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Highlights
•	 Harvester-mounted mobile laser scanning (HarvMLS) provides estimates of canopy height, 

canopy cover, and structural variability comparable to drone-based laser scanning (DLS) and 
backpack mobile laser scanning (BpMLS).

•	 HarvMLS provides filled voxel proportion estimates comparable to BpMLS.

Abstract
Harvester-mounted mobile laser scanning (HarvMLS) is a novel approach to quantify forest struc-
ture in situ during harvesting operations. However, its reliability relative to established aerial and 
ground-based laser scanning systems remains unknown. In this study, we benchmarked HarvMLS 
against drone-based laser scanning (DLS) and backpack mobile laser scanning (BpMLS) for 
forest structure assessment. Point cloud data were acquired using these laser scanning systems in 
a boreal forest in southern Finland during thinning operations in 2024. HarvMLS collected data 
during thinning, while BpMLS and DLS collected data immediately before and after thinning. 
A grid-level approach was used for point cloud processing. Sixty-two 10 m × 10 m plots were 
analyzed, each with pre- and post-thinning data. Forest structure was characterised using estimates 
of structural attributes and complexity. The structural attributes included canopy height, canopy 
cover (CC), and filled voxel proportion (FVP). Structural complexity was quantified using the 
coefficient of variation (CV) of the structural attributes. Furthermore, FVP was analyzed across 
various canopy height classes to evaluate the scanning system’s capacity to capture vegetation 
density at different canopy layers. The scanning systems consistently estimated canopy height, 
CC, and the CV of these attributes, including the CV of FVP. Significant differences were detected 
for FVP and FVP at lower canopy layers (<15 m). However, post hoc tests showed no significant 
difference between HarvMLS and BpMLS. These findings indicate that HarvMLS provides reli-
able estimates of forest structural attributes and their variability during active forest operations.
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Abbreviations of most frequently used terms

Abbreviation Full form/Description
AT After thinning (i.e. post-thinning)
BpMLS Backpack mobile laser scanning
BT Before thinning (i.e. pre-thinning)
CC Canopy cover
CHM Canopy height model
CV Coefficient of variation
DLS Drone-based laser scanning
DT During thinning
FVP Filled voxel proportion
HarvMLS Harvester-mounted mobile laser scanning 
MLS Mobile laser scanning
R2 Coefficient of determination

1	 Introduction

Forest structure describes the distribution of plant species and the interactions among structural 
attributes, influencing productivity, biodiversity, and ecosystem services (Shugart et al. 2010; 
Sumnall et al. 2017; Hui et al. 2019; Zadbagher et al. 2023; Bu et al. 2025; Maeda et al. 2025). 
This spatial arrangement controls radiation and precipitation interception, thereby shaping micro-
climatic conditions and understory composition within the canopy (Légaré et al. 2002; Falkowski 
et al. 2009). Forest structure is commonly described by two complementary components: structural 
attributes and structural complexity. Structural attributes quantify vegetation abundance and varia-
tion in stand elements, including tree height, stem diameter, canopy cover (CC), understorey, and 
deadwood (McElhinny et al. 2005; Sun et al. 2022). Structural complexity reflects variation in 
vegetation shape, size, and arrangement, playing a key role in forest resilience and ecosystem pro-
cesses (LaRue et al. 2019, 2020, 2023). Understanding forest structure is fundamental for numerous 
forestry applications. It enables the assessment and comparison of diverse forest systems, including 
managed and unmanaged forests, as well as even-aged and mixed-aged stands (Aalto et al. 2023). 
It also guides the selection of appropriate silvicultural practices (Finnish Forest Centre 2026) and 
supports the assessment of disturbances, including harvesting operations (von Gadow et al. 2012).

Laser scanning-based active remote sensing is a key tool for quantifying forest structure using 
point cloud data. It directly captures three-dimensional (3D) vegetation architecture by emitting 
and receiving laser pulses (Zadbagher et al. 2023). Forest structural attributes derived from laser 
scanning provide fundamental metrics for assessing forest structure. Key structural attributes are 
canopy height, CC, vegetation density, volumetric structure, and their associated variability (Atkins 
et al. 2018a, 2018b; LaRue et al. 2020; Zhang et al. 2024; Cimdins et al. 2025a, 2025b). Canopy 
height, a key indicator of forest vertical structure, is closely linked to biomass, carbon storage 
(Gyawali et al. 2022), and habitat availability (North et al. 2017). Taller trees store more carbon, 
and their tall, structurally complex canopies provide important habitat for wildlife. Variability in 
canopy height reflects forest structural complexity and is associated with species diversity and 
disturbance resilience (Stephenson et al. 2014; Koontz et al. 2020). Canopy height itself varies due 
to forest management and natural disturbances (Wang et al. 2022). Thus, its estimation provides 
information on forest structure, biomass, and disturbance dynamics, providing guidance for forest 
planning and management (Kaarakka et al. 2021; Gyawali et al. 2022; Knight et al. 2022).
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CC, commonly measured in national forest inventories (Korhonen et al. 2006; Angelini et 
al. 2015), is a multi-purpose ecological indicator in forestry. It influences forest microclimate, light 
conditions, and wildlife habitats (Chianucci 2016; Mu et al. 2018). CC is used to estimate leaf area 
index (Rautiainen et al. 2005; Chianucci 2016) and assess tree health and environmental impacts 
(e.g. fire severity and pollution). Information on CC also helps evaluate forest management actions 
such as deforestation, thinning, and afforestation (Miller et al. 2009). Moreover, CC is widely used 
in ecological modeling (Cai et al. 2021). Information on CC and canopy height attributes can be 
used to predict forest stand maturity for pruning (Vastaranta et al. 2011).

Filled voxel proportion (FVP) has recently been used to characterise the volumetric struc-
ture of trees and forests using point clouds (Bienert et al. 2014; Post et al. 2025). FVP can provide 
insights into light penetration, vegetation abundance, and productivity (Juchheim et al. 2017; Ross 
et al. 2022; Cimdins et al. 2025b). Attributes describing variability, such as the standard devia-
tion (SD) and the coefficient of variation (CV), are important because they quantify structural 
heterogeneity within forest stands. This heterogeneity reflects variation in habitat conditions and 
is linked to forest structural complexity, biodiversity, and ecological functioning (McElhinny et 
al. 2005; Cimdins et al. 2025b).

Laser scanning sensors have recently been integrated into harvesting machinery, a technol-
ogy known as harvester-mounted mobile laser scanning (HarvMLS). HarvMLS operates continu-
ously during forestry operations such as thinning and clear-cut harvesting. This continuous data 
acquisition enables acquisition of both pre- and post-harvesting forest structure at fine spatial and 
temporal resolutions. Previous studies show that HarvMLS reliably estimates stem attributes, 
including diameter at breast height (DBH) and stem curve (Sagar et al. 2023; Faitli et al. 2024). It 
has also shown potential for quantifying low vegetation (Kafle et al. 2025). However, HarvMLS 
has not been sufficiently validated for characterizing forest stand structure and its variability, both 
important components of forest biodiversity (Kärhä et al. 2023, 2025; Korhonen et al. 2024). 
Therefore, benchmarking HarvMLS against established laser scanning platforms, including air-
borne laser scanning (ALS), and other mobile laser scanning (MLS) platforms, is necessary. ALS, 
including drone-based laser scanning (DLS), effectively captures canopy-level attributes such as 
canopy height and CC (Mura et al. 2015; Oshio et al. 2015; Bottalico et al. 2017; LaRue et al. 
2020; Whelan et al. 2023; Zhang et al. 2024; Cimdins et al. 2024, 2025a, 2025b). MLS, including 
backpack mobile laser scanning (BpMLS), can capture fine-scale and near-ground vegetation in 
detail (Hyyppä et al. 2020; Hartley et al. 2022; Vatandaslar et al. 2026).

Quantifying forest structure before and after thinning provides a more comprehensive char-
acterisation of stand structure. It also enables robust comparisons among laser scanning platforms. 
However, comparative studies across the platforms integrating datasets from both conditions remain 
limited. Therefore, this study aimed to evaluate the performance of HarvMLS against DLS and 
BpMLS for forest structure assessment using both pre- and post-thinning point cloud datasets.

2	 Methodology

2.1	 Study area and thinning operations

The study area, situated in Evo Forest Park, southern Finland (61°21´N, 25°11´E), was a man-
aged forest consisting of stands approximately 1–3 ha in size (Fig. 1a, b). Some forest areas had 
pre-cleared undergrowth. Removal of dense undergrowth prior to thinning was needed to improve 
visibility and create space for machinery, making the process more efficient, safer, and cost-effective 
(Kärhä 2006; Kärhä and Bergström 2020). The forest stand was primarily composed of Norway 



4

Silva Fennica vol. 60 no. 3 article id 25056 · Kafle et al. · Boreal forest structure assessment using harvester-…

spruce (Picea abies [L.] H. Karst), Scots pine (Pinus sylvestris L.), and birch (Betula spp.). Minor 
occurrences of ash (Fraxinus excelsior L.) and grey alder (Alnus incana [L.] Moench) were 
observed. Undergrowth mainly comprised Norway spruce and birch, with occasional ash, rowan 
(Sorbus aucuparia L.), and juniper (Juniperus communis L.).

Thinning was conducted under leaf-on conditions on 1–2 October 2024 using a Ponsse 
Scorpion harvester. The thinning plan, prepared by Häme University of Applied Sciences (Evo 
Campus), targeted the removal of approximately one-third of the standing volume. Operations 
began in the northern part, including forest stands 641 and 642, using a strip-thinning system 
(Fig. 1b, c). Four thinning strips, 70–85 m in length, were implemented in this part, while a single 
approximately 50 m long strip was applied in the southern part. The strip included forest stand 
640 and the southern part of stand 641 (Fig. 1b, d). Harvested production (hpr) data showed that 
496 trees were removed, comprising 46.5% Norway spruce, 36.0% Scots pine, and 17.5% birch 
(Fig. 1c, d). The total harvested volume was 36.1 m3 across 0.7 ha, with an average harvested-tree 
DBH of 11.8 cm.

2.2	 Laser scanning systems and data collection

Three laser scanning systems were used in this study: Zenmuse L2 for DLS, Faro Orbis for BpMLS, 
and Ouster OS0-128 for HarvMLS. The Zenmuse L2 was operated in penta-record mode (up to 
five returns per pulse) mounted on a drone (DJI Matrice 350 RTK; Fig. 2). Data acquisition was 
performed at a flight height of 50 m above ground level (AGL), with a flight speed of 7.9 m s–1. 
Adjacent flight lines were designed with a 74% side overlap to provide adequate point cloud 
coverage. The point cloud rate was 240 000 points s–1 for single returns and 1 200 000 points s–1 

Fig. 1. Study area (a) and forest stands (b), with harvested tree species from the northern (c) and southern (d) parts.
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for multiple returns. The inertial navigation system, with a calibrated inertial measurement unit 
(IMU) enabled, had an update frequency of 200 Hz. Post-processing was conducted using DJI 
Terra, and point clouds data were extracted in LAS format. The Zenmuse L2 provides 2 cm ranging 
accuracy at 150 m flight height. It operates at a 905 nm laser wavelength with 0.2 mrad horizontal 
and 0.6 mrad vertical beam divergence (Optron 2025).

The Faro Orbis (Fig. 3) features a 360° × 290° field of view, mobile and stationary flash 
scanning systems, and a scanning range of 120 m. The BpMLS operates in the single return per 
pulse mode with a point cloud acquisition rate of 640 000 points s–1. The system incorporated 
GeoSLAM’s simultaneous localization and mapping (SLAM) algorithm, enabling real-time map-
ping and automatic localization during data acquisition. The FARO Connect software was used to 
export point clouds in a LAS format. The Faro Orbis offers a precision of 5 mm in mobile scanning 
and 2 mm in stationary flash scanning. It employs a 905 nm laser with a 0.7 mrad horizontal and 
1.7 mrad vertical beam divergence (Faro 2025).

Two Ouster OS0-128 laser scanners were set up on the side of the crane at a 45° angle rela-
tive to the crane (Fig. 4). The scanner has a scanning capability of up to 100 m with a point cloud 

Fig. 2. Drone-based laser scanning (DLS) setup and forest scanning: Zenmuse L2 laser scanner 
with DJI Matrice 350 RTK drone (a), and forest scanning with DLS (b).
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rate of 5.2 million points s–1. The system records the two strongest returns per pulse and provides 
a 360° horizontal and 90° vertical field of view. It provides an accuracy of ±0.5–5 cm, operating 
at an 865 nm wavelength with a 6 mrad beam divergence (General Laser 2025).

During the thinning operation, HarvMLS continuously scanned the forest, acquiring point 
cloud data in a strip-wise manner. For each strip, 3–5 consecutive point cloud datasets (LAZ 
files) were generated during 13–18 minutes of scanning. The first LAZ file typically represented 
pre-thinning conditions, whereas the last represented post-thinning conditions. Intermediate files 
contained a mixture of standing and harvested trees.

2.3	 Point cloud processing

2.3.1	Point cloud preprocessing and co-registration

Each point cloud dataset was preprocessed using LAStools (Isenburg, 2019) for noise filtering, 
ground classification, and height normalisation (Fig. 5). Noise removal was implemented with the 
lasnoise function in LAStools with a grid spacing of 2 m horizontally and 1 m vertically. Points 
with <10 neighboring returns were identified as isolated and classified as potential noise for 
removal. Ground classification was conducted using the lasground_new function with parameters 
optimized for fine-scale accuracy. A 2 m grid was used, with thresholds of 1.5 m for bulges, 1 m 
for spikes, 0.3 m for downward spike, and an offset of 0.05 m. The ultrafine resolution mode was 

Fig. 3. Forest scanning with backpack Faro Orbis mobile laser scanner.
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Fig. 4. Two Ouster OS0-128 LiDARs set up on Ponsse Scor-
pion harvester.

Fig. 5. Workflow of this study. The process begins with the acquisition of point cloud data and proceeds through pre-
processing, processing, and analysis stages. Point cloud data were collected using harvester-mounted mobile laser 
scanning (HarvMLS), backpack mobile laser scanning (BpMLS), and drone-based laser scanning (DLS). HarvMLS 
data were obtained during thinning (DT), while DLS and BpMLS data were collected both before thinning (BT) and 
after thinning (AT). The study adopted open-source tools and packages, including LAStools, Cloudcompare, ArcGIS 
Pro, lidR, and R Studio.
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selected to achieve precise differentiation between ground and non-ground points, enhancing the 
reliability of the digital terrain representation. Next, the lasheight function was used to normalise 
point heights relative to the classified ground surface. The overall preprocessing approach fol-
lowed the procedures described by Kafle et al. (2025) to ensure methodological consistency and 
comparability with previous research.

Height-normalised BpMLS and HarvMLS point clouds were co-registered with the DLS 
point clouds using the iterative closest point (ICP) algorithm in CloudCompare (64-bit edition, 
version 2.13.2) (Mueller et al. 2026). The algorithm was applied with a 50% overlap to opti-
mize alignment accuracy and reduce spatial discrepancies between the laser scanning systems 
(CloudCompare 2025). Accuracy was 0.07–0.16 m for BpMLS and 0.06–0.21 m for HarvMLS. 
The normalised DLS point cloud from the thinned area was spatially segmented and clipped in 
CloudCompare (Supplementary file S1: Fig. S1, available at https://doi.org/10.14214/sf.25056).

2.3.2 Plot-level point cloud processing

The clipped DLS dataset was subdivided into 10 m × 10 m grid cells, defined as study plots, and 
exported as a shapefile using ArcGIS Pro (Esri, 2025). This plot size was selected based on the 
limited thinned area (ca. 0.7 ha) and a curved north–south road along one side that restricted the 
use of larger plots. Individual sample plots were extracted from the processed LAS datasets using 
the lasclip function in LAStools.

To ensure sufficient point cloud density and minimize potential occlusion effects, plot selec-
tion was restricted to areas within a 20 m radius of the harvester’s operational path. This criterion 
yielded a total of 62 sample plots (10 m × 10 m), capturing both pre- and post-thinning forest 
structures (Suppl. file S1: Figs. S2 and S3). The spatial correspondence of the HarvMLS plots with 
the BpMLS and DLS plots was visually evaluated, and no discrepancies were observed for the pre-
thinning forest structure. However, for the post-thinning structure, discrepancies were identified 
in three plots, where trees that had been harvested were still represented as standing trees in the 
HarvMLS data compared with the BpMLS and DLS datasets. To address this issue, the affected 
HarvMLS plots were segmented using GPS time information in CloudCompare, retaining only 
the points recorded during the last four minutes of scanning. This procedure successfully removed 
the erroneously retained standing trees and improved the representation of the post-thinning forest 
structure. For each plot, the before-thinning (BT) and after-thinning (AT) point clouds were pro-
cessed independently. Based on a visual assessment, the removal of residual noise in the HarvMLS 
was performed in CloudCompare using the statistical outlier removal (SOR) tool. For the pre-
thinning HarvMLS datasets, we applied neighborhood size (k) of 10 and a standard deviation (SD) 
threshold (σ) of 3 due to higher noise levels. SOR settings of 10:6 (k:σ) were selectively applied 
to the post-thinning HarvMLS and BpMLS point clouds because of lower noise levels. The DLS 
datasets showed negligible noise and did not require additional filtering.

The final selected plots had high point cloud densities (points m–2): on average, 37 235 
for HarvMLS pre-thinning, 15 870 for HarvMLS post-thinning, 53 898 for BpMLS pre-thinning, 
55 028 for BpMLS post-thinning, 5174 for DLS pre-thinning, and 2785 for DLS post-thinning. 
The higher pre-thinning point cloud densities for HarvMLS and DLS were due to denser vegeta-
tion before harvesting. However, BpMLS’s pre-thinning point cloud density was slightly lower 
than post-thinning, likely due to high CC significantly limiting the field of view of BpMLS that 
operated at 2 m above ground during pre-thinning conditions. The HarvMLS and BpMLS systems 
operated in single-return mode, whereas the DLS system provided up to five return modes. For the 
DLS dataset, all returns were used to improve the characterisation of canopy structure and height 
heterogeneity, as suggested by Mura et al. (2015).

https://doi.org/10.14214/sf.25056
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2.4	Quantification of forest structure

Forest structure was quantified using eight structural attributes. The height-related attributes, maxi-
mum height, maximum height CV, mean height, and mean height CV, represent vertical structure 
and its variability. CC and its CV value capture horizontal structure and its variation. FVP and its 
CV value reflect vegetation abundance or the volumetric composition of the forest. In addition, a 
vertical profile of FVP was derived at the plot-level. Structural attributes were derived using grid-
level approaches, including canopy height model (CHM)-based and voxel-based methods (Cimdins 
et al. 2025b), with the lidR package (Roussel et al. 2024) in R version 4.5.1 (R Core Team 2025).

2.4.1	CHM-based approach

Canopy height and cover attributes were derived using a CHM-based approach. A 20 cm reso-
lution CHM (Gyawali et al. 2022) was generated using the point-to-raster (p2r) algorithm to 
capture fine-scale canopy structure. To obtain plot-level attribute estimates and CV values, each 
10 m × 10 m CHM raster was subdivided into 2 m × 2 m subplots (4 m2 each; 25 subplots per 
plot), following the methodology presented by Cimdins et al. (2025b) (Fig. 6a, b). The subplot 
size was chosen to capture intra-plot variability while maintaining sufficient replication for reli-
able CV estimation.

Subplot-level maximum height was estimated as the 99.9th percentile of pixel-level CHM 
heights to minimise the influence of outliers (Zhang et al. 2024). Mean subplot height was obtained 
by averaging the pixel-level mean CHM heights. Plot-level maximum height was estimated as the 
highest subplot maximum height within each plot. Mean plot height was computed as the average 
of its subplot mean heights. CVs for maximum and mean height at the plot-level were calculated 
by dividing the SD across subplots by the respective plot-level mean values.

CC at the subplot-level was estimated by dividing the number of canopy pixels by the total 
number of pixels exceeding 3 m in height. A canopy pixel was defined as a pixel containing at least 
one vegetation point cloud. Previous studies have applied different height thresholds depending 
on vegetation density: for example, 2 m for sparse understory, 5 m for dense understory includ-
ing shrubs (Dai et al. 2022), and 3 m for boreal forests (Cimdins et al. 2025b). We selected a 3 m 
threshold to maintain consistency with previous studies conducted under similar conditions. Plot-
level CC was calculated as the mean CC across subplots. The CV of CC was calculated as the SD 
across subplots divided by the plot-level CC.

2.4.2	Voxel-based approach

The voxel size was set to 20 cm, consistent with the 20 cm CHM pixel size and previous studies 
(Juchheim et al. 2017; Cimdins et al. 2025b). For each subplot, FVP was defined as the proportion 
of filled voxels (voxel containing at least one point) relative to the theoretical number of voxels 
determined by the subplot’s maximum height. Plot-level FVP and its CV values were subsequently 
derived from the subplot values, following the same framework as CHM-derived structural attrib-
utes such as mean height and CC. This subplot-based framework also served to minimise potential 
discrepancies between theoretical and observed voxel occupancy (Fig. 6c).

At the plot-level, FVP was further evaluated across discrete vertical strata up to 20 m (FVP 
Profile), as only five plots exceeded this height. The FVP profile is defined as FVP computed across 
height intervals to characterize the vertical distribution of vegetation density. It quantifies varia-
tion in vegetation density across canopy and sub-canopy layers and identifies denser and sparser 
strata. The vertical stratification included 5 m canopy layers with non-overlapping intervals: up to 
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4.99 m, 5–9.99 m, 10–14.99 m, and 15–20 m (Fig. 6d). Subplot division was not applied in this 
vertical analysis to maintain comparability across height strata. 

2.5	 Statistical analyses

Linear relationships and consistencies among the laser scanning systems were assessed using R 
version 4.5.1 (R Core Team 2025). Linear relationships between HarvMLS, BpMLS, and DLS were 
evaluated pairwise for the estimated forest structural attributes and structural complexity (CV) using 
the coefficient of determination (R2) (Pennsylvania State University 2018). The DLS data were used 
as the reference to calculate R2 and mean difference (MD) values when comparing HarvMLS with 
DLS data or BpMLS with DLS data. For comparisons between HarvMLS and BpMLS, the latter 
was used as the reference. MD was calculated as the mean of the test system minus the mean of the 
reference system (HarvMLS–DLS, HarvMLS–BpMLS, and BpMLS–DLS comparisons).

Fig. 6. Division of a sample plot (10 m × 10 m) into subplots and vertical strata to quantify forest structure. The plot was 
subdivided into 2 m × 2 m subplots, and canopy height models (CHMs) were generated within each subplot to estimate 
height (a) and cover attributes (b). Top-down view showing filled voxel proportion at the subplot scale (c). Filled voxel 
proportion at different height levels were computed using a voxel size of 20 cm (d). Subplot-level values were further 
used to calculate mean values and coefficients of variation (CVs).
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To test the consistencies or differences, we proceeded with one-way analysis of variance 
(ANOVA) (Heiberger and Neuwirth 2009). The ANOVA assumptions of residual normality and 
homogeneity of variance were assessed with the Shapiro–Wilk and Levene tests, respectively 
(Levene 1960; Shapiro and Wilk 1965; Niedermaier et al. 2022). When the normality assumption 
was violated, logarithmic, square-root, and Box–Cox transformations were applied to normalize the 
residuals. If the transformed data still failed the normality test, the Kruskal–Wallis nonparametric 
test was used (Kruskal and Wallis 1952). When the normality assumption was satisfied but the 
homogeneity of variances assumption was violated, Welch’s ANOVA was applied (Delacre et al. 
2019). Post hoc pairwise analyses were performed using Dunn’s test following the Kruskal–Wallis 
test and the Games–Howell test following Welch’s ANOVA. Statistical significance was determined 
at a 0.05 significance level for all tests.

3	 Results

3.1	Quantification of forest structure

The maximum canopy height recorded in the study area was 25.79 m. The average maximum 
canopy height was 17.15 m before thinning and 16.66 m after thinning, indicating minimal change 
in the upper canopy. This showed that the tallest trees were largely retained, with removals occur-

Fig. 7. Forest structural attributes quantified before and after thinning using three laser scanning systems. The assessed 
attributes included maximum height, mean height, canopy cover, and filled voxel proportion, with the coefficient of 
variation (CV) calculated for each attribute. Data were obtained from a harvester-mounted mobile laser scanner (Har-
vMLS), a drone-based laser scanner (DLS) and a backpack mobile laser scanner (BpMLS). Conditions are shown 
before thinning (BT) and after thinning (AT), with mean values indicated in red.
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ring primarily within the sub-canopy. Mean canopy height, derived from the three laser scanning 
systems, ranged from 9.1 to 9.8 m before thinning. After thinning, it decreased to 7.33 m due to 
the removal of mid-height trees. CC values from the three systems collectively declined from 
0.86 to 0.68, reflecting an increase in canopy openness after thinning. Pre-thinning FVP varied 
among scanning systems, from 0.38 to 0.49, and declined after thinning to 0.32–0.40. An increase 
in CV values for height, CC, and FVP was observed across all laser scanning systems after thin-
ning (Fig. 7). The CV of mean height increased the most, exceeding 1 in some cases, indicating 
greater vertical heterogeneity and variability in canopy height distribution after thinning. Overall, 
all laser scanning systems detected post-thinning changes in the vertical, horizontal and volumetric 
components of the forest structure.

Analysis of FVP profiles showed that vegetation density was highest within the 5–9.99 m 
height interval (FVP-BT 0.42–0.48; FVP-AT 0.27–0.33) compared to other height classes (0–4.99 m, 
10–14.99 m, and 15–20 m; Fig. 8). At lower heights (<5 m) and mid-height (5–9.99 m), ground-
based laser scanning systems, HarvMLS and BpMLS, exhibited higher FVP compared to DLS. 
For the upper canopy level (>10 m), DLS showed more FVP compared to HarvMLS and BpMLS. 
These patterns highlighted system-specific differences in structural detection. HarvMLS and 
BpMLS better characterised lower canopy and understory vegetation, whereas DLS more effec-
tively captured structure within the mid- to upper canopy layers.

Fig. 8. Filled voxel proportion values across the different heights. Data were obtained from a harvester-
mounted mobile laser scanner (HarvMLS), a backpack mobile laser scanner (BpMLS) and a drone-
based laser scanner (DLS). Conditions are shown before thinning (BT) and after thinning (AT).
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3.2	 Linear relationships and consistencies between laser scanning systems

Canopy height attributes (maximum height, mean height, CV of maximum height, and CV of 
mean height) exhibited strong linear relationships between laser scanning systems (R2 0.84–0.99; 
Suppl. file S1: Figs. S4a, S4b, S4c, S4d). These high R2 values indicated that a large proportion of 
the variance in measurements from DLS or BpMLS can be explained by the measurements from 
HarvMLS. CC and its CV value also demonstrated very strong agreement (R2 0.94–0.99; Suppl. file 
S1: Figs. S4e, S4f). FVP showed a weak linear relationship across systems (R2 0.29–0.49; Suppl. 
file S1: Fig. S4g). The CV of FVP showed moderate to strong linear agreement between systems 
(R2 0.63–0.82; Suppl. file S1: Fig. S4h). Mean differences were generally higher for the structural 
attributes compared with the structural variability metrics. Relative to DLS, HarvMLS and BpMLS 
showed slight underestimation of canopy height and CC, but a slight overestimation of FVP.

The linear agreement in FVP between the laser scanning systems varied across canopy height 
classes (R2 0.50–0.82; Suppl. file S1: Fig. S5). In the <5 m layer, linear agreement was moderate 
(R2 0.50–0.68; Suppl. file S1: Fig. S5a). It improved in the 5–9.99 m (R2 0.58–0.77; Suppl. file 
S1: Fig. S5b) and 10–14.99 m (R2 0.61–0.75; Suppl. file S1: Fig. S5c) layers and was strongest 
in the 15–20 m layer (R2 0.59–0.82; Suppl. file S1: Fig. S5d). Except for the <5 m height class, 
HarvMLS and BpMLS showed stronger linear relationships with DLS than the HarvMLS–BpMLS 
comparison. Mean differences were small to moderate (MD 0–0.14). Compared with DLS, Har-
vMLS and BpMLS showed overestimation of FVP below 10 m, while DLS produced higher FVP 
estimates above 10 m.

FVP below 5 m height satisfied the normality assumption (W = 0.996, p = 0.656) but failed the 
homogeneity of variance test; therefore, Welch’s ANOVA was used. The remaining attributes did 
not satisfy the normality assumption, and data transformation attempts were unsuccessful. These 
attributes were analyzed using the Kruskal–Wallis test. Statistical analysis yielded comparable 
estimates of maximum and mean canopy height, their CVs, CC, CV of CC, CV of FVP, and FVP 
for the 15–20 m height class (p = 0.296–0.958). Significant differences (p = 7.8e–12) were detected 
between systems for FVP and FVP in <5 m, 5–9.99 m, and 10–14.99 m. A post hoc test indicated 
no significant difference (p = 0.103–0.565) between HarvMLS and BpMLS in the estimation of 
FVP and FVP profile (Table 1).

Table 1. Results of Kruskal–Wallis test and Welch’s ANOVA for forest structural attributes derived from harvester-
mounted mobile laser scanner (HarvMLS), backpack mobile laser scanner (BpMLS) and drone-based laser scanner 
(DLS). Chi-square value (χ2) and F value are reported for the Kruskal–Wallis test (K–W) and Welch’s ANOVA (W) test, 
respectively. CV denotes coefficient of variation. Significant p-values are indicated in bold. 

Forest structural attribute Test value p-value Adjusted p-value Statistical 
analysisHarvMLS  

vs DLS
BpMLS  
vs DLS

BpMLS  
vs HarvMLS

Maximum height 0.423 0.809 1.00 0.889 0.834 K–W
CV maximum height 0.592 0.743 0.939 1.00 0.670 K–W
Mean height 2.053 0.358 0.435 0.257 1.00 K–W
CV mean height 0.068 0.966 1.00 1.00 1.00 K–W
Canopy cover (CC) 0.914 0.633 0.561 0.679 1.00 K–W
CV of CC 0.210 0.899 1.00 0.971 1.00 K–W
Filled voxel proportion (FVP) 51.224 <0.001 <0.001 <0.001 0.103 K–W
CV of FVP 2.398 0.301 0.272 0.267 1.00 K–W
FVP profile

<5 m 115.58 < 0.001 <0.001 <0.001 0.483 (W) test
5–9.99 m 9.004 0.011 0.129 0.004 0.303 K–W
10–14.99 m 23.11 <0.001 <0.001 <0.001 0.565 K–W
15–20 m 1.377 0.502 1.00 0.431 0.503 K–W
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4	 Discussion

This study evaluated the performance of harvester-mounted mobile laser scanning (HarvMLS) in 
quantifying forest structure in a boreal forest undergoing thinning operations. Standardized metrics 
for forest structure remain limited, and existing indices are difficult to translate (Aalto et al. 2023; 
Moudrý et al. 2023). Therefore, we assessed key structural attributes representing horizontal, 
vertical, and volumetric forest structure and their variability. These included maximum and mean 
canopy height, canopy cover (CC), filled voxel proportion (FVP), and their coefficient of variation 
(CV). Height and cover attributes were derived using 20 cm grids, while FVP was derived using 
20 cm voxels. HarvMLS produced comparable estimates of canopy height, CV of canopy height, 
CC, CV of CC, CV of FVP, and FVP at the upper canopy layer (15–20 m) showing moderate to 
strong relations (R2 0.59–0.99) with backpack mobile laser scanning (BpMLS) and drone-based 
laser scanning (DLS). Significant differences among the laser scanning systems were observed for 
total FVP and for FVP measured within the <5, 5–9.99, and 10–14.99 m height categories. Post 
hoc analysis, however, revealed comparable values of FVP and FVP profiles between HarvMLS 
and BpMLS.

Studies evaluating HarvMLS for forest structure assessment across all vegetation layers are 
limited, precluding direct comparisons with prior HarvMLS research. Given this limitation, we 
compare our findings with those of Cimdins et al. (2025b) for two primary reasons. First, both stud-
ies were conducted in Evo, Finland. The study sites were close to each other (our study: 61°21´N, 
25°11´E; Cimdins et al.: 61°11´N, 25°06´E) and represented similar forest conditions. Second, both 
studies included airborne laser scanning data. Cimdins et al. (2025b) reported consistent estimates 
of the CVs of mean canopy height, CC, and FVP between helicopter-borne laser scanning (Heli-
ALS: VQ-840-G, VUX-1HA, and MiniVUX-3UAV) and TLS (Leica RTC360 3D). The prediction 
accuracies were moderate (R2 0.395–0.583). Our study also showed consistent estimates among 
HarvMLS, BpMLS, and DLS for the same attributes, with significantly higher prediction accura-
cies (R2 0.63–0.99). Based on these two studies, forest structural variability appears to be reli-
ably estimated using both ground-based and airborne laser scanning systems under similar forest 
conditions. However, further evaluation across diverse forest types and sensor configurations is 
needed to confirm these findings.

Previous studies have demonstrated that MLS can estimate height attributes comparable 
to those obtained from field measurements or ALS- or TLS-derived point cloud data. Liikonen et 
al. (2026) reported a very strong Pearson’s correlation coefficient (r > 0.97) between tree heights 
estimated using MLS (Faro Orbis) and an electronic clinometer in Heinävesi, Finland. Similarly, 
Holvoet et al. (2025) found a high coefficient of determination (R2 0.976) between MLS (ZEB 
Horizon RT) and fused MLS–DLS (DJI Zenmuse L1) data. Vandendaele et al. (2022) also reported 
a strong relationship (R2 0.93) between MLS (Velodyne VLP-16 Lite) and TLS (FARO Focus3D 
S120) for tree height estimation. These findings are consistent with the present study, showing high 
agreement among DLS, BpMLS, and HarvMLS in estimating height attributes. The strong agree-
ment observed in our study is likely influenced by the relatively moderate tree heights within the 
study area, where the average maximum plot height was 17.1 m. Hyyppä et al. (2020) reported that 
MLS (GeoSLAM ZEB Horizon) increasingly underestimated tree height above 25 m under boreal 
forest conditions. Given these findings, evaluating the performance of HarvMLS and BpMLS in 
taller forests (>25 m) would be a valuable direction for future research.

The performance of MLS and DLS in tree height estimation can vary with forest structural 
characteristics, particularly stand composition (Mîzgaciu et al. 2025). Mîzgaciu et al. (2025) 
reported high prediction accuracy for MLS (GeoSLAM ZEB Horizon) in single-species stands 
(R2 0.93), whereas lower relationships were observed in mixed-species stands (R2 0.46–0.80). 
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Similarly, the mean canopy height derived from a DLS (DJI Zenmuse L1) showed R2 values 
of 0.619 in single-species stands and 0.149 in mixed-species stands against field-measured tree 
heights. These results were obtained in high-canopy forests with maximum tree heights of up to 
48 m (Mîzgaciu et al. 2025). Our study was conducted in mixed-species, multi-layered forest stands 
with relatively short canopies, with an average maximum canopy height of 17.15 m. Despite the 
structural complexity of these stands, DLS, BpMLS, and HarvMLS produced consistent estimates 
of plot-level canopy height and height variability. These results show that all three laser scanning 
systems reliably characterize forest vertical structure in structurally complex forests with modest 
canopy heights.

Previous studies have not reported the application of MLS for CC estimation. In the present 
study, no significant differences were observed among HarvMLS, BpMLS, and DLS in estimating 
CC, indicating that the ground-based mobile laser scanning systems are comparable to DLS for 
canopy-level attributes. These findings demonstrate the potential of BpMLS and HarvMLS for 
canopy structure characterization, extending BpMLS applications beyond understory structure, 
DBH, crown area, and tree height (Balenović et al. 2021; Vatandaşlar et al. 2023; Faitli et al. 2024; 
Post et al. 2025).

The ground-based systems (HarvMLS and BpMLS) yielded significantly different FVP and 
FVP profile estimates from DLS. This discrepancy is due to the limited ability of DLS to detect 
understory vegetation because of occlusion by overstory foliage, resulting in omission errors 
and incomplete sampling of tree stems (Hamraz et al. 2017; Muhojoki et al. 2024). However, no 
significant differences were found among HarvMLS, BpMLS, and DLS for FVP in the 15–20 m 
canopy stratum, canopy height attributes, and CC. These results indicate that BpMLS and HarvMLS 
provide estimates of upper-canopy structure comparable to those of DLS.

5	 Conclusion

HarvMLS demonstrated reliable performance for quantifying forest structure using a grid-based 
approach. By continuously acquiring point cloud data during thinning, HarvMLS provided high-
resolution three-dimensional characterisation of forest stand structure before and after thinning. 
HarvMLS showed strong agreement with DLS and BpMLS in estimating canopy height and canopy 
cover. furthermore, all three systems produced consistent estimates of variability for canopy height, 
cover, and filled voxel proportion (FVP). For volumetric forest structure, significant differences 
were observed between the ground-based systems (HarvMLS and BpMLS) and DLS based on 
FVP estimates. However, HarvMLS and BpMLS showed consistent estimates of FVP. Overall, 
the results demonstrate the potential of HarvMLS for detailed and reliable forest structure assess-
ment. Future studies are suggested to evaluate the performance of HarvMLS in high-canopy forests 
(>23 m) and across larger areas.

Supplementary files
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