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A B S T R A C T

Forestry is entering a new era where precision and innovation converge through advanced mobile laser scanning 
(MLS) technologies. Traditional methods of assessing harvesting quality, often manual, time-consuming, and 
prone to human error, are being replaced by objective, data-driven approaches. In this study, we conducted high- 
resolution point cloud scanning across four forest stands (11 ha) in Central Finland using the handheld GeoSLAM 
ZEB Horizon LiDAR system. We aimed to evaluate the capacity of MLS to measure harvesting attributes related to 
stand density, tree dimensions, and strip road characteristics, to assess the impact of the Ponsse Plc Thinning 
Density Assistant (TDA), and to detect defective tree stems. Within a 5-ha subset, 11 potentially anomalous trees 
were identified. A spatially precise tree map was created using QGIS and a separate map application, enabling 
comparison between manual field measurements and digital measurements. The findings indicate a strong 
concordance between automated and traditional assessments. With few exceptions, the results were consistent 
with established Best Practices for Sustainable Forest Management. Preliminary tests of a novel algorithm for 
curved stem detection further suggest the potential of MLS for automated defect recognition. A strip road width 
model was also developed to estimate the average strip road width within the forest stand. These findings un
derscore MLS as a powerful tool for enhancing accuracy, efficiency, and objectivity in modern forest 
management.

Key finding:

• Defect identification is accurate, but tree detection deteriorates 
at low densities.

• Missed detections are caused by crown occlusion or suboptimal 
parameter settings.

• Lower point density reduces detected trees but not defect clas
sification accuracy.

• Point clouds and derived tree maps reliably assess thinning 
quality.

• Thinning quality meets Finnish best-practice forest manage
ment guidelines.

1. Introduction

Forest thinning is one of the key silvicultural practices aimed at 
improving the growing conditions of residual trees, thereby enhancing 
the vitality, quality, and yield accumulation of the forest (Cameron, 
2002; Zhang et al., 2024). Thinning can be carried out using various 
strategies, such as below-, above-, quality-, or systematic thinning, 
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where the main difference lies in the selection of trees to be harvested 
(Niemistö et al., 2018; Kellomäki, 2022). However, all these strategies 
share a common goal of optimising competition dynamics and forest 
structure, removing damaged trees, and maintaining a balanced spatial 
distribution (Niemistö et al., 2018; Saarinen et al., 2020; Kellomäki, 
2022; Kärhä et al., 2021). Consequently, forest management is recog
nised to have a significant impact on forest development by influencing 
the natural growth dynamics (Kellomäki, 2022). Even when meticu
lously planned, forest thinning can still adversely affect the forest by 
causing damage to soils, residual trees, water bodies, and habitats 
(Sirén, 1998; Ampoorter et al., 2012; Cambi et al., 2015).

The concept of harvesting quality includes several important attri
butes, such as thinning intensity, damage to trees and roots, tree selec
tion, strip road width, spacing, and ruts (Sirén, 1998; Iittiläinen et al., 
2003; Leivo et al., 2023). Initially, mechanised forest thinning raised 
concerns about the potential for greater damage to residual trees 
compared to motor-manual logging (Isomäki and Kallio, 1974; Lilleberg, 
1984, 1986; Bettinger and Kellogg, 1993). Over time, advances in ma
chinery, operator skills, and worksite planning have led to a decline in 
harvesting damage rates (Harstela, 1996). The 1980s and 1990s saw a 
peak in Scandinavian harvesting quality research, during which 
numerous methods were developed to evaluate key attributes such as 
residual tree damage (Siren, 1981, 1982), strip road width and spacing 
(Sondell, 1974; Arvidsson and Knutell, 1977; Bucht, 1977; Carlestål and 
Dehlén, 1977; Tørå, 1978; Diggle and Knutell, 1979; Björheden and 
Fröding, 1986; Isomäki and Niemistö, 1990; Isomäki, 1994), rutting 
(Ahlgren, 1982), and stand structure after thinning (Niemistö, 1992). 
Many of these methods remain widely used in Fennoscandia (Iittiläinen 
et al., 2003; Bergkvist and Staland, 2003; Leivo et al., 2023), as well as in 
other parts of the world (Strubergs et al., 2024; Laajalehto, 2025).

In Finland, the quality of harvesting is typically evaluated through 
field surveys conducted during or, more commonly, months after the 
thinning process. Assessing harvesting quality is time-consuming and 
expensive, resulting in limited data coverage relative to the number of 
forest thinnings (Sirén, 1998). To address this challenge, more auto
mated methods have been developed (Ovaskainen, 2019). For instance, 
stand-specific attributes related to the strip road network—such as 
width and spacing—can be precisely determined using forest machines’ 
Global Navigation Satellite System (GNSS) positioning, which is avail
able in the harvesting production report (hpr) file via StanForD 2010; 
Arlinger et al., 2021; Hannrup et al. (2021); Ovaskainen and Riekki 
(2022); Strubergs et al. (2024). However, canopy-induced signal loss 
frequently hampers GNSS accuracy, restricting the ability to attain 
sub-metre positioning precision (Noordermeer et al., 2021; Faitli et al., 
2024; Liu et al., 2025). Additionally, integrating remote sensing data 
with harvesting machines allows for more precise and real-time moni
toring of forest conditions (Kankare et al., 2019; Korhonen et al., 2024).

Laser scanning technologies produce high-resolution three-dimen
sional (3D) point cloud data for capturing forest structure at different 
spatial resolutions (i.e., point density p/m2) (Liang et al., 2022). These 
technologies are used on three main platforms: 1) Airborne Laser 
Scanning (ALS) enables assessments from landscape to tree scale over 
large areas (Holmgren and Persson, 2004; White et al., 2013; Vastaranta 
et al., 2014; Yrttimaa et al., 2025); 2) Terrestrial Laser Scanning (TLS) 
records detailed, fine-scale information from static ground positions 
(Liang et al., 2016; Krishna Moorthy et al., 2020; Calders et al., 2020); 
and 3) Mobile Laser Scanning (MLS) collects dense, ground-level point 
cloud data dynamically from moving platforms (Di Stefano et al., 2021; 
Sevgen and Abdikan, 2023). Among these, MLS has become an emerging 
tool for real-time harvesting quality assessment, due to its ability to 
quickly acquire high-resolution 3D data while navigating complex en
vironments (Bauwens et al., 2016; Salmivaara et al., 2018). Mounted on 
ground vehicles or forestry machinery, MLS systems combine Light 
Detection and Ranging (LiDAR) sensors with GNSS and Inertial Navi
gation System (INS), enabling accurate georeferencing of point clouds 
even under forest canopy conditions where airborne signals often 

weaken (Gollob et al., 2020). In forest structure evaluation, MLS has 
been used to characterise individual tree attributes such as stem diam
eter, height, volume, and biomass (Bauwens et al., 2016; Hyyppä et al., 
2020a,b; Neudam et al., 2022; Faitli et al., 2024) and biodiversity in
dicators (Kafle et al., 2025). Liang et al. (2014) demonstrated that MLS 
offers a practical balance between accuracy and operational flexibility 
for forest monitoring. However, there remains a lack of point cloud 
processing methods (even in post-processing) to derive key harvesting 
quality features in real time from high-density point cloud data during 
forest operations. These methods aim to monitor harvesting quality 
throughout logging continuously, support the harvester operator, and 
provide real-time reports on harvesting quality.

Currently, forestry operations are increasingly adopting advanced 
technologies to address long-standing challenges in assessing harvest 
quality. Traditional methods rely heavily on field-based plot sampling, 
which, although informative, is inherently limited by spatial bias and 
logistical constraints. These limitations often cause assessments to 
overlook the true variability of harvesting impacts across diverse and 
heterogeneous forest landscapes. In contrast, laser scanning systems 
offer a transformative alternative, providing comprehensive, wall-to- 
wall spatial coverage that can eliminate uncertainties related to plot 
placement and density. For example, Xiang et al. (2024) introduced 
ForAINet, a deep learning framework capable of segmenting 
high-density ALS point clouds into individual trees and components 
across various forest types, achieving over 85 % F-score for individual 
tree segmentation. This approach enables detailed forest inventories, 
reducing the constraints of traditional sampling methods. When inte
grated into harvesting machinery, MLS technology also offers real-time 
feedback, allowing immediate assessment of operational parameters 
such as stump height, stem damage, soil disturbance, and residual stand 
condition. A study by Faitli et al. (2024) demonstrated the integration of 
an MLS system with a forest harvester, enabling accurate localisation 
and tree stem measurements both in real-time and through 
post-processing of collected point clouds. The system achieved a 
root-mean-square error of 3–4 cm in estimating diameter at breast 
height (DBH) in real-time mode and 2–3 cm depending on the distance 
of the trajectory, showcasing its effectiveness in delivering timely 
feedback during harvesting operations for future applications. This 
immediacy supports on-site adjustments by operators, preventing a 
decline in thinning quality.

Beyond feedback, laser scanning systems enhance decision-making 
by providing situational awareness tools that help navigate obstacles, 
optimise travel routes to minimise soil compaction, and identify sensi
tive areas that require careful handling. Crucially, the data collected are 
objective and standardised, reducing human error and enabling 
consistent comparisons across operators, sites, and time periods. Despite 
these advantages, significant challenges remain. The development of 
sensor-agnostic deep learning models, such as SegmentAnyTree, has 
further improved tree segmentation across various laser scanning plat
forms, supporting decision-making during complex forest operations 
(Wielgosz et al., 2024). Current laser scanning-based assessments often 
depend on post-processing techniques that are computationally inten
sive and require manual interpretation, limiting their real-time use. 
There is a pressing need to develop automated, efficient point cloud 
processing algorithms capable of extracting relevant harvesting quality 
metrics in operational environments. For instance, Ponsse Plc has 
introduced a system called the Thinning Density Assistance (TDA) sys
tem, which delivers real-time information on tree density and stand 
structure (Ponsse Plc.). Overcoming this technological gap is crucial to 
unlocking the full potential of laser scanning in forest management, 
transforming it from a reactive diagnostic tool to a proactive, real-time 
element of precision forestry.

Therefore, the primary objective of this research is to assess the 
consistency of MLS point cloud data in determining harvesting quality 
characteristics compared to conventional harvesting quality assessment 
methods. Specifically, we seek to examine the following research 
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questions (RQs): 

RQ1: What is the capability of point cloud data in detecting defects in 
individual trees?
RQ2: To what extent can point cloud data, particularly from MLS, 
provide consistent and reliable measurements of harvesting quality 
attributes such as strip road spacing during first and later thinning 
operations, in comparison to conventional assessment methods?
RQ3: Does the use of TDA as a treatment influence harvesting quality 
outcomes, and if so, in what ways?

A schematic representation of the study process is shown in Fig. 1.

2. Materials and methods

2.1. Experimental design and study area

The study area is located in northern Central Finland, specifically 
within the Saarijärvi-Viitasaari and Kuopio regions, where the landscape 
is shaped by boreal forest ecosystems (Table 1 and Fig. 2). Finland is 
located in northern Europe, extending between latitudes 60◦ and 70◦ N 
and longitudes 20◦ and 32◦ E. The 3 experimental forest sites, encom
passing four stands and 10.5 ha, were harvested in 2023 (Pohjala et al., 
2025). To facilitate systematic analysis, forest stands were subdivided 
into 44 sample plots, intended to be evenly distributed. However, var
iations in plot size and spacing occurred due to forest conditions, tech
nical limitations, and operational interruptions. The experimental sites 
were dominated by Scots pine (Pinus sylvestris L.) or Silver Birch (Betula pendula) trees, a keystone species in Finland's boreal biome, interspersed 

Fig. 1. Overview of the data acquisition, preprocessing, algorithmic analysis, and result integration steps used in this study.

Table 1 
Details and geographical coordinates of the study stands where the experiment 
was carried out. DBH at (1.3 m) reference (Pohjala et al., 2025).

Stand 
number

1 2 3 4

Location ​ Kyyjärvi Karstula Kuopio Kuopio
Northing WGS 

84
63◦02′05.9″ 62◦49′56.4″ 62◦53′02.2″ 62◦53′13.6″

Easting WGS 
84

24◦42′56.3″ 24◦30′19.2″ 27◦11′51.0″ 27◦11′31.4″

Soil type ​ Peatland Mineral soil Mineral soil Mineral soil
Forest type ​ Sub-xeric 

peat heath
Sub-Xeric 
Heath

Herb-rich 
Heath

Herb-rich 
Heath

Treatment ​ First 
thinning

Later 
thinning

First 
thinning

Later 
thinning

Preclearing ​ No No Yes No
Stand age Years 37 55 27 42
Main 

species
​ Pinus 

sylvestris
Pinus 
sylvestris

Betula 
pendula

Betula 
pendula

Mean DBH cm 15.6 18.0 13.8 16.1
Mean 

height
m 15.1 17.5 17.8 17.8

Dominant 
height

m 17.0 20.4 18.0 20.4

Number of 
trees

trees 
ha− 1

1137 896 1277 875

Initial 
stocking

m3 

ha− 1
198 262 138 193

Stand area ha 2.6 4.3 1.6 1.9
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with occasional ash (Fraxinus excelsior) and Norway spruce (Picea abies 
(L.) Karst.). Fig. 2 presents a geographical map of Finland indicating the 
locations of the three study sites. Forest type was determined according 
to (Cajander, 1926).

At the experimental sites, a cut-to-length (CTL) harvester, specif
ically the Ponsse Scorpion harvester (Ponsse Plc), was used to conduct 
thinning operations. The CTL method, developed to address traditional 
cutting operations’ inefficiencies and environmental concerns, involves 
felling, delimbing, and bucking trees directly at the harvesting site. The 
thinning was carried out as low thinning, where the machine operators 
selected poor-quality and suppressed trees for removal. The forest ma
chine operators who participated in this study were skilled, and their 
productivity was at the average level in the Scandinavian region, 
approximately 18 m3 per effective machine hour (E0

− 1) (Pohjala et al., 
2025).

The Ponsse Scorpion harvester (21,000–22,500 kg) features an 11 m 
crane reach, an 8-wheel chassis with active suspension for stability, and 
a centrally mounted C50+ crane with a rotating cabin for full operator 
visibility. Crane and head functions were managed through the Opti
Control system, while the Opti 5G system combined GNSS and LiDAR 
measurements to support stand mapping and integration with the TDA 
system for real-time information on tree density and structure. 
Threshold outputs guided selective thinning and generated data for 
monitoring and evaluation. Processed timber was forwarded by a Ponsse 
Buffalo forwarder (14–15 t load capacity, 17,500–19,500 kg, optional 
10 m crane reach), with OptiControl supporting efficient loading and 
transport under variable terrain conditions (Ponsse Plc, 2022).

2.2. Data acquisition

2.2.1. Field survey
The field survey served as a reference in this study. The harvesting 

quality assessment included dominant tree height (m), arithmetic mean 
diameter at breast height (DBH, cm), tree density (trees ha− 1), basal area 
(m2 ha− 1), strip road width (m), distance between strip roads (m), and 
thinning intensity, expressed as the percentage of trees removed relative 
to those left standing (%). In addition, we conducted a complete survey 
of the stand to record harvesting damage, expressed as the proportion 

(%) of residual trees that showed visible injuries such as stem wounds or 
bark removal, using conventional field assessment methods (Leivo et al., 
2023).

Several measurement tools were employed to gather precise forest 
characteristics, including a meter (Hultafors AB talmeter), a logger's 
tape (Spencer 20 m), a hypsometer, and a relascope (an angle gauge). 
Each instrument served a specific purpose in capturing critical data to 
inform the analysis. The meter was utilised for measuring tree DBH, a 
logger's tape to measure distances from the centre of each plot, and the 
measurement distance required for assessing tree height. Additionally, it 
was employed to measure the strip road width and the spacing between 
two parallel strip roads, ensuring accurate spatial mapping of the 
machinery's operational footprint.

The hypsometer (Suunto PM5-1520 PC) was specifically used to 
determine tree height with an accuracy of ±2 % (Suunto, 2025). This 
precision instrument facilitated accurate height measurements by 
allowing the operator to calculate vertical dimensions relative to the 
measured distance and angles recorded. Finally, the relascope was 
employed to estimate the basal area per hectare. This was achieved by 
measuring the apparent angular width of a tree from the observer's 
perspective, enabling a rapid and efficient assessment of stand density. 
Together, these tools provided a comprehensive dataset for evaluating 
the structural and spatial characteristics of the study forest.

During the field survey, a standardised protocol was employed to 
ensure consistency across all the established 44 sample plots. The field 
survey method was based on the guidelines of Iittiläinen et al. (2003), 
applied to single strip road plots. Each plot was subjected to three 
measurement points, with the spatial distribution of these points 
contingent upon the total length of the plot. For plots measuring 100 m 
(m) or less, the first measurement was conducted 10 m from the starting 
boundary, followed by subsequent measurements at 20-m intervals. In 
contrast, for plots exceeding 100 m in length, measurements were 
initiated at 20 m from the plot origin, with the following two points 
spaced at 40-m intervals.

At each designated measurement location, data collection 
commenced from the central axis of the harvester trail. From this cen
treline, a lateral extension of 2.82 m was measured to both the right and 
left, delineating a circular sampling area of 100 m2 with a radius of 5.64 

Fig. 2. Location of the test area and forest stand. Geographical map of Finland showing the locations of the three study sites: Kyyjärvi, Karstula, and Kuopio. The 
experimental plots are numbered as follows: 1–11 in Kyyjärvi, 12–26 in Karstula, and 27–44 in Kuopio.
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m. All trees falling within this radius were identified and categorised 
according to tree species type. For each tree species type observed 
within the sampling circle, two specific trees were selected for further 
measurement: the second largest and the second smallest, based on 
diameter. According to Niemistö (1992), this is the most unbiased esti
mate of the arithmetic mean DBH, if not all trees on the circle plot are 
counted. The weighted average DBH is calculated based on the relative 
proportions of different tree species. The weighted DBH is given by 

Weighted DBH=

∑n

i=1
(densityi × DBHi)

∑n

i=1
densityi

, (1) 

where densityᵢ denotes the number of trees per ha for species i, DBHᵢ the 
average diameter at breast height for species i and n the total number of 
species. This formulation ensures that species with a higher number of 
trees exert a greater influence on the overall average DBH.

All trees with a DBH exceeding 7 cm were measured in the sample 
plots if they were at least half of the dominant height. Dominant height 
was estimated by measuring the height of the tallest tree by DBH in the 
circular plot (Niemistö, 1992). Dominant height (also referred to as top 
height), as used in this study, refers to the average height of the 100 
largest-diameter trees per hectare in the stand, as defined according to 
IUFRO standards (Tarmu et al., 2020).

Along with individual tree measurements, the total number of trees 
within the circular plot was recorded to assess stand density. The basal 
area was calculated using a relascope, a device designed for quick op
tical measurement of cross-sectional tree area at breast height. Addi
tionally, the outer width of the strip road and the spacing between strip 
roads (i.e., the distance between adjacent strip roads) were measured to 
gain a comprehensive understanding of stand structure and machinery 
influence. This systematic approach ensured the collection of reliable, 
spatially representative data across different plot lengths and forest 
conditions.

The initial stand conditions were determined using the harvester 
production (hpr) file, which included plot-wise information for every 
processed stem (species, DBH, volume, assortments, etc.) as well as 
densities and DBH data from the remaining trees from MLS. The number 
of removed trees and the basal area were calculated by dividing these 
values by the plot area.

2.2.2. Mobile laser scanning
The experimental MLS setup consisted of a backpack-mounted sys

tem equipped with a suite of advanced technologies, including a ZEB 
Horizon sensor head with laser scanner, IMU, and 360 camera from 
GeoSLAM Ltd. (GeoSLAM, 2025) (Fig. 3). Zeb Horizon features a laser 
range of up to 100 m, a 360◦ × 270◦ field of view, ranging accuracy of 
1–3 cm (1σ), and a point measurement speed of up to 300,000 points per 
second. It uses GeoSLAM's proprietary SLAM (Simultaneous Localisation 
and Mapping) algorithm. To conduct the survey, the system was carried 
by the researcher as they walked through the forest stand. Following the 
harvester strip roads that reflected the topography of the site, the 
researcher systematically scanned the forest to ensure comprehensive 
coverage of the study area. This method facilitated the collection of 
high-resolution spatial and structural point cloud data across the entire 
site, providing a detailed representation of the forest's characteristics, 
capable of locating trees with less than 15 cm precision (Muhojoki et al., 
2024).

Individual plots were scanned separately using MLS equipment. To 
ensure the integrity and manageability of the SLAM (Simultaneous 
Localisation and Mapping) processing, data collection with the ZEB 
Horizon system was strategically segmented. Instead of capturing the 
entire test site in a single acquisition, the survey was divided into mul
tiple sections aligned with the harvester strip roads that naturally par
titioned the area. Each section was scanned individually to prevent the 

creation of large datasets, which could compromise processing effi
ciency and accuracy. To minimise cumulative drift — a known challenge 
in SLAM-based systems — the data acquisition was planned to include 
intersecting traversal paths, thereby enhancing spatial referencing. 
Furthermore, each survey loop was designed to return to its point of 
origin, creating a closed-loop trajectory that improves the robustness of 
the SLAM solution. Post-acquisition, the raw trajectory data were pro
cessed into georeferenced point clouds using the GeoSLAM Hub software 
(version 6.0.0). The output was stored in the LAZ format. Tree detection 
and the estimation of stem curve, height, diameter, and volume were 
performed using an automatic algorithm developed by Hyyppä et al. 
(2020a,b). The algorithm was set to detect trees with a threshold value 
of 7 cm. To identify and analyse tree defects, the study employed the 
algorithm developed by Sagar et al. (2025), seamlessly complementing 
the earlier tree detection and measurement process.

Since the Zeb Horizon lacks a GNSS receiver, we georeferenced the 
tree maps as follows: First, the maps were aligned side by side by 
identifying and matching overlapping points. Once aligned, the maps 
were manually georeferenced to their real-world coordinates (ETRS- 
TM35FIN) using an orthoimage. After completing the spatial alignment, 
the focus shifted to cleaning and refining the dataset. Duplicate points at 
the same location were removed through a buffering process with a 
radius of 0.5–0.6 m. Overlapping points were dissolved, and the cen
troids of these dissolved geometries were extracted, resulting in a clean 
set of unique points representing the study area. Next, the area covered 
by the dataset was calculated. The boundaries enclosing the points were 
delineated, and the total area of the plots was computed. The points 
within each plot were extracted, enabling plot-level analysis. For each 
plot, the number of trees, their volume, average height, and basal area 
were determined, creating a comprehensive dataset for further ecolog
ical and forestry studies.

We also developed a custom map testing application (MapApp) using 
the C# programming language and the ThinkGeo map engine (ThinkGeo 
(2025), Frisco, Texas, United States), which enabled us to analyse and 
visualise tree maps for each forest stand.

Fig. 3. The ZEB Horizon LiDAR scanner integrated into a backpack-mounted 
mobile mapping system, equipped with a camera for geospatial data collec
tion in forested environments. The entire setup weighs approximately 4 kg, 
making it portable for field use. Image © Ville Kankare.
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2.3. Harvesting quality

2.3.1. Point clouds methods for observing tree defects
In this subsection, the primary focus is on deriving tree character

istics and identifying defects. The target tree defects are based on de
scriptions provided by Sagar et al. (2024, 2025). Defective trees were 
identified in the field; an example from Karstula site is shown in Fig. 4, 
and the point cloud data obtained from the MLS was post-processed 
using the following steps.

In step 1, the original point cloud data, captured to represent the 
entire forest area, was stored in the compressed LAZ format to manage 
the large file size, which exceeded 40 million (40,438,732) points in one 
forest stand. For visualisation and initial inspection, these LAZ files were 
opened using CloudCompare version 2.13.2 (Kharkiv - Jul 6, 2024) 
(CloudCompare), a 3D point cloud processing software, and then con
verted into the PCD (Point Cloud Data) format for compatibility with 
Python-based processing workflows using Python version 3.7. In step 2, 
the PCD file is loaded and read using the Python code, and the entire 
point cloud is visualised (Fig. 5a). The point clouds were spatially 
filtered by applying a proximity threshold, determined empirically 
through visual inspection, around the target tree coordinates obtained 
from the field survey using GPS measurements. Only points falling 
within the specified distance of the target trees were retained, resulting 
in a final dataset of almost 800,000 (790,395) points (Fig. 5b). This 
refined subset formed the basis for all subsequent processing and anal
ysis, enabling focused investigation while preserving the structural 
integrity of the data relevant to the target trees.

Following the processing steps outlined in Sagar et al. (2025), step 3 
involves removing ground (terrain) points (Fig. 5c), which isolates the 
ground points. Step 4 includes clustering and stem (tree) validation, 
where clusters are visually inspected (Fig. 5d) and branches and vege
tation are filtered out if present. Step 5 focuses on analysing and 
assessing the structural properties of the stems. For each identified tree 
cluster, key structural characteristics are extracted to describe its ge
ometry. These include the Central Position, calculated as the mean of the 
x- and y-coordinates of the point cloud, representing the horizontal 
location of the stem base, and Height, determined by the vertical extent 
of the tree, computed as the difference between the maximum and 
minimum z-values. These attributes form a basic description of each 
tree's size and spatial position, serving as essential inputs for further 
structural or ecological analysis. Additionally, DBH and maximum stem 
curve values are measured. The curvature value indicates stem defec
tiveness, providing a quantitative measure to assess whether the stem 
deviates from a typical, healthy form. Step 6 involves dividing the tree 
stem into sections as described in Sagar et al. (2024), with a centre line 

drawn between the upper and lower sections of the stem (Fig. 5e). For 
analysing the tree stem, a method is introduced to compute and visualise 
a laterally shifted centre line, based on the radius and primary orien
tation of the stem. This process involves several computational steps. 
First, an offset vector is derived — computed to be perpendicular to the 
stem's principal axis within the XY plane — ensuring the displacement is 
orthogonal to the vertical growth direction. This vector forms the basis 
for the next step, where it is scaled by the stem's radius and used to shift 
the original bottom and top points of the centre line. The result is a pair 
of new, spatially displaced endpoints that maintain the vertical extent 
but are laterally offset. These points are then connected to form a new 
centre line, representing a radial displacement from the original axis. 
Finally, this shifted geometry is visualised using Open3D (Fig. 5f), 
enabling intuitive visualisation of the modified centre line in relation to 
the original stem and branch point clouds. This visualisation aids in 
spatial interpretation and supports further structural analysis. Step 7 
utilised the Open3D visualiser to display the output at each stage.

To evaluate the sensitivity of the algorithm and the overall system, 
the following procedure was implemented: Step 8, the Point Cloud was 
down-sampled. Given the substantial volume of data, a two-step 
reduction approach was employed to optimise computational effi
ciency. First, a random downsampling from a uniform distribution was 
performed using Python, retaining only 70 % of the original points. This 
reduced the dataset from over 40 million points to approximately 28 
million (28,307,112) points, significantly decreasing the processing 
burden. The earlier steps 1–7 were rerun for the down-sampled data. 
The analysis resulted in the identification of eight trees, representing a 
reduction of one compared to the nine detected in the full point cloud 
processing. Despite this minor discrepancy, the method performed 
reliably: defective trees were accurately detected, and measurements 
were obtained in accordance with the protocol described by Sagar et al. 
(2025).

2.3.2. Strip road characteristics
This stage of the study involved mapping the strip roads within the 

study area (Fig. 6). This task required careful examination of harvester 
GNSS routes, open spaces, orthophotos, and hillshade maps. Once the 
strip roads were visually identified and delineated, the v.veronoi.skel
eton GRASS processing tool was employed to generate a midline along 
each strip road (Fortune, 1987; OSGeo n.d.; Kotsur and Tereshchenko, 
2019). This midline served as a crucial reference for creating a final line 
bisecting the strip roads. To enhance precision, points were placed every 
10 m along this midline, laying the foundation for a detailed spatial 
network. With these reference points established, inter-distance lines 
were generated to analyse spatial relationships between strip roads. The 

Fig. 4. Defected tree representation. (a) A defective tree within the forest stand. The red line is used to illustrate the curvature of the stem. (b) Tree map of a forest 
stand in Karstula. Each point represents an individual tree. Defective trees are highlighted with red stars.
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creation of inter-distance lines followed a methodology adapted from an 
online resource (Babel, 2020). For inter-distance lines, the (Join Attri
butes by Nearest) tool in QGIS was employed. Points along the 10-m 
intervals of one strip road were selected as the input layer, and the 
corresponding points from the next strip road were used as the target 
layer. This systematic approach ensured that the spatial relationships 
between features were accurately captured. QGIS's buffer processing 
tool was used to measure strip road width at intervals of 3, 3.5, 4, 4.5, 
and 5 m. The stems that intersected these buffers were selected, and the 
count of stems was divided by the length of the strip road.

The same buffer processing tool was also used to create a 16.92 m 

buffer along each strip road, determined by the minimum strip road 
spacing to prevent overlap between buffer zones. These topographically 
bounded areas were used to calculate stand details, ensuring that 
reference and MLS measurements cover the same area, and the possible 
impact of TDA on these areas is unambiguous.

2.4. Statistical analysis

The parametric t-test was utilised to determine whether the method 
of data collection influences the indicators of thinning quality. Addi
tionally, the t-test was employed to assess whether operator guidance 

Fig. 5. Point cloud process. (a) Full input point cloud. (b) Filtered point cloud based on a set of predefined target tree coordinates. (c) Only the ground from the 
target trees. (d) filtered tree stems with some branches and vegetation. (e) Fine-tune the filtered tree stems so no more branches, tree stem with a straight line 
coloured in red, visualising the curved stem. (f) The stem with the shifted centre line in red colour, visualising the curved stem.
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(TDA) impacts the thinning quality indicators collected through both 
traditional methods and MLS. A significance level of α ≤ 0.05 is used as a 
threshold for determining statistical significance. The t-statistic is given 
by 

t=
d

sd/
̅̅̅
n

√ (2) 

Where d denotes the mean difference between two groups, sd standard 
deviation of the difference, n is the number of observations, and sd/

̅̅̅
n

√

the standard error of the mean difference.
The accuracy of the MLS-derived estimates relative to the reference 

field data across all stands was evaluated using the root-mean-square 
error (RMSE), the percentage root-mean-square error (RMSE%), and 
bias for each structural variable. RMSE and RMSE% measure the pre
diction error, while bias and bias% quantify the systematic error. They 
are given as follows 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
xMLS

i − xref
i

)2
√

(3) 

RMSE%=

(
RMSE

mean(x)

)

× 100 (4) 

Bias=
1
n
∑n

i=1

(
xMLS

i − xref
i

)
(5) 

Bias%=

(
Bias

mean(x)

)

× 100 (6) 

Where n is the number of observations, xMLS
i and xref

i values obtained 
from MLS and the corresponding reference field data value, respectively, 
for the i-th observation. The mean(x) is the mean of the reference field 
data values.

The statistical tests, analyses, and figures were generated using the R 
programming language (R Core Team, 2025), utilising the ggplot2 li
brary for creating individual plots and the gridExtra for arranging mul
tiple ggplot objects into a single composite figure. We used linear 
regression analysis, applying a transformation to the second power to 
model the strip road width. Multicollinearity issues were avoided by 
selecting only one buffer width (5 m in this case) as an explanatory 
variable, which was chosen based on the lowest p-values.

3. Results

3.1. Stem density

Stem density estimates derived from MLS generally exhibit lower 
mean and median values compared to reference measurements (ref) in 
stands 3 and 4 (Fig. 7 and Table 2). In stands 1 and 2, MLS estimates 
align more closely with the reference data. In stand 4, MLS slightly 
underestimates stem density, but with low error and no statistical sig
nificance, indicating good agreement with the reference. This pattern 
suggests a tendency of the MLS method to underestimate stem density, 
especially in young stands and structurally diverse plots, such as stand 3. 
However, the only statistically significant difference of 126 stems ha− 1 

between the reference density and MLS density (t = 3.39, p < 0.01) was 
observed in stand 3. In stand 1 – First thinning with slightly larger trees 
(~17 cm DBH) – the estimates were more consistent with the reference. 
The overall results showed that the RMSE of the stem density estimate 
was 113.1 m (19.9 %) and bias − 9.7 (− 1.7 %).

3.2. Basal area (G)

Basal area estimates from MLS broadly follow the trends of the 
reference measurements (Table 3 and Fig. 7). MLS slightly overestimates 
G, especially in stands 2 and 4, compared to the reference data, while in 
stands 1 and 3, estimates are much closer to each other. Despite these 
discrepancies, the overall interquartile ranges are reasonably consistent, 
though MLS estimates show fewer outliers. Statistically significant dif
ferences were observed only between the conventional and MLS 
methods on stand 2. These results imply a moderate agreement between 
MLS-derived and field-based G values, with some over-estimation 
depending on stand structure. Basal area LiDAR estimates are consis
tent in both first and later-thinning stands. The overall results showed 
that the RMSE of the G estimate was 3.1 m2 (20.0 %) and the bias was 
1.5 m2 (9.7 %).

3.3. Dominant height

Among the six parameters, mean tree height exhibits the highest 
level of agreement between MLS-derived and reference data (Table 4
and Fig. 7). No statistically significant differences were found between 
the conventional and MLS methods. Medians and interquartile ranges 
are nearly identical in all four stands, with minor differences in stand 1. 
This suggests that MLS provides reliable and consistent estimates of 

Fig. 6. Strip road representation. (a) Tree map representation of a forest stand (Karstula site) on MapApp, showing strip roads. Red dots indicate the locations of 
trees, and blue lines depict the strip roads. (b) original point cloud with the fitted strip road highlighted in blue lines.
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dominant height, making it a robust variable for characterising forest 
structure in both first and later thinnings. The overall results showed 
that the RMSE of the dominant height estimate was 1.0 m (5.5 %), and 
the bias was 0.1 m (0.5 %).

3.4. Diameter at breast height (DBH)

Standwise, the MLS estimates were statistically significantly 0.6–2.5 
cm larger than those measured as reference. The greatest variation was 
observed in stand 3, which had the smallest trees in this study (mean 

DBH 14.8 cm). Despite this statistical difference, the MLS demonstrates 
strong consistency with the reference data, closely matching the me
dians and interquartile ranges in all stands. In stand 1, there is a sta
tistically significant difference of 0.7 cm between the reference (ref) and 
MLS-derived DBH (t = − 2.35, p < 0.05). Similarly, stand 2 shows a 
statistically significant difference of 1.6 cm between DBH ref and DBH 
MLS (t = − 2.944, p < 0.05). Stand 3 has the smallest and least variable 
DBH, indicating a younger stand, with a significant difference of 2.5 cm 
between DBH ref and DBH MLS (t = − 2.80, p < 0.05). In stand 4, both 
data sources show the highest values and variability, indicating a stand 
with larger and more heterogeneous trees. Here, the statistically sig
nificant difference is 0.9 cm between DBH ref and DBH MLS (t = − 3.70, 

Fig. 7. Box plots illustrate the distribution of six key forest structural parameters across four forest stands (1–4), stem density (stems/ha), basal area (G, m2/ha), 
dominant mean height (Dom. mean height, m), DBH (cm), strip road width (m) and strip road spacing. Each parameter is shown based on two data sources: reference 
field data (ref) and MLS point cloud-derived estimates.

Table 2 
Statistical comparison of stem density (trees ha− 1) measurement data between reference (ref) and mobile laser scanning (MLS) across four forest stands; corresponding 
p-values from paired t-tests assessing the significance of methodological differences of measurement methods are shown in the last column.

Stand Mean ref (trees ha− 1) Mean MLS (trees ha− 1) RMSE RMSE-% Bias Bias-% p-value

1 659 699 133.2 20.2 39.6 6.01 0.35
2 556 586 82.9 14.9 29.1 5.2 0.18
3 604 477 164.7 27.3 − 126.4 − 20.9 <0.01**
4 437 419 47.8 10.9 − 18.1 − 4.1 0.28
Overall 567 557 113.1 19.9 − 9.7 − 1.7 0.57

Table 3 
Statistical analysis of basal area (G) measurements by stand. Mean ref and Mean 
MLS are in m2 ha− 1. RMSE and bias are given in m2 ha− 1 and as percentages (%). 
p-values indicate the significance of differences between MLS and reference 
measurements.

Stand Mean 
ref (m2 

ha− 1)

Mean 
MLS 
(m2 

ha− 1)

RMSE RMSE- 
%

Bias Bias- 
%

p-value

1 18.0 18.5 2.5 13.9 0.4 2.27 0.61
2 17.5 20.4 4.0 22.6 2.9 16.7 <0.01**
3 11.4 11.7 1.3 11.1 0.3 2.4 0.54
4 15.4 17.3 3.3 21.5 1.9 12.4 0.08
Overall 16.0 17.5 3.1 19.3 1.5 9.7 <0.001***

Table 4 
Statistical analysis of dominant height measurements by stand. Mean ref and 
Mean MLS are in meters (m). RMSE and bias are reported in meters and as 
percentages (%). p-values indicate the significance of differences between MLS 
and reference measurements.

Stand Mean 
ref (m)

Mean 
MLS (m)

RMSE RMSE- 
%

Bias Bias- 
%

p- 
value

1 16.6 17.0 0.8 4.7 0.4 2.5 0.07
2 19.8 20.1 1.1 5.4 0.2 1.1 0.43
3 18.7 18.7 0.6 3.5 − 0.01 − 0.1 0.96
4 20.7 20.3 1.5 7.3 − 0.4 − 2.1 0.42
Overall 19.0 19.1 1.0 5.5 0.1 0.5 0.57
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p < 0.01). For smaller diameter trees, such as in stand 3, the accuracy of 
diameter estimation is not particularly high. However, in stand 1, where 
trees approach a diameter of approximately 18 cm, the accuracy im
proves significantly. In the later thinning stand 4, where tree sizes vary, 
the estimation of average diameter is less accurate compared to the more 
uniform stand 2. Overall, the results showed that the RMSE of the DBH 
was 2.5 cm (13.9 %) and bias was 1.6 cm (8.9 %) (Table 5 and Fig. 7).

3.5. Strip road width

Overall, MLS performs well in estimating strip road width, with 
minor differences in variability and median values across the stands 
(Table 6 and Fig. 7). There were no statistically significant differences 
between reference and MLS estimates. Stand 3 exhibits the greatest 
variability in reference data, while MLS estimates show a more con
strained range. Stand 4 consistently shows wider strip roads in both 
datasets. The overall results indicate that the RMSE of the strip road 
width was 0.4 m (8.47 %) and bias 0.01 m (0.1 %).

Determining the width of the strip roads required testing new 
methods. In the regression analysis, the number of trees per m within the 
5-m buffer zone was selected as a predictor variable, alongside the 
density of remaining trees (see Table 7 and Fig. 7). The regression model 
has a moderate fit, explaining 41 % of the variance in the dependent 
variable with an average deviation of 0.41 m from the field-measured 
values. Fig. 8 illustrates the conceptual strip road layout, buffer-based 
width calculation, and potential midline detection errors.

3.6. Strip road spacing

MLS-derived values showed good alignment with reference mea
surements (Table 8 and Fig. 7). All stands follow a similar trend in both 
datasets, with stands 2 and 3 having the widest spacing and stand 1 the 
most variable. MLS data slightly underestimates the maximum, as the 
bias was − 1.5 %–7.2 %, but effectively captures the central tendency 
and variability. A few outliers in both datasets suggest some irregular
ities due to terrain, obstacles, or harvesting constraints. In stand 4, there 
is a statistically significant difference of 1.2 m in strip road spacing (t =
2.50, p < 0.05). The overall results indicated that the RMSE of the strip 
road width was 1.5 m (6.9 %), and the bias was − 0.8 m (− 3.4 %).

3.7. Harvesting quality outcomes

TDA did not have a statistically significant effect on the harvesting 
quality attributes, regardless of whether they were measured using 
traditional methods (reference) or MLS technology. The results are 
presented in Appendix A (Tables A.1, A.2, A.3 and A.4). However, the 
different methods in some cases led to different conclusions. On stand 2: 
only G ref was under the recommendation, but over when measured 
with MLS. Stand 3: Both basal area measurements (G ref and G MLS) 
were slightly under the recommended, and the strip road width excee
ded the recommended 4.5 m limit. Based on these results, only the 
thinning of the stand 3 – birch-dominated first thinning – resulted in an 

approximately 1 m2 lower basal area than recommended (Table A.3). 
Additionally, in stand 3, located on mineral soil, the strip road width 
exceeded the recommended target of 4.5 m or less by 0.3 m in both 
treatments (Ref and TDA). In contrast, in stand 1, which was situated on 
peatland where the recommended width is 5 m (Leivo et al., 2023), the 
requirement was met in both treatments (Table A.2).

The recommended minimum spacing of 20 m between strip roads 
was met in all stands when measured using conventional methods and 
treatments (Ref or TDA). In the TDA plots, the strip road spacing was 0.2 
m below the recommended spacing in stand 1 and 1.0 m below the 
recommended spacing in stand 4. The average of harvesting damages 
was below the recommended 5 % (Leivo et al., 2023), both in reference 
(1.9 %) and TDA plots (2.3 %). TDA did not have an effect on harvesting 
damages (t = − 0.56, p = 0.58). The average harvesting intensity was 
slightly lower on TDA plots (0.5 on reference plots and 0.45 at TDA 
plots) but fell short of statistical significance (t = 1.554, p = 0.128)

4. Discussion

4.1. Evaluation of study data and methods

The sample representativeness in field sample plots is crucial for 
accurately describing the population. According to Kangas et al. (2011), 
the internal variation within the population must be considered to 
ensure the reliability of the sample. The high number of systematically 
located circular sample plots ensured a representative sample in this 
study. Due to time constraints, it was not feasible to measure every tree 
on a circular plot. Nevertheless, this method provided a reliable estimate 
for DBH (Niemistö, 1992). Basal area was measured using a relascope 
from the centre of the circular plots. The relascope sample is commonly 
used in operational forest management, because it is fast but potentially 
more prone to errors, for example, due to visibility conditions and 
human errors (Haara and Korhonen, 2004; Kangas et al., 2004). DBH 
measurements of all trees on the circular sample plots could have been 
used to estimate not only DBH but also the basal area. The circular 
sampling plots were not measured between the strip roads to ensure that 
the specific tree was precisely within the TDA or reference area, while 
thinning in the border area of plots may have also been performed from 
the adjacent strip road. This was taken into account in both the MLS and 

Table 5 
Statistical analysis of DBH at (1.3 m) measurement by stand. Mean ref and Mean 
MLS are in centimetres (cm). RMSE and bias are reported in centimetres and as 
percentages (%). p-values indicate the significance of differences between MLS 
and reference measurements.

Stand Mean 
ref (cm)

Mean 
MLS 
(cm)

RMSE RMSE- 
%

Bias Bias- 
%

p-value

1 17.2 17.9 1.1 6.2 0.7 3.7 <0.05*
2 18.7 20.3 2.6 13.6 1.6 8.4 <0.05*
3 14.8 17.3 3.5 23.9 2.5 16.9 <0.05*
4 20.4 22.3 2.4 11.7 1.9 9.3 <0.01**
Overall 17.9 19.5 2.5 13.9 1.6 8.9 <0.001***

Table 6 
Statistical analysis of strip road width measurement by a stand. Mean ref and 
Mean MLS are in meters (m). RMSE and bias are reported in meters and as 
percentages (%). p-values indicate the significance of differences between MLS 
and reference measurements.

Stand Mean 
ref (m)

Mean 
MLS (m)

RMSE RMSE- 
%

Bias Bias- 
%

p- 
value

1 4.6 4.6 0.4 8.1 0.02 0.4 0.88
2 4.8 4.8 0.5 10.3 − 0.1 − 1.3 0.65
3 4.8 5.0 0.4 7.5 0.1 2.8 0.30
4 5.4 5.4 0.4 6.5 − 0.06 − 1.1 0.70
Overall 4.9 4.8 0.4 8.5 0.00 0.1 0.97

Table 7 
Statistical information on the strip road width model (m). Independent variables 
are stem count (trees m− 1) in a 5 m range of the centre of the strip road and 
density of remaining trees (trees ha− 1).

Coefficient Estimate of 
Coefficient

Standard Error 
of

t-value Significance

Intercept 6.15 0.39 15.589 <0.001***
Stem count 11.53 3.74 − 3.084 <0.01**
Stem 

count2
29.34 11.51 2.549 <0.05 *

Density 0.000834 0.00089 − 0.937 0.36

R2 = 0.41, RSE 0.41, F = 8.41*** on 3 and 33 DF.
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reference measurements.
The tree maps and their associated data were then combined and 

georeferenced manually using an orthoimage. This step was labour- 
intensive, and the estimated time spent on each significant manual 
correction step is shown in Appendix B. This could have been avoided if 
the device had GNSS capabilities or if the tree maps had been registered 
to ALS tree maps (Hyyppä et al., 2021). By scanning only small areas at a 
time and using loop closures, we avoided the accumulating drift in the 
trajectory that arises in SLAM-based MLS operating without a reliable 
GNSS signal during long measurements (Faitli et al., 2024). However, 

loop closure is not possible in harvester-mounted systems, as the 
harvester or forwarder moves on the strip road and turns back only at 
the headlands of the stand. In this study, the Voronoi skeleton and 
segmentation tools were used to determine the centreline of the strip 
roads. Although useable, this method is labour-intensive. Alternatively, 
the centreline could be derived from the trajectory of a harvester 
equipped with a LiDAR sensor or by combining GNSS data with a 
georeferenced tree map. However, this method has limitations, 
including naturally stem-free areas and tree mortality, local stand 
structure and species composition, manual delineation and measure
ment error, and missing terrain parameters. More details are provided in 
Appendix C.

This study demonstrates that point clouds and tree maps can be used 
to assess harvesting quality. The tree map data collected by the harvester 
can be employed for long-term monitoring in the future. However, im
provements are necessary, as the data must be collected and processed in 
real-time during cutting to prevent extremely large point clouds, and 
tree information such as diameter, height, and basal area should be 
displayed to the operator during harvesting.

4.2. Capability of point cloud data in detecting defects in individual trees 
(RQ1)

In alignment with the workflow outlined by Sagar et al. (2025) and 
utilising the same tree detection algorithm, we correctly identified 9 of 

Fig. 8. Conceptual illustration of a strip road layout within a managed forest stand. Counted trees are coloured black, while other trees and stumps are white. (a) The 
strip road midline is marked with a dashed line, and the 5-m buffer zone (2,5 m on both sides of the strip road) is highlighted by solid blue lines. The mathematical 
calculation illustrates the application of the model under conditions where the strip road is 100 m long, the buffer contains 12 trees, and the residual stand density is 
400 trees per hectare, resulting in a strip road width of 4.86 m. (b) Zoomed-in example of potential detection errors, such as GNSS offset or another midline position 
error caused by SLAM or the researcher.

Table 8 
Statistical analysis of strip road spacing measurement by stand. Mean ref and 
Mean MLS are in meters (m). RMSE and bias are reported in meters and as 
percentages (%). Paired t-tests were performed for each spacing method (Ref 
and MLS) within each stand; corresponding p-values from t-test are shown in the 
final column. P-values indicate the significance of differences between MLS and 
reference measurements.

Stand Mean 
ref (m)

Mean 
MLS (m)

RMSE RMSE- 
%

Bias Bias- 
%

p-value

1 20.4 20.0 1.1 5.2 − 0.5 − 2.4 0.17
2 24.1 23.7 1.3 5.2 − 0.4 − 1.5 0.31
3 24.0 22.5 2.1 8.6 − 1.4 − 5.7 0.22
4 21.1 19.9 2.1 10.0 − 1.5 − 7.2 <0.05*
Overall 22.4 21.7 1.5 6.9 − 0.8 − 3.4 <0.01**
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the 11 target trees, achieving a detection rate of 81.82 %. The two un
detected individuals were likely missed due to a combination of partial 
canopy concealment by larger neighbouring trees, reducing their 
structural visibility in the point cloud, and potential suboptimal 
parameter settings within the detection algorithm. Notably, all trees 
exhibiting defects were accurately identified and measured, under
scoring the strong potential of point cloud data for defect detection at 
the individual tree level. To supplement the limited number of naturally 
occurring defective trees in the study area (n = 11), the defect-detection 
component was also assessed using the set of simulated stem defects 
introduced and validated in our previous publication (Sagar et al., 
2025). The small number of real defects reflects recent thinning opera
tions carried out in the stand, during which most poor-quality or 
damaged trees had already been removed. As a result, the empirical 
sample was limited, and the simulated defects offered a necessary and 
previously verified basis for evaluating model behaviour across a wider 
range of defect conditions.

The primary limitation, therefore, lies not in classification accuracy 
but in the completeness of tree identification. When the point cloud was 
down-sampled to 70 % of its original density, detections decreased to 8 
trees (72.73 %), yet all detected trees were again measured and defect- 
classified correctly. This indicates that while reduced point density can 
lower detection rates, it does not necessarily compromise defect 
assessment accuracy within the detected subset. Potential improvements 
include multi-angle scanning to reduce occlusion and refined segmen
tation to better resolve subtle crown structures. These omissions repre
sent missed rather than false detections. Importantly, studies employing 
terrestrial laser scanning have demonstrated that dense point cloud data 
can reliably capture both log geometry and wood quality attributes in 
standing trees (Murphy et al., 2010; Pyörälä et al., 2019). This supports 
our finding that high-resolution MLS data provides a robust foundation 
for defect detection, even with varying point densities. This paves the 
way for stem quality guidance, which is considered one of the most 
valued future visions for operator support (Kärhä et al., 2021; 
Kymäläinen et al., 2024).

4.3. Consistency and reliability of MLS point cloud data in measuring 
harvesting quality across thinning stages (RQ2)

The overall results showed that the RMSE of the stem density esti
mate was 113 stem ha− 1 (20.0 %), and the bias was − 10 stem ha− 1 

(− 1.7 %). Surprisingly, tree densities on stands 1 and 2 were slightly 
higher when measured using the MLS method compared to the field 
reference measurements. This finding was somewhat unexpected, as in 
results of Hyyppä et al. (2020a,b), automatic tree detection identified 
93 % of trees in the sparse plot and only 77 % of trees in the more 
obstructed boreal forest plot. Possible explanations for achieving high 
accuracy in this study may lie in the systematic approach used in field 
measurements, in an even-aged and structurally uniform forest with a 
low proportion of spruce: 10 % in stand 1, 3 % in stand 2, 22 % in stand 
3, and 24 % in stand 4, and with minimal undervegetation.

Hyyppä et al. (2020) faced significant challenges in identifying 
spruce trees, a problem also identified in this study. In stand 3, there was 
high variation in reference tree densities, as well as low tree detection in 
MLS. This stand (3) had a lot of trees with a diameter less than 10 cm, 
some of which were spruce. This seemed to pose a challenge for both 
real-time monitoring of thinning density (as TDA system) and 
post-analysis with an automatic tree detection algorithm developed and 
described by Hyyppä et al. (2020a,b), which discards possible trees if the 
stem curve can not be calculated. This is unfortunate because main
taining an adequate number of trees has been particularly challenging 
during the first thinnings (Finnish Forest Centre, 2023; Kotivuori et al. n. 
d.). The detection of small and low-branched trees requires different 
approaches, such as deep learning models (Henrich et al., 2024; Xiang 
et al., 2025).

The DBH estimates derived from MLS data demonstrated high 

agreement with reference measurements, yielding a low RMSE of 2.5 cm 
(13.9 %); however, there was a tendency to overestimate it by 1–2 cm 
(3.7–16.9 %). This level of accuracy is relatively high when compared to 
previous studies (Gollob et al., 2020; Hunčaga et al., 2020). With a bias 
compensation method, the most accurate laser scanning system based on 
a Velodyne VLP-16 sensor has achieved less than 10 % RMSE in an easy 
forest (Muhojoki et al., 2024). These studies are based on field mea
surements of individual trees. In contrast, the approach in this study 
utilised stand-wise estimation methods that achieved comparable pre
cision for field use. These results underscore the reliability of MLS for 
assessing tree diameter distributions at the stand level, offering a robust 
alternative to more labour-intensive field-based techniques. Comparable 
accuracy to MLS can be achieved using a method based on (hpr) file. 
However, this method requires that the harvested trees closely match 
the remaining stand in terms of tree species composition and dimen
sional characteristics (Larsson, 2017; Strubergs et al., 2024).

Basal area estimates derived from MLS data were consistent with 
reference measurements. However, the MLS approach tends to over
estimate basal area, with a bias of approximately 10 %. The observer- 
specific standard errors using relascope have been shown to range 
from 6.6 % to 24.5 % (Haara and Korhonen, 2004). Since basal area in 
the MLS method is calculated directly from individual tree diameters, 
the accuracy of DBH measurements has a direct impact on basal area 
estimation. In this study, the observed average DBH bias of less than 2 
cm alone accounts for the 1–4 m2 differences in basal area estimates 
between the methods, explaining the 10 % bias in basal area.

MLS point cloud-derived dominant height estimates demonstrated 
high agreement with conventional estimates, with a similar RMSE of 1.0 
m compared to the 1–2 m RMSE observed by Hyyppä et al. (2020a,b)
estimating individual tree heights. Based on the results, dominant height 
proves to be an excellent metric, even in MLS measurements, where the 
MLS enables the accurate calculation of tree height distribution profiles, 
stem profiles, and mean height. However, it is worth noting that when 
the MLS system is mounted on a forest harvester, its accuracy signifi
cantly decreases, as reported by Faitli et al. (2024). Dominant height is 
less sensitive to changes caused by thinning, especially low thinning, 
and reflects better the growth potential of trees compared to the arith
metic mean height (Tarmu et al., 2020). Moreover, dominant height can 
be estimated with high accuracy using ALS point clouds, with RMSE 
values as low as 0.8–0.9 m (Mehtätalo et al., 2015; Wang et al., 2019).

Strip road width using MLS was predicted using a regression model 
based on detected stems within a 5-m buffer from the centre line. This 
method can be considered relatively objective, as the estimates of the 
model did not show systematic deviation from reference measurements. 
However, deviations at the individual plot level were substantial, with 
an RMSE of 0.4 m. The accuracy is slightly better compared with the 0.6 
m reported by Köppler (2017) using (hpr) file-based methods. However, 
the model still requires extensive testing and a significantly broader 
reference dataset. The approach is simple and could potentially be in
tegrated into operator guiding systems Ponsse's TDA, and other equiv
alent systems in the future.

MLS-derived values for strip road spacing slightly underestimated 
the actual distance (by less than 1 m), but the overall results are 
promising. One possible explanation could be inaccuracies in the field 
measurements—particularly if the loggers tape did not cross the strip at 
its narrowest point or midpoint of strip road was wrongly determined, 
potentially resulting in slightly overestimated values. A key challenge in 
the method lies in defining the centreline of the strip road. In this study, 
the initial identification and delineation of the strip road edges were 
manually performed by the researcher. An automatic method utilising 
national ALS data has been proposed for the identification of strip roads 
(Abdi et al., 2022). Ponsse's TDA system already measures the distance 
to adjacent strip roads, although it currently does not log and save the 
data.

Even partial automation of thinning quality monitoring could 
significantly increase the amount of collected quality data while 
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simultaneously reducing monitoring costs for various stakeholders, such 
as forest companies, regulatory authorities and forest owners (Strubergs 
et al., 2024). However, devices like the Zeb Horizon, which rotate 
around their own axis, are not suitable for mounting on harvesters or 
forwarders due to demands for durability and robustness. Additionally, 
when the MLS system is mounted on the harvester, scanning is con
ducted along the strip road.

4.4. Impact of TDA system on harvesting quality outcomes (Q3)

The state-of-the-art TDA system is able to collect and visualise 
thinning density and strip road spacing data during forest operations, 
but at this stage, it did not show a statistically significant effect on 
harvesting quality (RQ3). With a few exceptions, values remained 
within the recommendations of Best Practice for Sustainable Forest 
Management (Leivo et al., 2023; Finnish Forest Centre, 2023). The 
damage percentage remained below the 5 % guideline, and the average 
thinning intensity was slightly lower in TDA plots (45 %) compared to 
reference plots (50 %), consistent with findings by Pohjala et al. (2024).

Study conditions likely influenced results, as operators were highly 
skilled (Purfürst, 2010), they may have worked more carefully than 
usual and often relied on personal judgement rather than TDA guidance. 
Limited prior experience with the system may also have reduced trust in 
its recommendations, while the cognitive load of machine operation and 
interpreting TDA input may have encouraged familiar decision-making 
over system-based guidance. Additionally, stand structure, species 
composition, and terrain conditions may have reduced the relative 
advantage of TDA recommendations.

Despite these limitations, the TDA shows promise as a stabilising tool 
for maintaining thinning density at prescribed target levels. By 
providing structured support, it can reduce operator reliance on intui
tion and lower the risk of deviations from silvicultural goals, especially 
for less experienced operators.

4.5. Future work

The point cloud data collected can be used to validate the simulation 
framework proposed by Sagar et al. (2025). It is important to note that 
this point cloud includes data on various tree properties beyond just 
curveness. While Sagar et al. focused solely on the curvature of the tree 
stem in their study, our research incorporates additional stem charac
teristics such as height and diameter at breast height (DBH). This 
real-world data can be utilised to simulate other forest properties 
beyond tree stem curvatures. In our analysis, we employed two algo
rithms, which can be compared using this dataset. Additionally, the data 
can be modified by introducing noise, adding or removing trees, or 
excluding strip roads, thereby enabling us to further validate the effec
tiveness of the algorithms.

Future studies should aim to increase the number of defective trees in 
the test dataset to enable stronger validation of our approach and a more 
thorough evaluation of the algorithm's robustness.

Additionally, research should explore the applicability of the TDA 
system in more complex forest environments, such as selectively har
vested stands in continuous cover forestry (Korpunen et al., 2025), 
where operators cannot rely solely on visual assessment of stand density 
based on dominant height and tree species composition. In such settings, 
the ability of TDA in providing consistent and objective guidance may 
become more critical. Moreover, the effectiveness of the TDA could be 
strengthened by incorporating additional harvesting quality indicators 
beyond thinning density. This would expand its role from a supportive 
tool to a more comprehensive decision aid for both experienced and less 
experienced operators. Finally, since the present study was carried out in 
relatively simple stands where outcomes were straightforward, future 

studies should focus on more challenging stand and terrain conditions. 
These environments may reveal differences in performance, particularly 
when operators with limited experience rely heavily on TDA 
recommendations.

5. Conclusion

The findings reveal that MLS demonstrates strong potential for 
estimating key forest structural attributes, particularly stem density and 
dominant height, DBH, as well as strip road spacing and strip road 
width. Across most forest stands, MLS provided stem density estimates 
with acceptable accuracy; however, performance varied with stand 
complexity. In denser or structurally intricate environments, MLS 
consistently underestimated stem counts, highlighting a sensitivity to 
occlusion or vegetation clutter. This suggests that while MLS is effective 
under typical conditions, its performance may benefit from site-specific 
calibration in more challenging forest settings. In contrast, dominant 
height measurements derived from MLS showed a high degree of con
sistency and alignment with reference data. Bias across all stands 
remained minimal, and no statistically significant deviations were 
observed, affirming the robustness of MLS for capturing vertical struc
tural characteristics. These results reinforce MLS as a reliable and scal
able tool for forest inventory applications, including defect detection 
and the evaluation of harvesting quality. Although minor variations in 
accuracy were observed, they appear to be linked to local stand condi
tions rather than systematic errors, supporting the broader operational 
applicability of MLS in diverse forest environments.

CRediT authorship contribution statement

Anwar Sagar: Writing – review & editing, Writing – original draft, 
Visualization, Software, Methodology, Formal analysis, Data curation, 
Conceptualization. Johannes Pohjala: Writing – review & editing, 
Writing – original draft, Visualization, Software, Methodology, Formal 
analysis, Data curation, Conceptualization. Jesse Muhojoki: Writing – 
review & editing, Software, Formal analysis. Anubhav Dhital: Writing – 
review & editing, Formal analysis. Harri Kaartinen: Writing – review & 
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Appendix A 

Table A.1 
Comparison of density (stem ha− 1) between field-based (Density Ref) and MLS-based (Density MLS) measurements. Values in brackets are the range values. Paired t- 
tests were performed for each method (G Ref and G MLS) within each stand; corresponding t- and p-values are shown in the final columns.

Stand Treatment Density ref (Stem ha− 1) t-value p-value Density MLS (Stem ha− 1) t-value p-value

1 Ref 696 [600–833] 0.99 0.35 724 [665–781] 0.80 0.45
TDA 628 [467–800] 674 [515–931]

2 Ref 586 [517–683] 1.38 0.20 562 [507–639] − 1.41 0.18
TDA 534 [533–616] 601 [497–680]

3 Ref 654 [433–917] 0.8 0.46 486 [407–550] 0.3 0.77
TDA 563 [450–717] 470 [332–530]

4 Ref 450 [300–550] 0.8 0.45 417 [332–530] − 0.94 0.93
TDA 421 [383–500] 421 [332–490]

Table A.2 
Comparison of strip road width (m) between treatments (Ref and TDA) using field-based (Width Ref) and MLS-based (Width MLS) measurements. The recommended 
target width is 4–4.5 m in first thinnings (Stands 1 and 3 in this study). Values in brackets are the range values. Paired t-tests were performed between treatment (Ref 
and TDA) within each stand; corresponding t- and p-values are shown in the corresponding columns.

Stand Treatment Width ref (m) t-value p-value Width MLS (m) t-value p-value

1 Ref 4.6 [4.3–4.9] − 0.05 0.97 4.5 [4.4–4.6] − 2.33 0.05
TDA 4.6 [4.1–4.8] 4.7 [4.5–5.1]

2 Ref 4.8 [4.4–5.5] − 0.52 0.61 4.8 [4.5–5.0] 1.25 0.25
TDA 4.9 [4.1–6.1] 4.7 [4.5–4.9]

3 Ref 4.8 [4.3–5.1] − 0.26 0.80 5.0 [4.7–5.4] 0.16 0.88
TDA 4.9 [4.3–5.6] 4.9 [4.5–5.3]

4 Ref 5.5 [4.8–6.4] 0.98 0.36 5.4 [5.1–5.6] − 1.17 0.31
TDA 5.2 [4.8–5.6] 5.2 [4.9–5.4]

Table A.3 
Comparison of basal area (m2) between treatments (Ref and TDA) using field-based (G Ref) and MLS-based (G MLS) measurements. Values in brackets are the range 
values. Paired t-tests were performed between treatment (Ref and TDA) within each stand; corresponding t- and p-values of these tests are in respective columns. The 
recommended target basal area according to Best Practices for Sustainable Forest Management in Finland is shown in the final column.

Stand Treatment G ref (m2) t-value p-value G MLS (m2) t-value p-value G Best practice (m2)

1 Ref 18.4 [17.0–19.6] 0.70 0.50 18.9 [17.4–20.6] 0.59 0.57 16.9
TDA 17.7 [16.0–20.6] 18.1 [14.7–22.6] 16.7

2 Ref 16.9 [14.0–19.7] − 1.23 0.25 19.1 [16.6–22.9] − 1.80 0.10 18.0
TDA 17.9 [15.8–20.3] 21.3 [16.0–24.2] 18.0

3 Ref 11.3 [9.2–12.8] − 0.19 0.86 11.3 [8.3–13.3] 0.65 0.56 13.5
TDA 11.5 [10.7–13.7] 12.0 [11.7–12.4] 13.5

4 Ref 15.4 [10.2–20.0] 0.01 0.95 16.5 [12.8–20.5] − 1.36 1 14.5
TDA 15.4 [13.3–17] 18.3 [17.2–19.3] 14.5

Table A.4 
Comparison of strip road spacing (m) between treatments (Ref and TDA) using field-based (Spacing Ref) and MLS-based (Spacing MLS) measurements. The recom
mended target spacing is 20 m. Values in brackets are the range values. Paired t-tests were performed between treatment (Ref and TDA) within each stand; corre
sponding t- and p-values are shown in the corresponding columns.

Stand Treatment Spacing ref (m) t-value p-value Spacing MLS (m) t-value p-value

1 Ref 20.9 [17.2–22.6] 0.59 0.58 20.2 [14.3–22.4] 0.59 0.57
TDA 20.1 [17.6–22.3] 19.8 [17.5–22.8]

2 Ref 23.4 [17.3–26.8] − 0.45 0.68 23.2 [19.1–25.0] − 0.58 0.68
TDA 24.4 [22.4–26.9] 23.9 [21.1–25.4]

3 Ref 24.7 [23.5–25.9] 1.0 0.46 23.4 [22.8–24.0] 2.21 0.17
TDA 23.0 [21.3–24.6] 21.8 [21.2–22.5]

4 Ref 21.5 [19.1–24.9] 0.66 0.53 21.1 [18.4–23.4] 1.28 0.29
TDA 20.7 [18.9–21.5] 19.0 [17.6–21.0]
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Appendix B 

Table B.1 
Efficiency Analysis and Manual Correction Time in Tree Point Cloud Data Manual corrections within the tree point cloud workflow mainly involved 
georeferencing tree maps, cleaning and refining datasets, and validating through visual inspection. The following table summarises the estimated time 
spent on each significant manual correction step, based on experience from this study.

Manual Correction Step Description Estimated Time per ha

Georeferencing & Alignment Aligning tree maps with orthoimages, matching overlapping points 60–120 min
Duplicate Removal & Cleaning Removing duplicate points, buffering, and dataset refinement 40–60 min
Final Quality Check Ensuring spatial accuracy, completeness, and data integrity 20–60 min
Total Estimated Time Sum of all manual corrections per plot 120–240 min

Appendix C 

Table C.1 
Summary of key limitations, sources of uncertainty, and recommended methodological improvements affecting stem-based estimation of strip road width in forest 
stands.

Category Description

Stem-Free Areas and Tree 
Mortality

The model does not account for naturally occurring canopy gaps, stem-free zones, or tree mortality, which can create irregular spacing unrelated 
to strip roads and bias stem-based width estimates.

Stand Structure and Species 
Composition

Variability in species composition, understory density, and the presence of suppressed or dead trees can reduce the reliability of stem counts, 
particularly in heterogeneous or complex terrain.

Manual Delineation Error Subjective manual delineation of strip road boundaries introduces measurement error and researcher bias, contributing to unexplained model 
variance.

Terrain Effects The absence of terrain variables (e.g., slope, elevation, soil type, microtopography) limits model performance, as terrain strongly influences strip 
road placement, geometry, and spacing.

Terrain Data Integration Incorporating terrain data from DEMs or high-resolution remote sensing could improve model realism by accounting for both operational 
constraints and natural stand features.

Future Research Directions Recommended improvements include integrating terrain parameters, applying automated strip road delineation methods, and expanding 
datasets to encompass diverse stand and terrain conditions.

Data availability

Data will be made available on request.
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for checking the biological quality of thinning in practice. Sveriges 
lantbruksuniversitet, Institutionen för skogsteknik. Uppsatser och Resultat 48.
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Yu, X., Wang, Y., Kaartinen, H., Virtanen, J.-P., Hyyppä, J., 2020a. Accurate 
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Kukko, A., Kärhä, K., 2025. Assessing the consistency of low vegetation 
characteristics estimated using harvester, handheld, and drone light detection and 
ranging (LiDAR) systems. Silva Fenn. 59 (2), 25013. https://doi.org/10.14214/ 
sf.25013.

Kangas, A., Heikkinen, E., Maltamo, M., 2004. Accuracy of partially visually assessed 
stand characteristics: a case study of Finnish forest inventory by compartments. Can. 
J. For. Res. 34 (4), 916–930. https://doi.org/10.1139/x03-266.
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Yrttimaa, T., Liikonen, L., Erkkilä, A., Paakkari, J., Kotivuori, E., Vastaranta, M., 2025. 
Measuring Forest Inventory Attributes Using Faro Orbis Mobile Laser Scanner in 
Managed Boreal Forests. EGU General Assembly, Vienna, Austria. https://doi.org/ 
10.5194/egusphere-egu25-18099. EGU25-18099. 

Zhang, Hailong, Liu, Shirong, Yu, Jinyuan, Li, Jiwei, Shangguan, Zhouping, Deng, Lei, 
2024. Thinning increases forest ecosystem carbon stocks. For. Ecol. Manag. 555, 
121702. ISSN 0378-1127. https://doi.org/10.1016/j.foreco.2024.121702.

A. Sagar et al.                                                                                                                                                                                                                                   Science of Remote Sensing 13 (2026) 100374 

17 

https://doi.org/10.1016/j.foreco.2020.118344
https://doi.org/10.3390/f15050818
https://doi.org/10.3390/f16061023
https://doi.org/10.1080/14942119.2018.1419677
https://doi.org/10.1080/14942119.2018.1419677
https://doi.org/10.3390/rs15153787
https://doi.org/10.3390/rs15153787
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref81
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref81
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref82
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref82
https://urn.fi/URN:ISBN:951-40-1635-1
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref84
https://doi.org/10.5552/crojfe.2024.2319
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref86
https://doi.org/10.2478/fsmu-2020-0010
https://thinkgeo.com/
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref89
http://refhub.elsevier.com/S2666-0172(26)00012-X/sref89
https://doi.org/10.3390/rs6043475
https://doi.org/10.3390/rs6043475
https://doi.org/10.1016/j.isprsjprs.2018.11.008
https://pubs.cif-ifc.org/doi/abs/10.5558/tfc2013-132
https://pubs.cif-ifc.org/doi/abs/10.5558/tfc2013-132
https://doi.org/10.1016/j.rse.2024.114367
https://doi.org/10.1016/j.rse.2024.114367
https://doi.org/10.1016/j.rse.2024.114078
https://doi.org/10.1016/j.rse.2024.114078
https://doi.org/10.48550/arXiv.2506.16991
https://doi.org/10.5194/egusphere-egu25-18099
https://doi.org/10.5194/egusphere-egu25-18099
https://doi.org/10.1016/j.foreco.2024.121702

	Utilising mobile laser scanning point clouds to assess harvesting quality in thinning stands
	Key finding:
	1 Introduction
	2 Materials and methods
	2.1 Experimental design and study area
	2.2 Data acquisition
	2.2.1 Field survey
	2.2.2 Mobile laser scanning

	2.3 Harvesting quality
	2.3.1 Point clouds methods for observing tree defects
	2.3.2 Strip road characteristics

	2.4 Statistical analysis

	3 Results
	3.1 Stem density
	3.2 Basal area (G)
	3.3 Dominant height
	3.4 Diameter at breast height (DBH)
	3.5 Strip road width
	3.6 Strip road spacing
	3.7 Harvesting quality outcomes

	4 Discussion
	4.1 Evaluation of study data and methods
	4.2 Capability of point cloud data in detecting defects in individual trees (RQ1)
	4.3 Consistency and reliability of MLS point cloud data in measuring harvesting quality across thinning stages (RQ2)
	4.4 Impact of TDA system on harvesting quality outcomes (Q3)
	4.5 Future work

	5 Conclusion
	CRediT authorship contribution statement
	Funding
	Declaration of competing interest
	Acknowledgments
	Appendix A Acknowledgments
	Appendix B Acknowledgments
	Appendix C Acknowledgments
	Data availability
	References


