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Abstract 
Mobile laser scanning (MLS) provides detailed point cloud reconstructions of forest environments and has potential for operational forest 
sample-plot surveying. This study evaluated the accuracy of MLS in deriving forest inventory attributes, including basal area (G), number 
of trees per hectare (TPH), total stem volume (V), basal area-weighted mean tree diameter (Dg) and height (Hg), and dominant height 
(Hdom). Experiments were conducted in managed boreal forests across 44 sample plots (370–2000 m2) using a Faro Orbis MLS system. 
Field measurements collected tree-by-tree (n = 4472) with callipers and clinometers during the previous summer served as reference data. 
We compared two alternative MLS data acquisition trajectories—closed loops (MLS-loop) and line transects (MLS-line)—and two processing 
workflows: (i) manually assisted tree detection followed by automatic tree measurements, and (ii) a fully automatic workflow. MLS-line 
provided similar or marginally improved accuracy compared with MLS-loop; however, the substantially shorter acquisition time of MLS-

loop (19.0 min per plot on average) favoured its operational use over MLS-line (30.5 min). Clearer differences emerged between processing 
workflows. The fully automatic workflow identified and measured 74.1% of trees with diameter at breast height (DBH) > 5 cm, whereas 
manual assistance in tree detection increased this proportion to 97.1%. DBH accuracy was similar for both workflows (root-mean-square-

error [RMSE] ≈ 2.4 cm), but tree-height estimates were substantially less accurate under automatic processing (RMSE 6.2 m) than under

the assisted workflow (RMSE 2.1 m). These differences propagated to plot-level estimates. Using the automatic workflow, RMSEs were

4.2 m2/ha for G, 610 trees/ha for TPH, 29.3 m3/ha for V, 2.3 cm for Dg, 1.6 m for Hg, and 1.9 m for Hdom. The assisted workflow notably

improved accuracy, yielding RMSEs of 3.5 m2/ha for G, 54.0 trees/ha for TPH, 20.2 m3/ha for V, 1.2 cm for Dg, 1.3 m for Hg, and 1.2 m for

Hdom when using closed-loop trajectories. Overall, the results emphasize the importance of assisted workflows for attributes sensitive

to detection completeness, particularly TPH, while showing that kinematic MLS can efficiently capture forest structure for sample plot

measurements.
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Introduction 
Forest inventories—including national forest inventories (NFIs) 
based on statistical sampling as well as remote-sensing-based 
forest mapping—rely on measurements collected from sample plots

(Tomppo et al . 2008). Within these plots, tree species and health 
status are typically identified, and diameter at breast height (DBH) 
and tree height are measured. Species identification and health 
assessment are generally based on the field surveyor’s expertise, 
whereas DBH and height are obtained using callipers, measuring

tapes, and clinometers. Stand age may also be determined by

extracting increment cores from a subset of trees (Maltamo et al .
2021, White et al . 2025). Additional attributes commonly collected 

from sample plots include site fertility and deadwood characteristics,

including downed woody debris (Russell et al . 2015). These tree-

level measurements are subsequently used to derive plot-level forest 
inventory attributes such as number of trees per hectare (TPH), basal 
area (G), stem volume (V), dominant height (Hdom), and basal area-

weighted mean diameter (Dg) and height (Hg) (Tomppo et al . 2008, 
Maltamo et al . 2021, White et al . 2025). Precise georeferencing of 
sample plots is also required to link field observations with remotely

sensed data for large-area estimation (e.g. Gobakken and Næsset 
2009). Tree-level forest inventories derived from remote sensing 
further require knowledge of the spatial locations of individual trees

within plots to enable matching between field observations and
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remote-sensing-derived tree-level metrics (Maltamo et al . 2014). Plot 
sizes may vary from a few tens of square metres in young-stand inven-

tories to nearly one hectare in inventories supporting satellite-based

interpretation (e.g. Wilkes et al . 2017). The number and size of sample 
plots required depend on the purpose of the inventory and are often

constrained by available resources and measurement technologies.

Despite advances in remote-sensing technologies, the collection 
of tree- and stand-level attributes from field sample plots—and the 
accurate geolocation of these plots—remains a fundamental and chal-

lenging task. Navigation to plots typically relies on a Global Navigation

Satellite System (GNSS) receiver, and measuring the spatial locations of

individual trees often requires additional positioning instruments or

methods (Kostensalo et al . 2023, Liu et al . 2025). Tree-height measure-

ments with a clinometer are sufficiently labour-intensive that heights 
are usually measured only for a subset of trees (Eerikäinen 2009). 
Likewise, stem-quality attributes—such as branching characteristics, 
taper, or defects—are typically not measured, or cannot be measured 
with sufficient accuracy to justify carrying additional equipment such 
as upper-stem diameter gauges. Mapping of downed deadwood is 
similarly time-consuming and is frequently omitted unless specifically

required. Owing to the range of equipment needed and the overall

workload involved, sample plots are often measured by two field

personnel, further increasing the cost of data collection.

Efforts to improve sample plot measurements have increasingly 
focused on laser scanning and imaging techniques (Morsdorf et al .
2018, Iglhaut et al . 2019). These techniques have been applied using 
static instruments within the forest (e.g. Dassot et al . 2011), by moving 
through the stand (Bauwens et al . 2016), or with drones capturing 
data both above and within the canopy (Jaakkola et al . 2010, Westoby 
et al . 2012, Chisholm et al. 2013). Such approaches produce detailed 
point-cloud reconstructions of trees within sample plots, enabling the

determination of trees’ spatial positions (Simonse et al . 2003, Aschoff 
and Spiecker 2004), the measurement of stem dimensions at multiple

heights (Liang et al . 2014a, Olofsson and Holmgren 2016), and the 
characterisation of tree crown structures (Henning and Radtke 2006). 
They also offer the potential for simultaneous mapping of downed

deadwood together with standing trees (Yrttimaa et al . 2019). The 
level of instrumentation required may be sufficiently reduced to allow 
data collection by a single operator (Holvoet et al . 2025). However, 
measurements acquired from above the canopy have not yet reached

the accuracy required for sample-plot inventories (Hyyppä et al . 2020), 
and below-canopy measurements therefore remain necessary. Conse-

quently, considerable effort has focused on terrestrial and mobile laser 
scanning (TLS and MLS) to automate or streamline f orest sample-plot

measurements. TLS provides high geometric accuracy and produces

detailed three-dimensional point-cloud data (Dassot et al . 2011), 
enabling accurate estimation of tree height, DBH, and other attributes

(e.g. Holvoet et al . 2025). However, important challenges in ground-

based lidar remain. First, not all trees can necessarily be detected from 
the collected data, particularly small or occluded trees are still often

missed (Liang et al . 2018). Second, tree species classification derived 
from these methods has not yet reached the reliability of field-based

assessments by experienced surveyors (Puliti et al . 2025). Third, the 
derivation of tree- and stand-level attributes from the collected 3D 
point clouds is still not fully automated, and readily available software

solutions remain limited (Murtiyoso et al. 2024). In addition, TLS-based 
inventories typically require multiple scan positions and subsequent

point-cloud registration (Liang et al . 2016), which increases field time. 
Despite improvements in portability and scanning speed (e.g. Verhelst 

et al . 2024), plot-level TLS data acquisition remains time-consuming, 
motivating interest in more mobile alternatives.

MLS largely overcomes the mobility constraints and vegetation-

induced occlusion issues associated with TLS (Liang et al . 2022). 
MLS devices collect point-cloud data while the operator is in motion, 
enabling substantially faster data acquisition. This efficiency gain,

however, is accompanied by somewhat reduced geometric accuracy

and precision (Liang et al . 2014b, Hunčaga et al . 2020). An MLS system 
typically comprises a laser scanner, a GNSS positioning unit, and 
an inertial measurement unit (IMU) that records device orientation. 
Even high-grade GNSS–IMU systems can exhibit positioning errors

on the order of tens of centimetres in forested terrain, where canopy

cover attenuates and reflects GNSS signals (Kukko et al . 2017). These 
limitations can be mitigated using Simultaneous Localization and 
Mapping (SLAM) algorithms, which co-register point-cloud data b y
detecting objects repeatedly scanned during acquisition, thereby

compensating for GNSS- and IMU-related errors (Kukko et al . 2017, 
Gollob et al . 2020). MLS benefits substantially from SLAM, and recent

advancements (e.g. Wu et al . 2025) further enhance MLS’s potential 
as a practical tool for modern forestry (Holvoet et al . 2025). 

Numerous studies have examined the performance of MLS 
in deriving forest inventory attributes (Balenović et al . 2021). 
Hrdina et al . (2025) compared several automatic tree detection 
and measurement algorithms with an assisted approach in a two-

storey forest stand comprising 236 trees. The manual point-cloud 
measurements achieved a tree detection rate of 99.2% with a DBH 
root-mean-square-error (RMSE) of 1.2 cm, whereas the fully automatic

3DFin algorithm reached 77.1% detection with a DBH RMSE of 2.4 cm.

These results are consistent with typical MLS measurement accuracies

reported in the literature (Gollob et al . 2020, Kükenbrink et al .
2025, Sofia et al . 2024). Despite advances in MLS sensor technology 
and improvements in computational solutions, MLS performance 
under operational forest-survey conditions—where sample plots 
across diverse forest structures are measured tree by tree—remains

insufficiently documented. Likewise, the influence of MLS data

acquisition strategies and processing workflows on the accuracy of

sample-plot measurements is still largely unknown.

The aim of this study was to address this knowledge gap by 
evaluating the feasibility of MLS for surveying boreal forest sample 
plots within an operational inventory setting. We used sample 
plots selected to represent the structural variability required for 
producing accurate ALS-based forest resource information across 
an entire inventory region. Using calliper- and clinometer-based 
field measurements as reference data, we assessed the accuracy of 
MLS in detecting individual trees and measuring their dimensions

for estimating key forest inventory attributes: TPH, G, V, Hdom, Dg,

and Hg. To evaluate the operational feasibility of MLS technology,

we compared performance differences (i) between two MLS data

acquisition trajectory designs and (ii) between two different data

processing workflows, one incorporating manual assistance (‘assisted

workflow’) in tree detection and the other relying on a fully automatic

procedure (‘automatic workflow’).

Materials and methods

Experimental design 

The study area was located in Heinävesi, Eastern Finland (62.37◦N,

29.00◦E; Fig. 1) covering 264 600 ha. It represents typical eastern
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Figure 1 Map of the study area located in Heinävesi, Finland, on top of a satellite imagery with circles showing the locations of the sample plots, the 
circle size and colouring indicating variation in basal area (G) and the number of trees per hectare (TPH), respectively.

Finnish forest conditions, consisting predominantly of privately 
owned managed stands. The dominant tree species are Scots pine 
(Pinus sylvestris L.), Norway spruce (Picea abies (L.) Karst.), and birches 
(Betula spp.). The study area is one of the operational inventory regions 
of the Finnish Forest Centre. From all such regions, forest inventory

attributes are mapped for forest planning purposes by acquiring an

area-wide ALS dataset and establishing sample plots to collect field

information on forest attributes.

In summer 2023, the Finnish Forest Centre established and mea-

sured 926 sample plots across the study area. From these, a repre-

sentative subsample of 48 sample plots was selected. The selection 
aimed to preserve structural variability within the subsample by using 
Hdom, G, and dominant tree species as the selection criteria, ensuring 
that the sample represented the diversity of forest stands within the 
inventory area. The sample plot size was not fixed, as the Finnish 
F orest Centre aims to measure ∼100 to 200 trees per plot to balance

sampling accuracy with operational feasibility. Plot boundaries were

delineated manually using ALS-derived canopy height model (CHM),

with the boundaries aligned to tree crown edges. As a result, plot sizes

ranged from 370 to 2015 m2, with an average of 1152 m2 (Table 1). In 
total, the reference plots contained 4472 trees, with plot-level number

of trees varying between 40 and 227 (Fig. 2). 

Reference measurement s

The reference measurements were collected following the Finnish 
Forest Centre’s sample plot measurement guidelines for ALS-based 

operational stand-level forest inventories. Tree species were recorded 
and DBH measured for all trees with DBH exceeding 5 cm using 
automatic data-logging callipers. Trees were also visually inspected 
and tagged if dead, bent, or broken. Approximately every fifth tree

was selected as a sample tree, for which height was measured using

an electronic clinometer. These sample trees were used to calibrate

plot-level species-specific height models, allowing height prediction

for non-sample trees based on their measured DBH (Eerikäinen 2009). 
A tree map was generated using a TerraHärp pseudolite-based posi-

tioning system integrated with Masser ExCaliper II calipers, enabling

the recording of tree positions in a plot-local coordinate system during

DBH measurements (Kostensalo et al . 2023). Using GNSS measure-

ments from ground control points located at plot corners, the tree

map coordinates were transformed into the global ETRS-TM35FIN

coordinate system.

Single tree stem volume was estimated using species-specific 
volume equations with DBH and height as explanatory variables

(Laasasenaho 1982). Plot-level forest inventory attributes were then 
derived by aggregating the tree-level measurements for each sample

plot. The variability in these attributes across the sample plots is

summarized in Table 1. 

Mobile laser scanning data acquisition

MLS data were acquired using a Faro Orbis scanner mounted on a 
backpack rack and oper ated in kinematic mode, allowing continuous

point cloud data recording while moving (Fig. 3). The scanner has

D
ow

nloaded from
 https://academ

ic.oup.com
/forestry/article/99/3/cpag028/8650482 by Finnish Forest R

esearch Institute / Library user on 01 June 2026



4 | Forestry: An International Journal of Forest Research, 2026, Vol. 99, Issue 3

Table 1 Descriptive statistics of reference tree attributes (H = tree height, DBH = diameter at the breast height) and forest inventory attributes (G = basal 
area, TPH = number of trees per hectare, dg = basal area-weighted mean diameter, Hg = basal area-weighted mean height) and sample plot a rea.
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
Attribute Mean Min Max STD 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

H  (m) 15.8 1.4 36.6 7.2 
DBH (cm) 16.5 5.1 53.0 8.8 
Hg (m) 19.9 8.2 29.0 5.8 
Dg (cm) 22.5 9.4 35.5 7.4 
G  (m2/ha) 23.4 8.0 41.2 8.1 
V  (m3/ha 233.0 62.2 495.4 125.4 
TPH (n/ha) 1021 348 2573 640 
Area (m2) 1152 370 2016 410 
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
The statistics are based on a subset of 44 sample plots for which mobile laser scanning (MLS) data were successfully acquired.

Figure 2 Photographs of example sample plots demonstrating the structural variability among the sample plots. TPH = number of trees per hectare 
(n/ha), Hg = basal area-weighted mean height (m), Dg = basal area-weighted mean diameter (cm), G = basal area (m2/ha), V = stem volume (m3/ha) based 
on reference measurements.

a maximum range of 120 m and a 360◦ × 290◦ field of view, with 
32 laser channels (wavelength of 905 nm) and a scanning speed of

640 kHz, achieving an accuracy of 5 mm (1σ ). The system weighs 
3.60 kg (2.10 kg for the scanner and 0.95 kg for the data logger) and 
provides ∼3 hours of continuous battery life. For georeferencing, the 
Faro Orbis was paired with a Trimble D A2 GNSS receiver connected

to a virtual reference station (VRS) provided by Trimnet and operated

through the Penmap mobile application. Under favourable conditions,

this setup provided decimetre-level localisation accuracy.

The MLS data acquisition was conducted between late May 2024 
and early September 2024 using two different data acquisition trajec-

tory patterns. The first pattern was a line-transect trajectory (hereafter

referred to as ‘MLS-line’), in which the operator walked along crossing

transect lines (Fig. 4). The second pattern consisted of four closed loops 
that intersected at the plot centre (hereafter referred to as ‘MLS-loop’). 
Trajectory planning accounted for the requirements of the 3D SLAM 
methodology used by the Faro Orbis system. SLAM operation relies on

the ‘close-the-loop’ principle, meaning that the trajectory should start

and end at the same location to minimize drift (Di Stefano et al . 2021). 
The 3D SLAM algorithm processes raw laser-scanned data into a point 
cloud by repeatedly detecting stable features in the environment, such 

Figure 3 Illustration of the mobile laser scanning setup including a Faro 
Orbis scanner paired with a Trimble DA2 GNSS receiver.

as tree stems. For a feature to be reliably recognized, its size-to-range

ratio should be ∼1:10; for example, a tree with a 20 cm diameter

becomes a significant feature when scanned at distances shorter than
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Figure 4 Illustration of the two mobile laser scanning (MLS) data acquisition trajectories used in this study: Line-transect trajectories (‘MLS-line,’ left) 
and closed-loop trajectories (‘MLS-loop,’ right) on a 3 7 m × 37 m sample plot. Colours indicate acquisition time. Black circles sho w tree locations based
on reference measurements.

2 m. Frequent loop closures are recommended because they distribute 
accumulated error across the trajectory. The scanner manufacturer 
therefore advises using circular loops instead of retracing steps (FARO 
2024). 

The MLS trajectories were designed so that, in the MLS-line 
approach, the line transects intersected at intervals of ∼10 m for plots 
with a TPH < 1000 n/ha and at ∼ 5 m for plots with a TPH ≥ 1000 n/ha.

For MLS-loop, the spacing between adjacent trajectory segments was

roughly twice that of MLS-line (Fig. 4). 
The scanner was operated using the Faro Sphere mobile appli-

cation, which displayed the real-time walking trajectory to support 
data acquisition. Using the Faro Sphere application, reference points 
were recorded at each plot corner and at the plot centre. These refer-

ence points were subsequently linked to the control points captured

with the Penmap application. A rigid coordinate transformation—

including XY translation and Z-axis rotation—was then applied in the

Faro Connect (version 2024.2) software to align the MLS-derived point

cloud with the global coordinate system.

Because the number of recorded points depends on acquisition 
time, walking speed was kept as consistent as practical under field 
conditions. After closing the loop and ending the trajectory, the SLAM 
algorithm required a finalisation period during which scanning was 
disabled. The final SLAM processing was performed in the Faro Con-

nect desktop software, where the point cloud was georeferenced and

exported as a.laz file. Out of the 48 sample plots initially measured,

four were discarded because data capture failed for one of the two

trajectory designs, leaving 44 plots for analysis.

Assisted workflow for processing MLS data into forest
inventory attributes

Point cloud data pr e-processing
In the assisted workflow, the detection and segmentation of individual 
trees (instance segmentation) were performed in RiSCAN PRO (version 
2.20.1; Riegl Laser Measurement Systems GmbH, Horn, Austria) using 
the LIS TreeAnalyzer plugin developed by Laserdata GmbH (Inns-

bruck, Austria) (Groiss and Handl 2024). The plugin is designed for 
processing data recorded by the Riegl scanners and therefore requires 

specific point attributes: XYZ coordinates, distance-corrected intensity

(Reflectance), and a measure of pulse-shape deviation (Deviation).

Because our data did not originally include Reflectance or Deviation, 
these attributes were derived from the raw point cloud (Fig. 5, stage 
1). Reflectance was created by linearly rescaling the original intensity

values to the required range of −25 dB to 10 dB and removing extreme 
outliers as noise. Deviation, which tends to be low for planar stem

surfaces and higher in heterogeneous neighbourhoods such as foliage

(Yrttimaa et al . 2025), was estimated from local point-cloud geome-

try. For each point, surface normals were computed within a 3 cm 
neighbourhood, their orientations were stabilized using a Minimum 
Spanning Tree algorithm with six neighbours, and the absolute Z-

components were extracted and rescaled to the 1–21 range expected

by LIS TreeAnalyzer. All pre-processing steps were performed in

CloudCompare (version 2.13.2).

The prepared point cloud was imported into RiSCAN PRO, where 
ground points were classified using standard procedures (Axelsson 
2000). This classification enabled the creation of a digital elevation 
model and subsequent normalisation of Z-coordinates to represent

height above ground level, required for tree-level characterisation

with the LIS TreeAnalyzer extension.

Manually verified tree detection and instance segmentation
The LIS TreeAnalyzer identifies individual trees from a horizontal 
slice of the point cloud—typically extracted between 1.3 and 2.5 m 
above ground—with a thickness of 0.1–0.5 m. In this slice, tree cross-

sections generally appear as circular or arc-shaped clusters, enabling

their detection through point-cloud clustering and pattern-recognition

techniques (e.g. Aschoff and Spiecker 2004). To suppress branch-

related noise and improve the robustness of the tree detection pro-

cess, a temporary filtering step was applied to remove points with

Reflectance ≤10 dB and Deviation >3.

The remaining points—representing potential tree stem cross-

sections—were projected onto the XY plane (Fig. 5, stage 2). A Hough 
Circle Transform (Illingworth and Kittler 1987) was then applied 
to detect circular features corresponding to tree stems. Manual 
verification was subsequently conducted to remove false detections

caused by branches or understory vegetation forming arc-shaped
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Figure 5 Overview of the assisted workflow for processing mobile laser scanning (MLS) data into forest inventory attributes. (1) Point cloud 
preprocessing: (i) Extraction of deviation and reflectance attributes, followed by (ii) ground classification and point cloud normalisation. (2) Manually 
verified tree detection: (i) Automatic detection through a utomatic circle fitting, (ii) manual removal of incorrect stems, and (iii) manual delineation of 
unidentified stems. (3) Automatic instance segmentation using detected trees as seeds. (4) Automatic semantic segmentation and tree characterisation
using point cloud tools (Yrttimaa 2021). Diameters were measured by fitting circles to stem slices derived from cylindrical point cloud segments (iiia), 
omitting outliers (iiib), and fitting cubic splines as stem curves (iiic) to extract tree attributes, including DBH and tree height (h). (5) Forest inventory 
attributes were then estimated by aggregating tree-level metrics to forest inventory attributes such as basal area (G), number of trees per hectare 
(TPH), total stem volume (V), basal area-weighted mean tree diameter (Dg) and -height (Hg), and dominant height (Hdom).

patterns. Simultaneously, stem clusters missed by the automatic circle 
detection were manually delineated to ensure that all trees recorded

in the point cloud became correctly detected.

The verified tree positions were then used as seeds for an auto-

matic bottom-up segmentation approach that delineated entire trees—

including stems and branches—within the point cloud (Fig. 5, stage 
3). Following Bremer et al . (2018), a 3D Dijkstra Region Growing algo-

rithm was applied, computing the shortest paths from each seed point 
towards the canopy top and grouping points based on their lowest-

cost paths. Gaps of 0.15–0.6 m were tolerated during this process. Once 
points were labelled by tree instance, the segmented tree point clouds

were exported with additional attributes, including tree location, tree

height (defined as the maximum Z-value within each segment), and

the diameter of the circle fitted to the stem cross-section.

Because the VRS-aided GNSS positioning did not always achieve the 
desired accuracy, the segmented tree point clouds and detected tree 
locations were georeferenced to the field-measured tree positions. A 
rigid coordinate transformation was computed by identifying corre-

sponding trees (n = 5–10 per plot) in both datasets to serve as tie points.

This ensured that MLS-derived measurements could be reliably linked

to the corresponding reference measurements for subsequent accu-

racy assessment.

Semantic segmentation and tree- and for est inventory
attribute estimation

The Tree attribute measurements were derived using the automated

methodology originally introduced by Yrttimaa et al . (2019, 2020). This 
approach utilizes semantic segmentation to separate stem points from 
foliage and branches, thereb y isolating the stem surface for taper

curve estimation and subsequent attribute retrieval (Fig. 5, stage 4). 
The methods were implemented in MATLAB (The Mathworks Inc.,

Natick, MA, USA) and are openly available (Yrttimaa 2021). As these 
tools were initially designed for TLS data, additional point cloud filtra-

tion steps and parameter adjustments were necessary to ensure com-

patibility with the MLS data. These adjustments primarily involved

relaxing tolerances to allow more scattered surface representations to

be accepted as potential stem points, accounting for the inherent noise

in MLS point clouds.

The segmentation process began by analysing local point neigh-

bourhoods to identify smooth, vertical surfaces. These candidates

were validated using a RANSAC-based cylinder filter (Fischler and 
Bolles 1981, Yrttimaa et al . 2020). Stem-crown separation was further 
refined through a Cartesian-to-cylindrical c oordinate transformation

and a Simple Morphological Filter (Yrttimaa et al . 2024). To effectively 
manage noise—particularly in the less dense upper sections of the
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canopy—the DBSCAN algorithm (Ester et al . 1996) was applied to stem 
points across three distinct height intervals (0% .  .  . 30%, 30% .  .  . 70%, 
and 70% .  .  .  100%.). Finally, to prevent diameter overestimation, the

stem points underwent a secondary Simple Morphological Filter pass

similar to that used during the initial surface classification.

For the construction of taper curves, least-squares circles were 
fitted to 5 cm thick slices at 3 cm vertical intervals. To ensure accu-

racy, erroneous diameter measurements resulting from misclassified 
points or incomplete reconstruction were detected and removed using 
a second-order polynomial RANSAC fit and an adaptive window filter. 
Estimates were accepted only if they deviated by less than 5% from the

mean of the five preceding measurements. A monotonic cubic spline

(smoothing parameter 0.6) was subsequently fitted to interpolate miss-

ing sections (e.g. treetops) and smooth irregularities. The final DBH

was derived directly from this taper curve.

To maximize the number of successfully measured trees despite 
variations in shape, size, and point cloud quality, a three-stage iter-

ative procedure was employed. The first stage applied the strictest 
criteria regarding slice properties, outlier removal thresholds, and 
the minimum number of acceptable diameter measurements (at least 
nine). Trees failing these criteria were passed to a second stage, which 
allowed for greater uncertainty in circle fitting and densified the

measurement interval along the stem from 3 cm to 1 mm. If necessary,

a third stage further relaxed consistency requirements to accept trees

with a minimum of six valid diameter measurements. This stepwise

approach balanced measurement reliability with dataset complete-

ness, minimising accuracy losses while maximising the extraction of

tree-level attributes.

For trees where a full taper curve could not be successfully recon-

structed, a fallback procedure was applied. This involved estimating 
DBH by repeatedly fitting a RANSAC-based cylinder model (200 itera-

tions) to a 1-m thick stem section located between 1 m and 2 m above 
ground. Tree height was defined as the vertical difference between the

lowest and highest points in the segmented cluster. As the complete

stem taper curve was not available for all the measured trees, stem

volume was predicted using the species-specific volume equations

(Laasasenaho 1982) that were also used with respective reference 
measurements. For this task, the dominant tree species—identified 
from panoramic images captured within each plot—was assigned to

all individual trees located within the corresponding plots.

After deriving the tree attributes, trees exhibiting unrealistic height– 
diameter ratios—indicating potential errors in either height or diam-

eter—were identified as outliers and excluded from further analysis. 
This was done by fitting a logarithmic model to the height–diameter 
observations and comparing the predicted ratios with the measured 
ones. Outliers were detected using the two-sigma rule, assuming that 
95% of the measurements should fall within two standard deviations

of the mean. As a result, 116 trees detected from the MLS-line data

and 113 trees from the MLS-loop data were removed as outliers. Tree

measurements passing this procedure were subsequently aggregated

at the plot level to derive estimates for TPH, G, V, Dg, Hg, and Hdom

(Fig. 5, stage 5).

Automatic workflow for processing MLS data into
forest inventory attributes

For processing the MLS data into forest inventory attributes using an 
automated workflow, we used the 3DFin plugin (Laino et al . 2024) 

implemented in CloudCompare (v2.13.2). The software is openly acces-

sible and provides all key processing steps required to derive tree 
attributes—height normalisation, tree detection, instance segmenta-

tion, and tree-attribute measurement—directly from TLS/MLS point

cloud data. Compared with other automated workflows, it has been

reported to perform well (Laino et al . 2024). In this study, 3DFin was 
applied to MLS data downsampled to a 1 mm resolution, using its

default parameter settings except for adjusting the minimum stem

diameter to 4 cm.

3DFin processes point-cloud data through four main stages. First, 
the point cloud is height-normalized using a DEM generated with 
the Cloth Simulation Filter. Second, a horizontal slice is extracted 
from the normalized point cloud, and vertical points within this slice 
are identified and clustered to detect stem bases. Third, initial stem 
axes are estimated and used to assign points to individual trees and

to determine tree height. Finally, stem diameters are measured at

regular vertical intervals using circle fitting, with built-in quality-

control criteria applied to remove unreliable estimates. Together, these

steps produce fully automatic measurements of tree attributes, which

were subsequently aggregated at the plot level to derive estimates for

TPH, G, V, Dg, Hg, and Hdom.

Accuracy assessment 

Assessing the accuracy of detecting and characterising individual trees 
from MLS point clouds.

Trees detected from the MLS data were manually verified and 
linked to the corresponding reference trees. Manual verification was 
required because the reference measurements also contained random 
localisation errors that caused some tree positions to deviate more 
than expected. Additionally, up to 1.5 growing seasons had elapsed 
between the reference and MLS campaigns and some trees had fallen,

causing some structural changes. Reference trees without a valid MLS

match—typically due to incomplete reconstruction or segmentation—

were labelled as ‘not segmented’ and counted as omission errors.

Tree detection accuracy was assessed separately for both work-

flows by computing the segmentation rate (SR) and characterisation 
rate (CR). SR denotes the proportion of reference trees that could be 
detected and segmented from the MLS data, whereas CR represents 
the proportion of reference trees for which tree attributes could be 
successfully derived. A small number of MLS-derived trees could not

be matched to any reference trees, most likely due to them being

missed during field data collection. These were omitted from analysis;

no commission errors were therefore evaluated, as the field inventory

data were treated as ground truth.

Tree characterisation accuracy was assessed for matched trees 
using bias and RMSE for DBH and height:

RMSE =
√∑n 

i=1

(
ŷi − yi

)2

n
(1)

Bias =
∑n 

i=1

(
ŷi − yi 

)
n

(2)

where yi denotes the reference value for tree i, ŷi the MLS-derived 
value for tree i, and n the number of trees. For height, only trees 
with field-measured (not model-predicted) heights were included. In 
addition to absolute values, we computed relative RMSE and bias

by dividing by population means. Given the time lag between the

reference measurements and MLS data acquisition, measurement
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accuracy was expected to be affected by tree growth. To account for 
this possible bias, we also used Pearson’s correlation coefficient (r) to

evaluate the linear relationship between the field-measured and point

cloud-derived measurements.

Assessing the accuracy of MLS-derived forest inventory
attributes

To assess the accuracy of MLS-derived forest inventory attributes, 
the point-cloud-derived estimates for TPH, G, Dg, Hg, Hdom, and V

were compared with those obtained from the reference data. Bias

and RMSE (Equations 1–2) were used to quantify accuracy and r 
was used to evaluate consistency between MLS-derived and reference

measurements. In Equations 1 and 2, yi denotes the reference value for 
plot i , ŷi the MLS-derived value for plot i, and n the number of plots.

Assessing the influence of data acquisition trajectory, 
processing workflow, and f orest structure on the

measurement accuracy
We also evaluated how data acquisition trajectory and processing 
workflow influenced MLS-based forest inventory performance. Per-

formance in CR, as well as in estimating tree- and plot-level for-

est inventory attributes, was compared across four scenarios: the 
assisted workflow applied on MLS-loop (assisted-loop) and MLS-line 
data (assisted-line), and the automatic workflow applied on MLS-loop

(automatic-loop) and MLS-line data (automatic-line). In addition to

accuracy metrics, we analysed differences in data acquisition duration

and in the total number of recorded 3D observations (stem points,

crown points) for MLS-line versus MLS-loop.

To further understand the influence of forest structure on MLS-

based forest inventory performance, we analysed the association 
between CR and forest attributes. Given that higher tree density and

greater vegetation complexity are expected to affect measurement

accuracy (Yrttimaa et al . 2019), we used r to evaluate the relationship 
between CR and TPH, G, Dg, Hg, Hdom, and V. In addition, we exam-

ined metrics describing tree size and variability within the sample

plot, specifically the standard deviation, minimum, maximum, and

mean values of DBH and tree height.

Results 
Accuracy of detecting and characterizing individual 

tr ees from MLS point clouds

Using the MLS-line acquisition trajectory, 99.8% of field-measured 
trees were identified with the assisted-line approach, whereas the 
automatic-line approach identified 78.4%. For the MLS-loop trajecto-

ries, the assisted-loop approach detected 99.7% and automatic-loop 
detected 80.0%. After excluding trees for which DBH or height could 
not be derived due to incomplete point cloud reconstructions, the 
overall CR was 97.1% for assisted-line and 96.7% for assisted-loop. The

fully automatic workflow achieved a CR of 73.7% for automatic-line

and 74.1% for automatic-loop. In the assisted workflow, undetected

trees were not concentrated in any particular size class, whereas

the automatic workflow predominantly missed small-diameter trees

(<15 cm).

For assisted-line, the RMSE for DBH and height were 2.4 cm (14.8%) 
and 2.1 m (14.0%), respectively, compared with 2.5 cm (13.3%) and 
6.4 m (36.7%) for automatic-line.  For  assisted-loop, RMSE values were 

2.7 cm (16.2%) for DBH and 2.4 m (15.7%) for height, while automatic-

loop yielded 2.4 cm (12.5%) for DBH and 6.2 m (35.5%) for height. DBH 
was overestimated in all approaches, with biases of 1.4 cm for assisted-

line, 1.5 cm for automatic-line, and 1.2 cm for both assisted-loop and

automatic-loop. Height was underestimated by 0.2 m in both assisted-

line and assisted-loop, whereas the automatic workflow overestimated

height by 3.1 m for automatic-line and 2.8 m for automatic-loop.

The Pearson correlation between reference and MLS-derived DBH 
was 0.97 for assisted-line, automatic-line, and automatic-loop, and 0.96 
for assisted-loop. For height, the correlations were 0.96 for assisted-

line and 0.95 for assisted-loop, while the automatic workflow achieved

correlations of 0.65 and 0.64 for automatic-line and automatic-loop,

respectively. As shown in Fig. 6, the accuracy of MLS-derived DBH 
and height generally improved with increasing tree size, whereas the

automatic workflow particularly overestimated smaller trees.

Accuracy of deriving plot-level for est inventory
attributes

Strong correlations were observed between MLS-derived plot-level 
forest inventory attributes and reference measurements across all

investigated attributes (Fig. 7). Using the assisted workflow, the cor-

relations were ≥ 0.98 for Dg, Hg, TPH, V, and Hdom, and 0.94 for G 
in both assisted-line and assisted-loop. The automatic workflow also 
showed strong correlations for most variables, with r ≥ 0.97 for Dg, 
Hg, V, and Hdom, and r ≥ 0.91 for G. In contrast, TPH exhibited clearly

weaker performance when derived using the automatic workflow,

with correlations of 0.62 (automatic-line) and 0.66 (automatic-loop),

indicating substantial limitations in stem detection.

The assisted workflow overestimated G, with RMSEs of 3.8 m2/ha 
(bias 2.7 m2/ha) and 3.5 m2/ha (bias 2.2 m2/ha) for assisted-line and 
assisted-loop, respectively. In contrast, the automatic workflow under-

estimated G: automatic-line yielded an RMSE of 3.6 m2/ha and a bias of

−0.5 m2/ha, while automatic-loop produced an RMSE of 4.2 m 2/ha and

a bias of −1.3 m2/ha. TPH was estimated with high accuracy using the 
assisted workflow, with RMSEs of 51 n/ha ( assisted-line) and 54 n/ha

(assisted-loop) and slight negative biases (−27 n/ha and − 33 n/ha), 
reflecting missed trees. The automatic workflow performed substan-

tially worse, with RMSEs exceeding 600 n/ha and biases of ∼−370 n/ha 
in both trajectory types, indicating major underestimation of stem

density.

For Hg, assisted-line achieved an RMSE of 1.2 m and a bias of −0.5 m, 
while assisted-loop produced an RMSE of 1.3 m and a bias of −0.6 m. 
The automatic workflow yielded slightly higher RMSEs of 1.5 m (auto-

matic-line) and 1.6 m (automatic-loop), with positive biases of 0.9 m and 
0.5 m, indicating overestimation of mean height. For Dg, the assisted 
workflow outperformed the automatic one: assisted-line produced an 
RMSE of 1.0 cm (bias 0.7 cm), and assisted-loop an RMSE of 1.2 c m
(bias 0.7 cm). In comparison, the automatic workflow showed higher

errors, with RMSEs of 2.8 cm (bias 2.3 cm) for automatic-line and 2.3 cm

(bias 1.9 cm) for automatic-loop, suggesting systematic overestimation

of mean diameter.

V was estimated with higher precision in the assisted workflow, 
which yielded RMSEs of 19.1 m3/ha (bias 11.5 m3/ha) for assisted-

line and 20.2 m3/ha (bias 6.4 m3/ha) for assisted-loop . In comparison,

the automatic workflow resulted in higher RMSEs of 27.9 m3/ha (bias

5.2 m3/ha) and 29.3 m3/ha (bias −4.8 m3/ha), respectively. For Hdom, 
assisted-line reached an RMSE of 0.8 m (bias −0.3 m), while assisted-

loop had an RMSE of 1.2 m (bias −0.7 m). Automatic-line achieved the
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Figure 6 The relationship between measurements for DBH and height when derived during the field campaign using calipers (Reference DBH & Height) 
and mobile laser scanning (estimated DBH & Height). Root mean square error (RMSE), mean error (bias), and Pearson’s correlation coefficient (r) are 
reported to facilitate comparison between the two pr ocessing approaches—Assisted and automatic—as well as the two data acquisition trajectories: 
Line transects (MLS-line) and closed loops (MLS-loop), as illustrated in Fig. 4. 

lowest RMSE for Hdom (0.6 m) with a near-zero bias ( −0.1 m), whereas 
automatic-loop performed worse (RMSE 1.9 m, bias −0.7 m). 

Influence of data acquisition trajectory and forest 
structure on the performance of MLS-based forest

inventory

Forest structure seemed to have a minor influence on the performance 
of the assisted workflow. Weak-to-moderate correlations (−0.33 to 
−0.44) were observed between CR and plot-level standard deviation

of either DBH or height (Fig. 8). This suggests that a greater struc-

tural variability increased the likelihood of undetected stems, imply-

ing decreased performance in more complex stand conditions. How-

ever, because most trees were detected (SR > 99.5%) and measured

(CR > 96%) using the assisted workflow, no clear association between

detection performance and any specific forest variable was identified.

Using the automatic workflow, moderate to strong positive corre-

lations (0.68–0.79) were found between CR and plot-level mean DBH 
and height. Other size-dependent variables such as Dg, Hg, Hdom, V,

and the maximum and minimum height and DBH showed moderate

correlation (0.46–0.63) with CR. Conversely, a strong negative corre-

lation (−0.64 to −0.72) was observed between TPH and CR. Conse-

quently, plots with larger trees and higher standing volume exhibited 
better detection performance. Unlike in the assisted workflow, the 
standard deviations of height or DBH showed no negative correlations

with detection rate, further indicating that the automatic workflow

systematically failed to detect part of small trees which are more

abundant in plots with high TPH.

For the assisted workflow, inspection of residuals in the plot-level

forest inventory attribute estimates (Fig. 7) revealed that G, Dg, and 
V tended to be overestimated in stands with low values of these 
attributes and underestimated in stands with high values. An opposite 
pattern was observed for Hg and Hdom. TPH was never overesti-

mated; instead, underestimation and its variability increased as TPH

increased, reflecting a higher likelihood of missed stems in denser

plots.

The average data acquisition duration, including the finalisation 
period, was ∼59.0% longer for MLS-line (30.5 min per plot on average) 
than for MLS-loop (19.0 min). Because the MLS device recorded data

continuously, this longer data acquisition time resulted in 20.8% more
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Figure 7 Relationships between estimates for plot-level forest inventory attributes when derived using the callipers, clinometers, and allometric models 
(reference) and mobile laser scanning (MLS). Forest inventory values include basal area (G), basal area-weighted mean tree height (Hg) and -diameter 
(Dg), number of trees per hectare (TPH), total stem volume (V), and dominant height (Hdom). Root mean square error (RMSE), mean error (bias), and 
Pearson’s correlation coefficient (r) are reported to facilitate comparison between the two processing approaches—Assisted and automatic—And the 
two data-acquisition trajectories: Line transects (MLS-line) and closed loops (MLS-loop), as illustrated in Fig. 4. 

points for MLS-line compared with MLS-loop. By semantic class, these 
increases corresponded to 36.2% more stem points and 16.9% more 
crown points. Despite the denser point cloud obtained with MLS-

line, the resulting improvements in TPH, V, and Hdom estimates were

marginal, and both trajectories yielded comparable accuracy for G, Hg,

and Dg (Fig. 7). 

Discussion 
Different data acquisition trajectories

This study evaluated the feasibility of MLS for surveying boreal for-

est sample plots in an operational setting using two data-processing 
workflows: one incorporating manual assistance in tree detection and 
another relying on fully automatic processing. In addition, two MLS 

data acquisition trajectory designs were compared: a line-transect 
approach in which parallel trajectories crossed the sample plot at 
fixed intervals (MLS-line) and a closed-loop approach in which the 
plot was covered by four loops intersecting at the plot centre (MLS-

loop). The results showed that the more intensive MLS-line approach

produced more 3D observations which translated into similar or

marginally improved accuracy in tree- and plot-level attribute esti-

mates when using the assisted workflow. In contrast, under the fully

automatic workflow, MLS-loop yielded more accurate tree-attribute

measurements, while both trajectory designs produced similar levels

of accuracy for plot level forest inventory attributes.

The findings regarding the influence of MLS trajectory design on 
reconstruction quality are broadly consistent with previous research.

Trajectories resembling MLS-line have been shown to extend data
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Figure 8 Relationships between forest inventory attributes and the CR (%) for different processing approaches. Three strongest Pearson’s correlation 
coefficients (r) are shown for both assisted and automatic workflows and for the two MLS acquisition trajectories—Line transects (MLS-line) and closed
loops (MLS-loop)—as illustrated in Fig. 4. The strongest correlations were observed for minimum, mean, and standard deviation (SD) of DBH and height 
(H), as well as for trees per hectare (TPH) and dominant height (Hdom).
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acquisition duration and increase point density and data volume

(Tiede et al . 2024), but not necessarily improve tree-attribute mea-

surement accuracy compared with loop-based trajectories (Sofia et al .
2024). A likely explanation is that the increased point density also 
introduces additional noise, which must be accounted for during data 
processing. This was evident in our results: the assisted workflow, 
which incorporated noise mitigation during semantic segmentation,

benefited from the greater data volume, whereas the automatic work-

flow—without noise handling tuned to MLS data—showed reduced

performance under the MLS-line approach.

During our field campaign, four MLS-line data acquisitions failed 
during SLAM processing, whereas no failed acquisitions occurred

with MLS-loop. Bauwens et al . (2016) reported that similar MLS data 
acquisition may fail in forests with either very high stem density 
and dense understorey or very low stem density—conditions under 
which SLAM tends to struggle. However, in the present study, no clear 
structural pattern explained the failed MLS-line acquisitions, though 
they may be related to the longer acquisition duration required by 
MLS-line. Because MLS-loop produces adequate point-cloud coverage

within shorter acquisition times and does not compromise measure-

ment accuracy relative to MLS-line, it can be considered the preferred

trajectory design for operational forest inventories. Data acquisition

trajectories such as our MLS-loop have also been recommended in

early MLS studies (Kukko et al . 2017) and by sensor manufacturers. 
Similar data acquisition trajectories have been used in other large-

scale tests (Gollob et al . 2020). Nevertheless, MLS trajectories should 
be standardized within acquisition campaigns, as variations may 
influence certain measurements, such as indicators of stand structural

complexity (Neudam et al . 2022). 

Individual tree characterisation for plot-le vel attribute
estimation

Accurate detection of all relevant trees and reliable measurement of 
their characteristics form the basis for point cloud-based surveying of

sample plots, as tree-level errors accumulate at the plot level (Yrttimaa 
et al . 2019). Missed trees cause systematic underestimation of TPH, G, 
and V, while systematic DBH or height errors affect Dg, Hg, and Hdom 
even when detection is perfect. Therefore, both detection performance

and measurement accuracy must be evaluated in MLS workflows.

Automatic workflows applied to TLS and MLS data are known to 
struggle in detecting all relevant trees, particularly in structurally com-

plex stands with dense understorey and numerous small trees (Liang 
et al . 2018, Yrttimaa et al . 2019). Across varying forest conditions, 
fully automatic TLS/MLS methods typically achieve detection rates of

∼70%–90% (e.g. Holvoet et al. 2025). Hrdina et al. (2025) compared sev-

eral automatic tree detection and measurement algorithms in a stand 
of 236 trees and reported detection rates ranging from 44.5% to 97%, 
with DBH RMSE values of 1.6–2.4 cm. Using an assisted workflow, they 
achieved a detection rate of 99.2% with a DBH RMSE of 1.2 cm. The

fully automatic 3DFin algorithm—also used in this study—achieved

77.1% detection with a DBH RMSE of 2.4 cm. In Austria, Gollob et al .
(2020) achieved a detection accuracy of 96% and a DBH RMSE of 
2.3 cm (12.0%) using an automatic workflow in an experimental

setup comprising 2466 trees across 20 sample plots. Under operational

conditions, Kükenbrink et al . (2025) evaluated fully automatic MLS 
processing across 29 Swiss NFI plots and reported an average detec-

tion accuracy of 82.6% with a DBH RMSE of 2.8 cm (7.7%).

In this study, the automatic workflow followed this pattern, 
detecting 73.7% of trees with a DBH RMSE of 2.5 cm and a height RMSE 

of 6.4 m; most missed trees had DBH < 15 cm. By contrast, the assisted 
workflow—which involved manual refinement of tree detection 
while keeping subsequent segmentation and measurement fully 
automated—achieved 97.1% detection with a DBH RMSE of 2.4 cm

and height RMSE of 2.1 m. These results highlight the limitations of

fully automated processing, while demonstrating that incorporating

targeted manual assistance—particularly during tree detection—

enables MLS to capture nearly all trees and produce structurally

complete point-cloud reconstructions.

All results experienced low to moderate positive bias relative to 
the reference measurements. Part of this bias can be attributed to 
forest growth, as the time gap between the reference and MLS mea-

surements ranged from 9 to 14 months, corresponding to approxi-

mately half to one and a half growing seasons. Particularly in young

forests, this can result in centimetre-level DBH increments, and height

increases of several decimetres (e.g. Männistö et al . 2024). In addition, 
a portion of the positive DBH bias is likely related to noise caused 
by laser-beam divergence. Unlike random noise, beam divergence

increases the laser footprint with distance, producing edge returns

that systematically inflate the fitted stem diameters (Faitli et al . 2024). 
For tree height—derived from the highest point return associated with 
each tree—the largest errors were primarily caused by inaccuracies 
in instance segmentation, a problem that was more pronounced in 
the automatic workflow. In multilayered stands, points from lower 
canopy layers were often misassigned to upper canopies, leading to

systematic overestimation of tree height. This effect was reflected in

the observed positive height biases of 2.1 m for the assisted-line and

6.4 m for the automatic-line workflows.

For operational forest inventories, the primary objective is the 
accurate estimation of plot-level attributes; however, evaluations of

MLS- or TLS-based performance at the plot level remain relatively

scarce. Vatandaşlar et al . (2023) assessed MLS-derived forest inventory 
attributes across 39 plots and reported RMSEs of 8.4% for TPH, 10.1% 
for G, 4.5% for Dg, 9.4% for Hdom, and 16.4% for V. Similar to our 
assisted workflow, their approach combined automatic stem detection

with a visual inspection step to correct tree locations when necessary.

Using TLS data and fully automatic processing in comparable boreal

forest conditions, Yrttimaa et al . (2019) reported correlations of 0.82– 
0.97 between TLS-derived and field-measured attributes and RMSEs 
of 12.3% for Dg, 5.9% for Hg, 18.4% for G, 51.7% for TPH, and 15.3% 
for V. In the present study, the assisted workflow achieved strong 
correlations with the reference data (r > 0.94) and low relative RMSEs 
( < 8%) for TPH, Hg, Dg, V, and Hdom, while G showed a higher RMSE

of 16.3%. In contrast, the fully automatic 3DFin workflow exhibited

substantially higher errors, with an RMSE of 61.9% for TPH and 12–

15% for most other attributes, except for Hdom (2.9%).

Overall, these results highlight the importance of applying assisted 
workflows for attributes sensitive to detection completeness, partic-

ularly TPH. For other attributes (Dg, Hg, Hdom, G, V), differences 
between workflows were smaller. The comparison further demon-

strates that kinematic MLS acquisition enables efficient capture of

the complete forest scenes while maintaining plot-level measurement

accuracy comparable to static TLS, despite the higher noise levels

inherent in MLS point cloud data.

Operational feasibility and futur e perspectives

While the experiments conducted in this study demonstrate that MLS 
has strong potential as a feasible technology for forest surveying,

further development of post-processing solutions and standardized
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protocols is required. Accurate instance segmentation remains a 
major bottleneck, as it determines the population of successfully 
characterized trees and the reliability of their derived attributes.

To address known challenges of detecting all trees in structurally

complex forests (e.g. Liang et al . 2018, Calders et al . 2020), we 
applied an assisted workflow and compared its performance with 
fully automatic measurements generated using 3DFin. The assisted 
workflow, relying on manual tree detection confirmation followed 
by automated subsequent processing, consistently produced more 
accurate plot-level forest inventory attribute estimates. These results

indicate that future improvements should primarily target the most

uncertain processing step—instance segmentation. Encouragingly,

recent advances in sensor-agnostic point-cloud segmentation meth-

ods, including machine- and deep-learning-based approaches (e.g.

Wielgosz et al . 2024), are likely to substantially alleviate this limitation

in the near future.

The operationally more feasible automatic workflow proved reli-

able in plots with relatively simple stand structures, whereas layered 
canopies and high densities of small-diameter trees led to missed 
detections and segmentation errors. This is particularly relevant in 
our study area, where 30% of the trees had a DBH below 10 cm and

50% were below 15 cm. These shortcomings resulted in substantial

underestimation of TPH and affected height estimation. In contrast,

plot-level variables such as Hdom, Hg, and Dg remained accurate, as

they are less sensitive to omissions of small trees.

An important aspect not addressed in this study—but crucial for 
operational deployment—is the occurrence and impact of false posi-

tives (commission errors) in automatic tree detection. Such errors may 
arise from seedlings below the diameter threshold or from branches 
misclassified as stems. In the assisted workflow , these errors were

manually removed, whereas in the automatic workflow no correc-

tion was applied, potentially introducing additional bias. Developing

robust methods for automatical identification and removal of false

detections, and systematically assessing their impact, should therefore

be investigated in future research.

From an operational perspective, MLS has been shown to substan-

tially reduce both field and office workload, thereby lowering the

overall costs of surveying sample plots (Sofia et al . 2024). Hunčaga et al .
(2020) reported MLS data acquisition to be ∼5.3 times faster than TLS,

while Gollob et al . (2020) found MLS to be 2.5 times faster than tra-

ditional field measurements. Shifting effort from field work to office-

based point cloud analysis allows more comprehensive data capture 
and analysis while maintaining over all efficiency. Even with assisted

processing, MLS-based workflows can be operationally feasible when

supported by streamlined software solutions. The increasing availabil-

ity of open-source tools (Laino et al . 2024) and more affordable MLS 
devices has further lowered adoption barriers (Balestra et al . 2024). 

Although software capable of fully automatic extraction of 
individual-tree attributes already exists, there remains substantial 
scope for further automation. In particular, user-friendly tools that 
integrate the entire workflow—from raw data processing to tree-

and plot-level attribute computation—are essential to enable wider

operational adoption. In line with recent studies (e.g. Pires et al .
2024), our results demonstrate that current MLS technology is 
already a viable and promising alternative for forest sample-plot 
measurements, provided that remaining post-processing challenges 
are addressed. Finally, forest inventory attributes are typically derived 
by tree species, which was not considered in this study. While tree

species recognition using geometric data alone is feasible (Åkerblom 

et al . 2017), incorporating spectral information—such as data from 
imagery or multispectr al laser scanning—could further improve

classification accuracy (Chen et al . 2024) and enable the estimation 
of species-specific forest inventory attributes.

Conclusion 
The experiments conducted in this study across a range of boreal 
forest conditions demonstrate that MLS is a suitable technology for 
rapidly collecting point cloud data for accurate forest surveying. 
Potential use cases include sample-plot measurements for NFIs, 
ALS-based forest inventories, forest research, and quality control of 
forest operations. Most forest inventory attributes—except TPH— 
were measured reliably using automatic workflows. However,

incorporating manual assistance during tree detection revealed the

full potential of MLS, acknowledging that tree detection and instance

segmentation currently represent the main computational bottlenecks

in point-cloud-based forest characterisation. These limitations are

expected to diminish as computational methods continue to improve.

Comparisons between alternative data acquisition trajectories 
showed that the more intensive MLS-line approach generally 
produced higher point density and reduced occlusion. In the assisted 
workflow, this translated into slightly improved individual-tree 
measurement accuracy. In contrast, under fully automatic processing, 
MLS-loop yielded more accurate results. Increased point density did 
not consistently improve plot-level forest inventory attribute esti-

mates. The repeated loop closures inherent in MLS-loop appeared to

benefit SLAM performance, as no acquisition failures were observed.

Nevertheless, intensifying data acquisition may still be advantageous

in some situations; therefore, increasing the number of loops (or

‘petals’) within the MLS-loop design may help ensure sufficient data

capture in large sample plots or structurally complex forest stands.
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