategically dis-
tributed along the predefined trajectory to ensure maximum visibility and coverage.
The multi-scan technique mitigates occlusion effects by capturing the forest structure
from multiple angles, making it the most precise reference system in the comparison.
The raw scan data must be processed using the dedicated software Trimble RealWorks
(v11.1), which also provides a registration workflow for the processing and merging
of multi-scan missions [35]. In this study, cloud-Based registration was employed.

2. GeoSLAM ZEB Horizon (MLS)
The GeoSLAM ZEB Horizon (GeoSLAM Ltd., Ruddington, UK) is a handheld mobile
laser scanner that collects data through a single-pass scan along the designated trajec-
tory. Scanning began and ended at the same location to form a closed-loop trajectory,
which supports improved SLAM (Simultaneous Localisation And Mapping) correc-
tion [36]. During scanning, the operator maintained a consistent orientation towards



Remote Sens. 2025, 17, 2564

8 of 20

the centre of the plot to ensure optimal coverage of the forest structure. The ZEB
Horizon is a commercial-grade mobile laser scanning (MLS) system, recognised for
its robustness and reliability in forest environments. Similarly to the Trimble TX8, this
device also relies on dedicated commercial software, namely GeoSLAM Hub v6.1.0,
for the processing of raw data into point clouds.

3.  iPhone (MLS)
A modern Apple iPhone 14 Pro (Apple Inc., Cupertino, CA, USA), equipped with
an integrated LiDAR sensor, was used to perform mobile scanning along the same
trajectory. Data collection was carried out using the 3D Scanner App [37], which
enables the real-time acquisition and export of point cloud data. The same scanning
principles were applied as with the ZEB Horizon and LA03, including consistent de-
vice orientation and a closed-loop trajectory, to maintain uniform scanning conditions.
However, in the case of this device, suboptimal results can be expected due to the
limited 5-metre reach of its LIDAR sensor [38].

4. mapry LAO3 (MLS)
The custom-developed LAO3 prototype was evaluated using the same scanning pro-
tocol as the ZEB Horizon to ensure comparability. The device was carried along the
predefined trajectory, with the operator consistently orienting the sensor towards
the plot centre. This ensured consistent scanning geometry and data acquisition
conditions, enabling a direct assessment of the prototype’s performance relative to
more established devices. The device operates via the dedicated Android application
mapry, which provides a user interface for the control of the scanner. The collected
data are output directly to a USB drive.

This comparative study design enabled a systematic evaluation of each device’s
capabilities in terms of tree detection, DBH estimation, and overall point cloud quality. By
adhering to a consistent scanning strategy and integrating high-accuracy reference data,
the methodology provides a robust framework for the assessment of the feasibility and
performance of low-cost mobile scanning solutions in forest inventory applications.

2.4. Data Processing and Evaluation

The primary objective of this study is to evaluate the performance of a low-cost
mobile laser scanning (MLS) device—specifically, the mapry LA03—by comparing it with
other established LiDAR scanning tools. This analysis is conducted under the premise
that scanning devices with differing technical specifications—such as point cloud density,
spatial resolution, and effective scanning range—may produce varied outputs, which in
turn can affect the accuracy of forest inventory metrics, most notably tree detection and
diameter at breast height (DBH) estimation.

Recognising that the quality and structure of input 3D data can significantly influence
analytical outcomes, this study also investigates how various forest inventory algorithms
respond to data from different scanning sources. In particular, it explores whether the data
collected by the low-cost mapry device are robust and versatile enough to yield reliable
results across a range of analytical approaches. This dual focus enables a comprehensive
assessment of both the hardware’s capabilities and the practical usability of its output data
within common forest inventory workflows.

To this end, five algorithmic pipelines are employed to assess the influence of method-
ological variations on tree detection and DBH estimation. The intention is not to conduct
a comparative evaluation of the algorithms themselves or to identify the “best” pipeline.
Rather, the aim is to evaluate the extent to which the data captured by the mapry scanner
can support different approaches to automated tree measurement. This approach allows
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for a broader understanding of the scanner’s practical applicability in diverse analytical
contexts and enhances the reproducibility of the results.

Each of the tested pipelines relies on the Random Sample Consensus (RANSAC)
algorithm for DBH estimation, using a circle-fitting approach to approximate tree stem
cross-sections. This method is commonly used for its robustness against incomplete scans
or outliers, as illustrated in Figure 6. While the circle-fitting component remains consistent
across all methods, the pipelines differ significantly in their strategies of detecting tree
cross-sections within the point cloud. These detection techniques vary in their sensitivity to
point cloud properties such as density, completeness, and noise, all of which are influenced
by the characteristics of the scanning device and scanning conditions.

a b

Figure 6. Examples illustrating the circle fitting (red colour) application of the RANSAC algorithm
in various scenarios. (a)—A nearly complete scan from terrestrial static scanning (TLS). (b)—A
complete scan from MLS scanning with higher variability. (c)—An incomplete scan captured by the
mapry device.

Among the factors influencing the DBH estimation accuracy, tree detection plays the
most critical role. Incomplete or inaccurate detection of tree stems can lead to substantial
errors in DBH values, regardless of the precision of the circle-fitting algorithm. For this
reason, this study places particular emphasis on comparing how effectively each pipeline
identifies tree stems across the datasets generated by the various scanners. By doing so, it
offers insight into the strengths and limitations of the mapry device, not only in terms of
raw data capture but also in its integration with existing data processing methodologies
commonly used in forest inventory analysis.

As mentioned before, five pipelines are used within this study to assess the reliability
of the mapry scanner. These will be described below.

e  Manual Approach—This method is designed to provide the most accurate informa-

tion obtainable from LiDAR scans, relying on the manual identification and extraction
of stem cross-sections from the data. In contrast, the other methods—3DFIn, FORTLS,
SAMICE, and DendRobot—perform fully automated data processing, as detailed in
the following sections. While these automated approaches offer greater efficiency, they
may introduce potential errors. Such discrepancies can be assessed by comparing their
outputs to those obtained through manual processing, which serves as the benchmark
for accuracy.

For the purpose of this method, point clouds from all devices were normalised to
a digital terrain model (DTM), created through the rasterisation of the point cloud,
detecting the lowest points within 1 m grid cells. Afterwards, a 10-cm-thick horizontal
slice at 1.3 m above ground level was extracted. Tree-specific segments were then
isolated from these slices using the CloudCompare (v2.13.2) software by combining
the Label Connected Components tool [39], with ambiguous segments manually ex-
cluded, resulting in a total of up to hundreds of usable cross-sections. Due to the
computational limitations of the custom RANSAC algorithm used in this method,
the number of points in each section was reduced to a maximum of 600 via random
subsampling and further optimised by voxelisation with 1 cm steps. This process
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takes less than one minute per tree and its duration increases approximately linearly
with larger DBHs.

The RANSAC algorithm in general identifies the most common radius within a dataset
by analysing randomly sampled subsets of points. This sampling may be either purely
random or exhaustive, testing all possible point combinations. In this study, the latter,
known as the brute-force method, was employed. To mitigate its computational de-
mands, the algorithm was optimised for datasets containing fewer than 600 points,
thereby avoiding the need for billions of iterations and the substantial storage and
processing resources required. For most trees, a sample size of 600 points was found
to be sufficient.

The algorithm determines the size and position of a circle for each triplet of points, and
the most frequently occurring circle is identified as the correct one. Figure 6 illustrates
examples of the outputs generated using this approach.

e  FORTLS—AIl aforementioned point cloud data were analysed using the R package
FORTLS (v1.2.0) [40]. This package provides an automated workflow for the process-
ing of terrestrial and mobile laser scanning data and is designed to minimise manual
intervention while maintaining flexibility through user-defined parameter settings.
FORTLS generates key forest inventory outputs, including the diameter at breast
height (DBH) and tree spatial location, and is particularly suitable for large-scale or
repeatable forest structure assessments.

During processing, ground points are classified using the Cloth Simulation Filter, and
a digital terrain model is generated by spatial interpolation with a k-nearest neighbour
approach using inverse distance weighting at a resolution of 0.2 m. The DTM is
then used to normalise the point clouds by adjusting point elevations relative to the
ground level.

Tree detection in FORTLS is based on the identification of multiple horizontal cross-
sections that are vertically aligned and located above the same ground point. This
vertical consistency in cross-section positioning is used to infer the presence of a tree
stem [41]. The algorithm searches for such cross-sections at various height intervals
above ground level, allowing it to capture trees with varying structures and under-
storey interference.

Once a stem is detected, FORTLS employs two distinct methodologies for the estima-
tion of the DBH, both of which are applied to the extracted cross-sections.

RANSAC-Based Approach: This method employs a RANSAC algorithm to fit a circle to
the stem cross-section, identifying the most consistent subset of points that conform to a
circular shape. The RANSAC function used is natively implemented within the FORTLS
package and has been adapted for use with noisy or incomplete data, which are common
in forest point clouds.

Grid-Based Approach: In this alternative method, a square grid is overlaid on the cross-
section of the tree stem. The algorithm identifies the grid point that minimises the variance
in the distances between itself and all other points in the detected cluster. This point is
considered the centre of the cross-section, and the mean of the radial distances from this
centre to the surrounding points is used to estimate the stem radius.

Both approaches produce an estimate of the DBH; however, the algorithm selects the final
value based on the variance in the calculated radii. When both methods produce similar
results, the RANSAC-based estimate is preferred due to its robustness in fitting circular
geometries to natural stem profiles.

FORTLS thus offers a balanced combination of automation and analytical rigour, making it
a valuable tool to assess the utility of point clouds generated by both high-end and low-cost
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scanning devices. Its implementation within the R environment also facilitates integration

with broader data analysis workflows, including statistical modelling and spatial analysis.

DendRobot—Another pipeline used for mapry-provided point cloud quality esti-
mation was the DendRobot (v0.3) software [42]. This program integrates a suite of
established algorithms for point cloud and raster data processing, combining both
conventional methods and custom-designed procedures for effective tree detection
and measurement. DendRobot incorporates elements commonly used in spatial
data analysis, such as geographic information system (GIS) spatial queries, reverse
watershed-based tree crown delineation, and the RANSAC circle-fitting algorithm.
These are integrated within a cohesive workflow specifically tailored to forest inven-
tory applications.

The tree detection procedure within DendRobot follows a distinctive methodology.
Initially, the 3D point cloud is projected into 2D space, where a point neighbourhood
density analysis is performed. This approach identifies areas of high local point
density, which are assumed to correspond to the bases of tree stems. By retaining
only these densely populated regions and subsequently reprojecting them into 3D
space, the software effectively isolates individual trees. Once tree locations have been
identified, the program locates multiple cross-sections along the height of each stem
and calculates their diameters, enabling the estimation of key parameters such as the
DBH, total tree height, and tree position. The above-terrain height was determined
using a 3D mesh DTM, generated through rasterisation and local minima detection
within each grid cell.

For DBH estimation, DendRobot employs the RANSAC algorithm to fit circles to
automatically extracted cross-sections of the tree stems. In this study, the number of
RANSAC iterations was fixed at 1000 to ensure robust fitting, and the thickness of
the DBH sampling disc was set at 7 cm. This parameter choice was based on findings
from previous research, which demonstrated that a disc thickness of 7 cm yields opti-
mal accuracy in DBH estimation [43]. The DendRobot software supports automated
processing while allowing users to define input parameters if desired.

3DFIn (Cloud Compare Plugin)—This pipeline comes as a plugin for the CloudCom-

pare (v2.13.2) [39] software, making it widely accessible to researchers, practitioners,
and forest managers, with minimal barriers to entry. The availability of this tool
within a well-established platform significantly enhances its usability and potential
for integration into existing workflows.

The pipeline’s tree detection algorithm operates on a normalised point cloud, where
normalisation is performed using a digital terrain model (DTM) generated by the
Cloth Simulation Filter. From this normalised cloud, the algorithm extracts a horizon-
tal “slice” of a predefined thickness, typically intersecting the lower portion of the
forest stand, where tree stems are more distinct and less affected by canopy occlusion.
Within this extracted section, the algorithm applies a geometric feature descriptor
known as “Verticality” [44], which quantifies the alignment of points with respect to
the vertical axis. This feature is used to differentiate tree stems—typically exhibiting
strong verticality—from other structures such as branches, undergrowth, and noise,
which tend to have more irregular or non-vertical geometries. Once high-verticality
regions are identified, they are treated as initial seed points for further stem detection.
The algorithm then expands from these seed locations using a spatial clustering ap-
proach to identify and segment complete individual tree stems. Each detected stem is
assigned a unique label, allowing for further morphological analysis at the tree level.
To quantify stem dimensions, the pipeline performs cross-sectional diameter mea-
surements at regular vertical intervals along the length of each identified stem. At
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each interval, a RANSAC-based circle-fitting algorithm is applied to estimate the local
diameter. This procedure yields detailed information about stem tapering, in addition
to key metrics such as the diameter at breast height (DBH), total tree height, and tree
position [45].

e  SAMICE—The workflow referred to as Search And Measure In Complex Environ-
ments (SAMICE) was developed as a fully automated pipeline for the segmentation
and measurement of trees within structurally complex forest environments, such as
those found in selection forests and close-to-nature silvicultural systems. It is specifi-
cally designed to handle noisy point clouds generated by SLAM-based mobile laser
scanning (MLS) devices.

The SAMICE(v0.1) workflow employs a multi-layered approach, analysing vertical
projections of seven horizontal slices extracted from the normalised point cloud, cov-
ering a height range between 0.8 and 1.8 m above the detected ground level. Ground
elevation is estimated by computing the first percentile of Z-values within 0.2 m grid
cells. The resulting raster is then smoothed using a local quantile filter to reduce the
influence of noise and outliers. Height anomalies are removed based on their statistical
deviation from the median of elevation differences between the raw and smoothed
surfaces. Any missing ground values are interpolated using a nearest neighbour
approach. A local slope correction is subsequently applied to mitigate systematic
underestimation of the ground elevation. The final digital terrain model (DTM) is
used to normalise the original point cloud by subtracting the ground elevation from
each Z-value.

Each extracted slice is then processed using the mean shift clustering algorithm [46],
followed by a RANSAC-based circle-fitting procedure. To improve the robustness
of the fitting, additional filtering conditions are applied, including thresholds for the
circle radius, completeness, the ratio of inliers to total points, and the homogeneity
of the point distribution along the stem perimeter. Candidate trees are identified and
their DBH is estimated based on a consensus of radius and centre position values
derived across the set of horizontal slices.

For further details of the workflow design and parameterisation, please refer to the
work by KuZelka et al. [46].

2.5. Statistical Metrics

To evaluate the accuracy of individual scanners and processing algorithms, several
key metrics were considered. These metrics were used to characterise the accuracy of
the scanners and the quality of their resulting point clouds by assessing the observed
diameter at breast height (DBH) and the number of detected trees—parameters of particular
relevance in forest inventory. However, the number of detected trees typically depends
on the evaluation algorithm used; therefore, multiple software tools were employed, as
described previously. This approach facilitates a more comprehensive assessment of the
true potential of the 3D data.

To assess the tree detection performance, the detection rate parameter was calculated.
This is defined as the ratio of the number of trees identified in the point cloud by the
algorithm (71,5) to the number of trees measured in the field inventory (1,x):

. n
Detection Rate = — (1)
Mexp

Metrics related to the DBH accuracy were used to evaluate the capacity of the scanners
and algorithms to generate complete, noise-free, and sufficiently dense point clouds without
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SLAM-related alignment issues. For this purpose, the root mean square error (RMSE) and
the relative RMSE (rRMSE) were calculated using Formulas (2) and (3):

Ten R
RMSE = \/ Y (yi —7.)? )

where 1 is the number of observations, y; is the true value of the ith data point, and ¥; is
the corresponding observed value.

The relative RMSE (rRMSE) provides a normalised measure of error, facilitating
comparison with other studies or methods. It is computed as

rRMSE = RA{SE

x 100 3)

where i denotes the mean of the observed DBH values in this study.

In addition to the RMSE, the mean absolute error (MAE) was calculated. While the
RMSE squares the residuals and may exaggerate larger errors, the MAE offers a more
intuitive indication of the average error magnitude, thus providing clearer insights into the
actual performance of scanners or algorithms in DBH estimation. The MAE is calculated
using the same variables as the RMSE, according to Formula (4):

1 .
MAE = —3 0\ [yi = i 4)

Together, these parameters offer a comprehensive set of evaluation metrics that can
be consistently applied when assessing forest inventory algorithms across data derived
from different 3D scanners. Such analysis supports the identification of each scanner’s
performance potential and facilitates meaningful comparisons between devices.

3. Results

The results obtained from the aforementioned scanners and algorithms were compared
to ground truth data, and several metrics (MAE, RMSE, rRMSE, and detection rate) were
computed to describe the quality and potential of the datasets. Alignment between the
ground truth data and point cloud processing results was performed manually within the
GIS software (QGIS v3.40.1). Consequently, the results may contain a degree of subjective
bias arising from the incorrect linkage of a ground truth tree to a 3D-detected tree.

The key performance metrics considered in this study were the mean absolute error
(MAE), root mean square error (RMSE), relative RMSE (rRMSE), and detection rate. The
detection rate represents the proportion of ground truth trees correctly identified within
the point clouds by each algorithm and scanner type. Given that LiDAR scanning typically
captures a spatial extent larger than that of the manually delineated reference sample plots,
the actual area scanned by each sensor was also assessed. This information is summarised in
Table 1 and illustrated in Figure 7. The scanned area was determined by creating a rasterised
version of the point cloud and calculating the sum of 10 x 10 cm pixels containing at least
one point. In addition to the total area covered by the scans, the point density for both
vegetation and terrain was calculated, based on the total number of points within the plot
and the actual area of the sample plot. These evaluations provide insight into the relative
performance of the mapry scanner compared to other devices, particularly in terms of their
capacity to operate effectively in complex environments under uniform testing conditions.
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Table 1. Spatial coverage of the scanners based on the rasterisation of the point clouds, along with
point density statistics for vegetation and terrain. Vegetation and terrain points were separated using
a height threshold of 0.2 m above the ground surface. “Plot” method describes actual extent of the
sample plot examined during field inventory.

Method Total Data Points Within Points/m? Points/m?
Extent [m?] Plot (Height > 0.2 m) (Height < 0.2 m)
TLS 30,158.3 176,492,535 33,122.2 11,546.5
ZEB 14,027.6 116,743,698 19,487.7 10,059.1
iPhone 1101.3 1,744,170 53.6 387.9
LAO3 7601.9 24,644,001 4026.0 2211.2
Plot 3951.1 N/A N/A N/A

Figure 7. Visualisation of scanning methods’ spatial coverage across the sample plot area delineated
by the red outline.

Table 2 presents the evaluation metrics for tree detection and diameter at breast height
(DBH) estimation across various combinations of scanners and algorithms. The “manual
approach” method, employed here as a manual reference approach, consistently achieved
some of the highest performance levels across all devices. This result is expected, as this
approach relies on manual intervention, which helps to minimise processing errors during
point cloud filtering and evaluation.
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Table 2. Comparison of errors for individual scanning methods and analysis methods. Only 95% of
the best results were used for the MAE, RMSE, and rRMSE statistics’ computation.

Scanner TLS ZEB
Algorithm Manual 3DFIn FORTLS DendRobot SAMICE Manual 3DFIn FORTLS DendRobot SAMICE
MAE [cm] 0.8 14 4.7 2.7 0.8 0.9 1.6 4.2 1.8 1.3
RMSE [cm] 1.0 2.2 7.9 4.8 1.0 1.2 24 7.4 2.5 1.6
rRMSE [%] 47 8.4 24.9 18.8 4.6 54 9.4 22.1 10.8 7.3
Detection Rate [%] 99.6 72.0 53.4 71.2 98.7 99.2 77.1 445 86.0 97.0
Scanner iPhone LAO03
Algorithm Manual 3DFIn FORTLS DendRobot SAMICE Manual 3DFIn FORTLS DendRobot SAMICE
MAE [cm] 10.0 15.1 11.7 13.1 9.5 3.7 13.6 5.8 6.7 3.6
RMSE [cm] 13.6 23.0 18.3 222 13.0 6.0 20.3 8.2 10.5 44
rRMSE [%] 443 55.0 445 57.5 43.8 24.8 66.5 22.3 37.1 19.7
Detection Rate [%] 225 8.1 72 14.0 21.6 78.0 30.5 16.5 47.0 76.7

For the high-end scanners—specifically the terrestrial laser scanner (TLS) and the hand-
held ZEB device—the manual approach yielded excellent outcomes, with very low mean
absolute error (MAE) values ranging from 0.8 to 0.9 cm and root mean square error (RMSE)
values between 1.0 and 1.2 cm. These corresponded to relative RMSE (rRMSE) values below
6%, along with tree detection rates exceeding 99%. Among the fully automated methods,
SAMICE demonstrated performance comparable to that of the manual approach for both
scanners, achieving MAE and RMSE values of 0.8-1.3 cm, rRMSE values of 4.6% to 7.3%,
and detection rates as high as 98.7%. These results underscore its potential as a robust and
fully automated alternative to manual approaches. The 3DFIn algorithm also performed
reasonably well, with moderate MAE values (1.4-1.6 cm) and RMSE values (2.2-2.4 cm),
although its detection rates were notably lower, ranging from 72.0% to 77.1%. In contrast,
FORTLS exhibited the highest RMSE values (7.4-7.9 cm) and the lowest detection rates,
particularly when applied to data from the ZEB scanner (44.5%).

The low-cost devices—the iPhone and the LA03 scanner—exhibited considerably
lower accuracy. The iPhone, in particular, produced high MAE values (9.5-15.1 cm) and
RMSE values (13.0-23.0 cm) across all methods, with rRMSE values exceeding 43% and
tree detection rates generally falling below 22%. Nevertheless, SAMICE marginally outper-
formed the other automated methods on this device, achieving the lowest MAE (9.5 cm),
the lowest RMSE (13.0 cm), and a detection rate of 21.6%, which was close to the result
obtained using the manual approach (22.5%). Both 3DFIn and FORTLS showed the poor-
est detection rates on the iPhone, at just 8.1% and 7.2%, respectively, highlighting the
limitations of the sensor rather than deficiencies in the processing algorithms.

The LAO3 scanner demonstrated improved performance relative to the iPhone, with
MAE values ranging from 3.6 to 13.6 cm and RMSE values between 4.4 and 20.3 cm. Notably,
SAMICE again achieved the best results among the automated methods, recording the
lowest MAE (3.6 cm), RMSE (4.4 cm), and rRMSE (19.7%), as well as a high detection rate
of 76.7%, second only to the manual approach benchmark (78.0%). These results highlight
the critical role of algorithm selection in determining the overall performance, particularly
when using lower-cost sensors.

In summary, the findings reaffirm the superior performance of high-end TLS and ZEB
scanners across all evaluated metrics. However, the LA03 scanner, when combined with
effective processing algorithms such as SAMICE, presents a promising low-cost alternative
for broader operational use. It is important to note that the manual approach serves as an
idealised benchmark and, in practice, scalable deployment will require the adoption of
automated methods to ensure both efficiency and feasibility in large-scale applications.
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4. Discussion

This study evaluates the potential of a low-cost, novel LiIDAR system for the estimation
of the tree diameter at breast height (DBH) in a large-scale forest sample plot. Accurate
DBH estimation is critical for a wide range of applications, from traditional forestry [47] to
urban tree management [23], roadside and railway vegetation maintenance, and beyond.
Furthermore, detailed information about forest structures, including tree diameters and the
spatial distribution, is vital not only for ecological assessments but also in supporting the
movement and operation of forestry machinery in complex environments [48].

To benchmark the performance of the prototype, high-end mobile and terrestrial laser
scanning (MLS and TLS) systems were selected, given their established reputations in terms
of accuracy, albeit at significantly higher costs [49]. As a low-cost comparator, the iPhone
LiDAR sensor was used, representing a device of a similar cost to the prototype mapry
LAO3 scanner. While photogrammetry is another potential benchmarking method, having
demonstrated high precision in close-range DBH estimation in previous studies [50-52],
it is more sensitive to data quality and less practical for broader forest applications. To
maintain the focus on LiDAR technologies, photogrammetry was excluded from this
comparison. Unlike photogrammetry, LiIDAR provides a more intuitive workflow and
increased robustness when scanning objects at greater distances, making it a promising
tool for future forest inventory applications [18,53]. For these reasons, it remains a point of
interest even within this study.

Although different LIDAR scanners, generally used in scientific studies, exhibit com-
parable performance in terms of raw data acquisition [54], TLS remains the benchmark
for DBH estimation due to its superior data quality and reliability [55]. Consistent with
these findings, the TLS-based results in this study demonstrated the highest precision.
In comparison, the low-cost mapry scanner exhibited significantly lower performance,
underscoring the trade-offs between affordability and accuracy. A comparison between the
ZEB Horizon MLS and the mapry LA03—both handheld systems—revealed notable differ-
ences in scan quality and result reliability, despite the manufacturers’ claims of comparable
performance. The most substantial difference relates to the SLAM algorithms employed:
the mapry device experienced difficulties over larger areas and, in certain cases, failed to
align terrain or vegetation accurately. Consequently, the mapry scanner may be suitable
only for sample plot-level scanning rather than for stand-level forest assessments, given
the limitations of its current SLAM algorithm version.

A further comparison between the iPhone 14 Pro LiDAR and the mapry LA03 showed
that, despite being in the same price range, the LA03 outperformed the iPhone. This is
not unexpected, as the iPhone’s sensor is not primarily designed for scanning large envi-
ronments and has a limited reach of approximately 5 m. Conversely, these results suggest
that smartphone-based forest inventory may prove neither cost-effective nor sufficiently
accurate for practical forestry applications.

Importantly, this study also investigated the influence of data processing algorithms.
Semi-automatic measurements using the manual approach were compared with fully
automated methods, including the FORTLS package [41], SAMICE algorithm [46], 3DFIn
(v 0.5.0a0) software [45], and DendRobot software [42]. As expected, the manual approach,
which involved the manual selection of tree sections, outperformed the fully automated
approaches. However, the SAMICE algorithm emerged as a significant exception, matching
and, in several scenarios, even surpassing the performance of the manual approach in both
its accuracy and detection rate. SAMICE consistently produced results that were more
closely aligned with manual measurements, particularly when applied to point clouds
with higher noise levels. The manual intervention in the manual approach enabled the
exclusion of complex features such as branches and leaves, thereby reducing errors that
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automated pipelines were required to address. This advantage was particularly evident
when processing point clouds from the mapry scanner, which exhibited higher noise
levels due to SLAM matching errors—an issue previously reported in studies involving
MLS data [6].

Among the automated methods, 3DFIn and DendRobot achieved relatively high
tree detection rates but suffered from higher RMSE values compared to the other results.
This outcome underscores the ongoing challenge in automated LiDAR data processing;:
the need for improved techniques to filter out non-trunk elements such as branches and
understorey vegetation.

The performance metrics obtained in this study showed that the RMSE values ranged
from 1.0 cm to 23.0 cm, depending on the scanner and algorithm used. The relative RMSE
(rRMSE) varied accordingly, with the TLS and ZEB scanners achieving rRMSE values
below 10% for most algorithms (except FORTLS), whereas the iPhone and mapry LA03
devices exhibited substantially higher error rates, often exceeding 20%. Importantly, both
the manual approach and SAMICE consistently yielded the lowest error values across all
devices, supporting their roles as high-accuracy references for DBH estimation. However,
it should be noted that, while the manual approach serves as a near-ideal benchmark,
SAMICE represents a promising, fully automated solution with practical applicability in
operational settings.

The results from the TLS and high-end MLS systems were in line with outcomes
reported in previous studies [6,21,23,26], whereas the low-cost mapry device demonstrated
higher error levels. Nonetheless, considering its affordability and portability, the mapry
scanner may still serve as a viable option for specific applications where ultra-high precision
is not essential. In this study, the prototype was able to provide DBH information for up
to 78% of individual trees within the large-scale sample plot. As the majority of trees
on the research plot had DBH values below 12 cm, the device showed promising results
even in such an unevenly aged forest stand. However, scanning trajectories must be
carefully adjusted to mitigate the effects of laser beam divergence and reduced accuracy
over greater distances.

High-end systems such as the GeoSLAM ZEB Horizon may maintain better detec-
tion rates over longer scanning ranges, likely due to more advanced SLAM algorithms.
Although both the ZEB and mapry devices have similar beam divergence, the qualitative
difference in performance likely stems from broader system optimisation—reflected in their
price difference.

It is worth noting that the mapry LAO3 scanner is available for under EUR 1800, which
is approximately one-tenth of the cost of a newer MLS device not used in this study, the Faro
Orbis. Deploying ten LA03 units instead of a single high-end device could be advantageous
for rapid surveys of standard sample plots (approximately 15 ares in size). On plots of
this scale, the SLAM performance may remain reliable, scanning can be completed within
minutes, and sufficient information about the tree height and stem diameter distribution
can be effectively collected. However, further research is needed to evaluate this approach.
Future studies, therefore, should focus on optimising the deployment of such low-cost
devices, refining data processing workflows, and aligning technological choices with the
intended application’s accuracy requirements and budget constraints.

5. Conclusions

In summary, this study demonstrates that, while high-end terrestrial laser scanning
(TLS) and mobile laser scanning (MLS) systems continue to serve as the benchmarks for
DBH estimation—achieving relative RMSE (rRMSE) values as low as 4.7% and tree detec-
tion rates exceeding 99%—low-cost alternatives, such as the mapry LAO3 device, exhibit
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promising potential for cost-sensitive applications. Under optimal conditions, the mapry
scanner achieved tree detection rates of up to 78% and rRMSE values of approximately 20%.
However, its performance was found to vary considerably depending on the processing
algorithm applied. Although the accuracy of low-cost systems currently does not meet the
standards required for high-precision forest inventories, their affordability, portability, and
ease of deployment present clear advantages for applications where moderate precision
is acceptable. Notably, the robust performance of the SAMICE algorithm suggests that
algorithmic advancements can partially compensate for limitations in data quality, helping
to narrow the gap between low- and high-end scanning systems.

Future research should prioritise the optimisation of data acquisition protocols, the
development of advanced noise filtering techniques, and the refinement of automated tree
detection algorithms. These improvements are essential to fully realise the potential of
emerging low-cost LiDAR technologies, particularly in the context of scalable and frequent
forest monitoring initiatives.
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