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Abstract

Accurate spatial information on individual tree locations is essential for precision forestry,
the integration of field and remote sensing data, and tree-level forest analyses. This
study compared the positional accuracy and tree identification performance of four tree-
mapping approaches: legacy paper maps, a pseudolite-based field positioning system
(TerraHérp), drone-based laser scanning, and mobile laser scanning (MLS). The analysis
was conducted in five long-term experimental forest sites in Lithuania, comprising pine-
and spruce-dominated stands with varying stand densities. Tree locations derived from
legacy maps and the TerraH&rp system were compared to assess systematic and random
positional discrepancies. TerraHarp-derived tree positions were subsequently used as a
reference to evaluate the laser scanning-based methods. Positional accuracy was assessed
using Hotelling’s T? test, root-mean-square error, and the National Standard for Spatial
Data Accuracy (NSSDA), while spatial autocorrelation of deviations was examined using
Moran’s I. The results indicated that discrepancies between TerraHarp and legacy maps
were dominated by systematic horizontal shifts in the historical maps, whereas random
positional variability was relatively small and consistent across stand types. Drone-based
laser scanning showed a strong dependence of tree identification accuracy on stand density
and mean tree diameter. Overall, CHM-based segmentation yielded more accurate tree
identification than 3D point cloud segmentation, with mean F1-scores of 0.78 and 0.72,
respectively. Positional accuracy varied by method, with the largest errors from CHM
apexes and highest 3D point cloud points (mean NSSDA ~ 1.8-2.0 m), improved accuracy
using the lowest 3D cluster points (1.45-1.72 m), and the highest accuracy achieved using
mobile laser scanning (mean NSSDA 0.76-0.90 m; >95% of trees within 1 m). These
results demonstrate that pseudolite-based field mapping provides a reliable reference for
high-precision tree location and for integrating field and laser scanning data in managed
conifer stands.

Keywords: individual tree mapping; tree positional accuracy; pseudolite positioning; drone
LiDAR; mobile laser scanning; forest inventory; precision forestry
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1. Introduction

Stand-level approaches remain essential in contemporary forest management for
scalable planning, modelling stand dynamics, and meeting policy and certification re-
quirements. They are usually built using mean stand-level estimates of forest attributes.
Nevertheless, modern forest management increasingly relies on high-resolution informa-
tion, where individual tree data, including both the location and descriptive characteristics,
enable precise inventory, targeted silvicultural treatments, biodiversity conservation, and
operational optimization [1-3]. Recent research highlights that combining both stand and
individual tree data provides the most effective framework, allowing the integration of
fine-scale ecological and economic decisions within broader management structures [4,5].
Thus, multi-scale data synthesis is central to precision forestry. At the individual tree scale,
precise stem-map information (such as location, species, diameter at breast height (DBH),
height and crown dimensions) allows targeted silvicultural decisions such as selecting
crop trees, releasing specific stems to increase growth, monitoring health or microhabitats,
and improving operational logistics [6]. At the stand (or site) scale, aggregated individual
tree data can be summed or averaged to compute stand-level attributes (e.g., mean tree
height, average diameter, volume per area and basal area) and used in growth modelling,
harvest scheduling, density management, and landscape planning [1]. Data merging at
different levels—when data from individual trees are incorporated into forest stand models,
thus providing stand-level insights based on stem-level variability—enables more targeted
management and allows for the development of recommendations for adjusting stand-level
management measures (e.g., thinning and selection systems) based on tree-level conditions
marked on maps [3]. Individual-tree information within area-based airborne laser scanning
(ALS) inventory frameworks provides detailed tree-level attributes such as height, crown
size, and stem location. These attributes can be used as predictors or calibration inputs
for plot- and stand-level models, improving the estimates of volume, basal area, and other
stand variables [1,7,8]. Previous studies have shown that integrating individual tree-level
data into area-based inventories improves the robustness of these estimates, particularly
under varying point cloud densities, forest structural complexities, and tree crown char-
acteristics [9,10]. Therefore, knowing the position and attributes of individual trees is
increasingly recognised as fundamental in modern forestry, regardless of whether these
data originate from field surveys or remote sensing.

Accurate measurement and delineation of forest boundaries and individual forest
holdings have long been essential for effective forest administration and management in
developing countries. Historically, various methods have been employed to determine
the spatial location of objects within or adjacent to forested areas. Initially, these efforts
relied on traditional geodetic and topographic survey methods and large-scale boundary
delineation was performed via triangulation, baseline chaining, theodolites, and levelling
instruments within cadastral and forest-estate survey systems [11,12]. Geodetic/field-based
individual-tree mapping methods have also been applied to define the precise location of
individual trees, primarily for research objectives [13-15]. The location of objects in forests
is determined using instruments or systems that measure the azimuth (angle from the north)
and distance from a reference point. Using geodetic instruments such as total stations,
achieves centimetre-level accuracy but is costly, time-consuming, and labour-intensive.
This requires establishing accurate reference coordinates in open areas and then deriving
each tree’s coordinates through total station observations of angles and distances [16].
Owing to the high operational costs and slow data acquisition, this approach is seldom
applied in routine forestry practices.

The widespread availability of global navigation satellite systems (GNSSs) and elec-
tronic distance measurement (EDM) tools in the latter half of the 20th century substantially
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improved the spatial accuracy and efficiency of the measurements used to locate indi-
vidual trees and plots. Simultaneously, surveying costs have decreased enabling precise
staking of plots, monitoring of forest holdings, and integration of geo-referenced timber
inventories [17,18]. Modern GNSS receivers can provide coordinate estimates in forested
environments with an accuracy of 30-50 cm. Numerous studies have examined the perfor-
mance of GNSS positioning under closed canopy conditions, where foliage and tree stems
attenuate and obstruct satellite signals [19]. In practice, conventional GNSS approaches
rarely achieve sub-decimetre precision when locating individual trees, with accuracies typi-
cally exceeding 0.3 m [20]. To accelerate field measurements, devices are frequently placed
close to trees, beneath crowns or between stems; however, such positioning further reduces
signal availability and quality due to canopy occlusion, particularly in dense deciduous
stands during the growing season.

Mapping individual trees in forested environments increasingly leverages modern
remote and proximal sensing systems, particularly terrestrial and mobile laser scanning
technologies that are becoming a new standard for forest measurement and modelling [21].
While geodetic and topographic survey approaches are labour-intensive, time-consuming,
and prone to cumulative positioning errors, particularly in dense or structurally com-
plex forests [22,23], these limitations have motivated the adoption of laser-based sens-
ing technologies to enable more efficient and spatially explicit representations of forest
structures. ALS is a remote-sensing method in which a laser scanner mounted on an
aerial platform emits pulses toward the ground and records the reflected signals to gen-
erate a dense three-dimensional point cloud [24]. Terrestrial laser scanning (TLS) uses
a ground-based laser scanner to produce dense three-dimensional point clouds of for-
est plots from multiple scan positions. Similarly to TLS, mobile laser scanning (MLS)
refers to a laser scanner mounted on a moving platform (e.g., vehicle, handheld) that
collects point clouds while in motion along forest roads or beneath the canopy, enabling
individual-tree detection and stem attribute estimation [25]. Collectively, ALS, TLS, and
MLS systems serve as data acquisition platforms whose point-cloud outputs, following
dedicated processing, enable the extraction of individual tree coordinates with sub-metre to
centimetre-level accuracy, depending on point density, instrument specifications, and forest
structure [26-30]. Compared with conventional ground surveys, laser scanning methods
offer higher data acquisition efficiency and spatial coverage, although their positional accu-
racy can be affected by occlusion, scan geometry, and the selected processing algorithms.
ALS enables extensive spatial coverage and rapid acquisition of crown-level structures
over large, forested areas, whereas TLS/MLS delivers high-density point-cloud data that
capture detailed stem geometry, branching and lower-crown elements. However, ALS,
especially if limited by lower point density, may result in canopy occlusion and reduced
fidelity for understory or stem measurements, whereas TLS/MLS face constraints in spatial
extent, time intensiveness, and occlusion from surrounding vegetation or terrain [31-34].

Recently, innovative ground-based solutions have adopted GNSS principles to achieve
higher accuracy in forested environments. One such approach employs pseudo-satellite
systems that operate within a defined survey area—typically up to one hectare—using
multiple anchor devices that continuously communicate with each other and with a mobile
receiver, often integrated into calipers via wireless communication. The system was georef-
erenced by measuring a few control points using conventional GNSS devices. During tree
measurements, the position of the measuring device and its distance from the deployed
anchors were recorded. Once the distances from at least three anchors are available, trian-
gulation converts the coordinates generated by the sensor-based coordinate system into
georeferenced coordinates, providing precise x and y positions for each tree.
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Manufacturer specifications for pseudo-satellite-based positioning systems report
an RMSE of 0.13 m, with 99.5% of tree location errors below 0.30 m under boreal forest
conditions [35], while experimental evaluation of a standalone ultra-wideband (UWB)
positioning system against GNSS-based reference coordinates demonstrated comparable
decimetre-level accuracy in forest environments [36]. Another study using a UWB data-
driven method for mapping individual tree locations in boreal forest sample plots reported
RMSE values of 17-26 cm, depending on the complexity of stand conditions, based on
validation against reference data derived from GNSS-located plot centres and TLS-based
tree mapping [37]. Overall, the reported positioning accuracies at the decimetre level
indicate sufficient spatial resolution for individual tree location mapping in forest surveys.
However, differences in measurement principles, data acquisition efficiency, and potential
error sources motivate a systematic comparison of ground-based surveying and laser
scanning approaches for evaluating spatial accuracy in forest environments.

The primary objective of this study was to assess and compare the spatial accuracy of
tree geolocation obtained using traditional ground-based survey techniques, a pseudo-lite
positioning method, and laser scanning technologies under forest plot conditions. Specif-
ically, this study aims to (i) evaluate the positional precision of tree coordinates derived
from each method, (ii) quantify systematic and random deviations between datasets, and
(iii) identify the impact of stand density and mean diameter on measurement accuracy. By
systematically analysing the performance of these approaches, this study seeks to provide
practical insights into the reliability and applicability of pseudolite surveying and indi-
vidual tree identification in point clouds, available from laser scanning, for high-precision
forest mapping, particularly in support of scientific applications requiring accurate tree-
level spatial data.

2. Materials and Methods
2.1. Study Area

Data for this study were collected at five sites in Lithuania (Figure 1), which were
established between 1990 and 1992 for long-term experiments on stand growth under
different thinning regimes. Since their establishment, the stands have been managed under
varying initial densities and subjected to distinct thinning treatments [38]. These sites
represent different regions of the country. Each site comprises 4-10 rectangular test-site
segments that differ in tree density and other dendrometric characteristics owing to the
applied thinning regimes or tree mortality caused by biotic or abiotic factors. The sites
were originally established as pure Scots pine and Norway spruce stands, although natural
ingrowth has occurred. The current dendrometric characteristics are presented in Table 1.
The sites were also used as research polygons for testing airborne, terrestrial, and mobile
laser scanning techniques for forestry applications.

Owing to Lithuania’s relatively small geographic extent, the climatic conditions across
the sites are similar, with a long-term mean air temperature of approximately 7.5 °C and
a mean annual precipitation of approximately 695 mm. The landscape is predominantly
lowland, and the study sites lie between 80 and 129 m above sea level. Across the sites,
variations in the ground surface level did not exceed, on average, 2°. Throughout the study
period, the groundwater depth remained less than 250 cm.
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Figure 1. Location of the study test-sites and the tree mapping techniques tested.
Table 1. Characteristics of forest stands at the study test-sites.
. . No. of Segment Tree Mean
Test-Site Test-Site Test-Site Area Range, TOta.l Area Number per Diameter Age, Years Presence of Soil Type **
1D Name S of Site, ha - Underbrush
egments ha ha Range Range, cm
1 Suderve 10 0.16-0.18 1.8 612-1935 17.0-26.8 42 Yes *** Dystri-Haplic Arenosol
e Epidystric Planasol,
2 Pir¢iupis 10 0.18-0.20 2.0 442-3114 13.2-28.8 42 Yes *++* Dystri-Haplic Arenosol
3 Rozalimas 4 0.19-0.20 0.8 570-1702 15.8-24.0 42 No Hapli-Calc(ar)ic Luvisol
4 Rietavas 4 0.08-0.10 0.3 615-1391 21.1-30.6 40 No Orthi-Haplic Luvisol
5 Viesvile 10 0.08-0.17 1.1 681-2413 13.5-20.8 35 No Hapli-Albic Arenosol

* Based on pseudolite positioning using the TerraHérp system. ** Soils that, according to the FAO, are highly
suitable for growing pine and spruce trees [39]. *** Understorey: density—rare; mean height—2 m; prevails Picea
abies Karst., Tilia cordata Mill. Underbrush: density—average; mean height—1 m; prevails Corylus avellana L.,
Sorbus aucuparia. **** Underbrush: density—rare; mean height—2 m; prevails Corylus avellana L., Sorbus aucuparia.
In dead trees areas is high density of Rubus idaeus L. (mean height—0.5 m).

2.2. Data Collection and Tree Mapping

Four approaches to tree mapping were compared: (i) legacy paper maps, (ii) Ter-
raHarp pseudolite positioning system, (iii) drone-based laser scanning, and (iv) mobile
laser scanning.

2.2.1. Use of Legacy Paper Maps

Tree mapping data from legacy paper maps, created during the establishment of the
test-sites at a scale of 1:100 were initially intended to be used as one of the reference datasets.
These cartographic maps have been continuously updated as part of long-term research on
stand growth under different thinning regimes in the past. In the present study, the most
recent remeasurement data from 2021 were used.

The original cartographic maps were produced by measuring inter-tree distances using
measuring tapes and recording tree positions on graph paper, where 1 mm corresponded
to 10 cm in the field. For this study, these maps were digitised by measuring the position
of each tree directly from the cartographic map using a ruler and manually recording
the corresponding x- and y-coordinates in the digital environment. To georeference the
dataset, four corner trees were assigned geographic coordinates measured in the field using
a Trimble R12 GNSS receiver (Trimble Inc., Westminster, CO, USA). The coordinates of the
remaining trees were then calculated based on their relative distances from these reference

https:/ /doi.org/10.3390/£17020272


https://doi.org/10.3390/f17020272

Forests 2026, 17, 272

6 of 22

trees, which were known from cartographic maps. Final digital tree maps were created
using ArcGIS Pro (version 3.6; Esri, Redlands, CA, USA).

2.2.2. Pseudolite Positioning System

Tree positions were measured using the TerraHarp pseudolite positioning system [40]
(Field Finland Oy, Helsinki, Finland) integrated with Masser ExCaliper II calipers (Masser
Oy, Rovaniemi, Finland). This system operates through a network of base stations with
known coordinates defined in a local reference frame. Tree locations were determined by
measuring the distance between the caliper and base stations.

Sixteen base stations were installed at each site. The first four stations were positioned
in the southwestern corner of each plot in a rectangular configuration to establish a stable
local reference system. Tree coordinates were recorded simultaneously with the DBH
measurements. The measured DBH for every tree and the measured height of every tenth
tree were used to model the heights of the other trees. Missing tree heights were modelled
using Lorey’s height formula, as applied by Kuliesis (Equation (1)) [41].

Z?:l bai X hi

H, = ,
i 217‘1:1 ba;

1)
where Hg is the mean height in m, ba; is the basal area of the sample trees in m2, and
h; is the measured or modelled height of the trees in m. The volume of each tree was
estimated from its DBH, height, and form factor. The form factors were obtained from
Kuliesis (Equations (2) and (3)) [41].

For Scots pine:

0.47997  1.02196 0.1288 2.8412 6.3796

fs = 04097+ — =+ S T DBHxh  DBH® | DB xh ’ o
For Norway Spruce:
091231 013122 x/h  0.19231 x h
f, = 034138 + + ks . 3)

h DBH DBH? '

where f{; is the form factor, h is the tree height in m, and DBH is the tree diameter at breast
height in cm.

Trees were identified using the same IDs as those in the legacy maps established
during plot installation, whereas new IDs were assigned to ingrowth trees. The local coor-
dinate system was transformed into the Lithuanian National Coordinate System (LKS94)
by surveying the GNSS receiver positions located in nearby open areas using the same
procedure applied for tree measurements. Only trees successfully linked between the
TerraHéarp reference and laser scanning-based datasets were included in the positional
accuracy analysis.

2.2.3. Drone-Based Laser Scanning

Drone-based laser scanning and aerial photogrammetry were performed using a DJI
Matrice 350 RTK unmanned aerial vehicle (UAV) (SZ DJI Technology Co., Ltd., Shenzhen,
China) equipped with a DJI Zenmuse L2 sensor (S5Z DJI Technology Co., Ltd., Shenzhen,
China). The LiDAR sensor was operated in triple-return mode with a sampling rate of
240 kHz and a non-repetitive scanning pattern to enhance canopy penetration and capture
detailed structural information.

Data acquisition was conducted at a flight altitude of 100 m, resulting in an average
point density of approximately 260 points per square meter. The flight lines were planned
with a 50% overlap. Simultaneously, RGB images were acquired for point cloud colorization
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and photogrammetric point cloud generation. The RGB imagery had 61% side overlap and
70% forward overlap, with a ground sampling distance (GSD) of 2.7 cm.

Drone-based scanning was conducted at four of the five test-sites. Data acquisition at
test-site 5 was not permitted because of its proximity to an international border and the
associated flight restrictions. All UAV surveys were conducted under leaf-off conditions
and coincided with the TerraHérp field measurements.

Initial LIDAR processing was performed in DJI Terra (version 4.5.0, SZ DJI Technology
Co., Ltd., Shenzhen, China), including point-cloud generation and ground-point classifica-
tion. The classified point cloud was normalised, and a canopy height model (CHM) was
generated using LAStools (version 241210; Rapidlasso GmbH, Gilching, Germany).

Individual trees were identified using two approaches:

e  CHM-based watershed segmentation: Tree crowns were delineated using a watershed
algorithm implemented in eCognition Developer (version 10.4, Trimble Germany
Gmb: Munich, Germany). The CHM raster (resolution: 0.1 m) was segmented to
extract the individual tree crowns. Tree height was derived from the maximum CHM
value within each crown segment, and the tree location was defined as the centre of
the pixel with the maximum height.

e 3D point-cloud segmentation: Individual trees were detected using the Segmen-
tAnyTree machine-learning algorithm based on semantic and instance segmentation
of LiDAR point clouds [42]. Each tree was assigned a unique identifier. Tree coor-
dinates were derived from the highest and lowest above-ground points within each
segmented crown.

Each detected tree was assigned a unique ID corresponding to the field-based tree
maps. Tree identification was validated in the field by comparing the segmentation results
with the observed tree positions. Species, diameter, height, and volume attributes were
assigned to each tree identified in LIDAR data.

2.2.4. Mobile Laser Scanning

Mobile laser scanning was performed using the Phoenix RECON-XT system (Phoenix
LiDAR Systems, Austin, TX, USA), which employs simultaneous localization and mapping
(SLAM) for data acquisition. Owing to severe GNSS signal obstruction at test-site 5, this
site was excluded from further MLS-based analyses. Data acquisition was conducted in
autumn 2025, one year after the drone and pseudolite surveys; consequently, some trees had
died or been removed during this interval. Scanning was performed by walking through
the study area along linear paths covering the entire object, with trajectories spaced at
approximately 5-10 m intervals. The acquired point clouds exhibited a high average point
density of approximately 11,000 points/m? and a mean point spacing of approximately
0.01 m, providing sufficient spatial resolution for a detailed analysis of fine-scale forest
structural elements. The initial processing of the laser scanning data was conducted using
Phoenix Spatial Explorer software (version 9,01, Phoenix LiDAR Systems, Austin, TX,
USA). Subsequently, the point cloud was normalised and classified into three classes:
ground, noise and other points. For further analysis, points belonging to the ground and
other point classes were used. Tree positions were determined by extracting a 10 cm thick
horizontal slice of the point cloud at the breast height (1.3 m). The centre of each tree
stem was manually identified by placing points at the geometric centre of the visible stem
cross-section. This manual approach was adopted because the primary aim of the MLS
analysis was to explore the feasibility and potential of SLAM-based data acquisition for
tree mapping, rather than to evaluate the automated tree detection performance. Manual
placement ensured reliable reference tree position at this exploratory stage. This method
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for determining tree locations from MLS data was consistently applied across the four
study sites.

2.3. Data Analysis

The analysis was performed at three levels of spatial aggregation, depending on the
task: the tree species level (with the Piréiupis and Viesvileé test-sites representing pine
stands and the remaining test-sites representing spruce stands), the test-site level, and the
test-site segment level. The tree identification accuracy was assessed using the F1-score,
which combines precision and recall into a single performance metric. The F1-score was
calculated by comparing the trees identified by the evaluated methods with the TerraHarp
dataset, which was used as a reference. Precision (P) and recall (R) (Equations (4) and (5))
are defined as follows:

TP
P=_—— 4
TP + FP’ @

TP
R= TP+ FN’ ©)

where TP denotes correctly identified trees, FP falsely identified trees, and FN missed
reference trees. The F1-score was then computed as follows (Equation (6)):

2PR
Fl1 =

PR ©)

Tree positional accuracy was evaluated by comparing independently measured coor-
dinates with the corresponding reference positions derived from the compared mapping
methods. Horizontal systematic bias was assessed using Hotelling’s T? test [43], which
jointly evaluates deviations in the horizontal coordinates (X and Y) while accounting for
their covariances. A statistically significant result indicates that the mean horizontal error
vector is different from zero.

The random positional error was quantified using the RMSE of the horizontal coordi-
nates. The final accuracy metrics were reported following the National Standard for Spatial
Data Accuracy (NSSDA), with horizontal accuracy at the 95% confidence level calculated
by multiplying the horizontal RMSE by 1.7308 [44].

The spatial autocorrelation of absolute horizontal errors was assessed using Global
Moran’s I, which was computed in ArcGIS Pro. The relationships between forest structural
variables (e.g., stand density and mean tree diameter) and positional accuracy metrics
(NSSDA and Moran’s I) were analysed separately for pine- and spruce-dominated test-site
segments using Pearson’s correlation analysis at a significance level of « = 0.05. R? values
were derived from the regression model. A paired t-test was used to compare the segment-
level means, assuming negligible within-segment variance owing to the large number
of trees contributing to each mean. All analytical calculations were performed using the
standard functionality available in Microsoft Excel (Microsoft Corporation, Redmond, WA,
USA) and ArcGIS Pro.

3. Results

3.1. Accuracy of Field Mapping of Trees: Pseudolite Mapping vs. Legacy Maps
3.1.1. Identification of Trees

Using the TerraHarp system, 6650 trees were mapped, of which 6185 (93%) were success-
fully matched to the trees recorded on the legacy maps. Conversely, 6197 of the 6638 trees
(93.4%) mapped on paper maps were also detected by the TerraHérp system. In pine stands,
the corresponding identification rates were 93.5% (TerraHarp — legacy) and 93.0% (legacy —
TerraHéarp), whereas in spruce stands the rates were 92.6% and 93.6%, respectively.
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To avoid redundancy, tree identification using the TerraHarp system was treated as the
reference, and in subsequent laser scanning analyses, the maps derived from laser scanning
were compared with the TerraH&drp maps. The correspondence between tree identification
obtained using the TerraHarp system and legacy maps was high, with an overall F1-score,
precision, and recall of approximately 0.93. At the scale of individual test-site-segments,
the identification accuracy, expressed as the F1-score, varied across segments (Figure 2) and
ranged from 0.86 to 0.99. However, no meaningful relationship was observed between the
Fl-score and either average tree density or mean diameter in pine (R? = 0.06 and R? = 0.01,
respectively) or spruce stands (R? = 0.06 and R? = 0.02, respectively).
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Figure 2. Tree identification accuracy using the TerraHarp system relative to legacy-mapped trees as
a function of (a) stand density and (b) mean tree diameter at the test-site-segment level.

Trees identified using the TerraHarp system tended to have larger mean diameters at
the test-site segment level than the mean diameter of all trees, including both identified
and non-identified trees (Figure 3). With few exceptions, trees that were not detected by the
TerraHéarp system but were present on legacy maps generally had smaller mean diameters
(mean difference = 2.37, p = 0.0029 in pine stands but not statistically significant in spruce
stands, mean difference = 1.79, p = 0.073).

(b)
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Figure 3. Relationships between the mean diameter of all trees and the mean diameters of identified
and non-identified trees for (a) pine stands and (b) spruce stands. The diagonal line represents the
mean diameter of all the trees. Error bars denote the standard deviation of the diameters within
each category.

Although some trees recorded on legacy maps were not detected by the TerraHarp
system, and some ingrowth was identified only by the TerraHéarp system, the total stand
volume across all study sites remained very similar between the two mapping approaches.
In pine stands, the average growing-stock volume was 330.8 m3/ha for both the data
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sources. In spruce stands, the difference was minimal: trees mapped on legacy maps
yielded a volume of 384.7 m3/ha, while those mapped using the TerraHarp system pro-
duced a volume of 382.4 m3/ha, corresponding to a 0.6% difference. This pattern was
consistent at the test-site segment level (Figure 4), with a few segments deviating due to
naturally regenerated ingrowth trees that were not recorded on the legacy maps. At the
test-site—segment level, average growing stock volumes were higher for trees mapped
using the TerraH&rp system than for those mapped in the legacy maps (pine segments:
mean difference = 10.6, p = 0.0018; spruce segments: mean difference = 11.9, p < 0.001).
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Figure 4. Proportion of growing-stock volume represented by trees mapped using the TerraHarp
system relative to trees mapped on legacy maps.

3.1.2. Positioning

Across all five test-sites, clear differences emerged between the tree coordinates ob-
tained using the TerraHérp pseudolite mapping system and those derived from legacy
paper maps. When positional deviations were evaluated at the level of the test-site seg-
ments, discrepancies consistently demonstrated evidence of systematic horizontal shifts.
Hotelling’s T? test identified significant two-dimensional positional bias in 35 of the
38 test-site segments with available statistics, indicating that mean horizontal offsets were
not solely attributable to random variability but reflected systematic displacement patterns
in the reference map coordinates or pseudolite measurements. Only three segments showed
no detectable bias. These results suggest that horizontal misalignment is pervasive across
the study area at the scale of individual mapping units.

The random positional error, summarised by the NSSDA 95% horizontal accuracy
metric, was generally consistent among sites dominated by pine and spruce (Figure 5).
The mean horizontal NSSDA was 1.07 m for pine-dominated sites and 1.09 m for spruce-
dominated sites, indicating that species composition and associated stand structure did not
markedly influence the magnitude of random tree map discrepancies. These values reflect
the combined effect of both absolute deviations and the fixed systematic offsets detected by
Hotelling’s T2. Thus, even when systematic bias was present, the dispersion of deviations
around the biased mean remained within a relatively narrow range.

Using a threshold of 1z| > 3 applied to the NSSDA 95% accuracy values, only one seg-
ment (test-site Rietavas, spruce, stand density 1391 stems/ha) was identified as an outlier.
This segment showed the largest NSSDA value (1.88 m), exceptionally high Hotelling’s
T2, and a strong positive spatial autocorrelation of deviations (Moran’s I = 0.41, p < 0.001).
Therefore, the outlier was treated as a genuine characteristic of the legacy map dataset
rather than being excluded to improve the accuracy estimates. Excluding this observation
would result in a mean difference of 0.047 m in the spruce stands, and a Welch two-sample
t-test indicates no statistically significant difference between the datasets with and without
the observation (t = 0.67, p = 0.51).
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Figure 5. Horizontal positional accuracy at the 95% confidence level for TerraHérp-based tree
locations relative to those derived from legacy paper maps, shown as a function of (a) stand density
and (b) mean tree diameter at the test-site segment level.

The spatial patterns of the deviations were more variable (Figure 6). Moran’s I values
at the test-site segment level ranged from strongly positive to near zero, showing that
spatial autocorrelation of absolute positional deviations was present in some segments but
absent in others. Several pine segments exhibited high and statistically significant Moran’s
I'values (for example, 0.469 and 0.302), indicating localised clustering of larger or smaller
errors, whereas other segments within the same test-sites showed low or non-significant
autocorrelation. Spruce-dominated sites displayed a similar mixed pattern, with multiple
segments showing significant spatial structure in deviations and others showing random
spatial distributions of trees. These results suggest that error clustering is not primarily
determined by forest type but rather by segment-level variations in map quality, stand
silvicultural treatment history, or local measurement conditions.

@ (b)

0.8 0.8

0.7 A 07 | A

0.6 o 0.6 o
;0.5 Ay o - ;0.5 o A A
'50.4 ] o p A -§0.4 o A
503 N : A o3 A o o Dﬁ rew =

0.2 A SA 0.2 A A

ﬁ@ o B 0.1 o 4 o A g 5 A% A
0.1 A B R
0 o 0 o =
5| o
-0.1 -0.1
500 1000 1500 2000 2500 3000 3500 12 14 16 18 20 22 24 26 28 30 32
Stand density (No of trees/ ha) Mean diameter (cm)
OPine 4 Spruce OPine A Spruce

Figure 6. Global spatial autocorrelation in the magnitude of deviations between TerraHarp-based
tree locations and those derived from legacy paper maps, shown as a function of (a) stand density
and (b) mean tree diameter at the test-site segment level.

Correlation analysis revealed no statistically significant relationships between stand
density and horizontal positional accuracy (NSSDA) for either pine-dominated (r = 0.13,
p = 0.59) or spruce-dominated (r = 0.16, p = 0.51) test-site segments. Similarly, the mean tree
diameter showed no significant correlation with the NSSDA in either forest type. In contrast,
the spatial autocorrelation of positional deviations exhibited species-specific structural
dependencies. In pine stands, Moran’s I was significantly and negatively correlated with
mean tree diameter (r = —0.52, p = 0.018), indicating reduced clustering of positional errors
in stands with larger trees. In spruce stands, Moran’s I was significantly and positively
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correlated with stand density (r = 0.50, p = 0.035), suggesting that denser spruce stands are
associated with a stronger spatial clustering of positional deviations.

Tree-level positional deviations in all test-site segments (TerraHérp vs. legacy paper
maps) are displayed in more detail in the Supplementary Materials (Figure S1).

3.2. Accuracy of Laser Scanning-Based Tree Mapping
3.2.1. Identification of Trees

A comparison of the tree identification results highlighted noticeable differences
between the tested laser-scanning data processing methods. The TerraHérp approach
identified 5293 trees in the study area. In comparison, CHM segmentation identified
3420 trees (64.6%), whereas 3D point cloud segmentation identified 4522 trees (85.4%).
Mobile laser scanning (MLS) identified 4551 trees; however, a direct comparison with
TerraHérp was not possible because of incomplete scanning of some segments and tree
removal between acquisitions. CHM-based identification rates were 74.2% in pine stands
and 59.9% in spruce stands. Higher rates were obtained using 3D point cloud segmentation,
with 106.5% of trees identified in pine and 75.0% in spruce stands. Only 37 CHM-identified
trees (1.8%) were not linked to any TerraHarp-mapped tree (16 in pine and 21 in spruce
stands). In contrast, 1017 trees (22.5%) identified from the 3D point clouds were not linked
to the TerraHarp trees, including 374 in pine stands and 643 in spruce stands.

Overall, tree identification based on CHM segmentation was more accurate than that
based on 3D point cloud segmentation, with mean F1-scores of 0.78 and 0.72, respectively.
Precision was higher for the CHM segmentation approach (0.98 vs. 0.78), whereas recall
was similar (0.65 vs. 0.66). At the test-site—segment level, the F1-scores exceeded 0.9 for
approximately half of the segments processed using CHM segmentation, whereas 3D point
cloud segmentation generally resulted in Fl-scores below 0.9. Notably, the segmentation
accuracy was low in the two densest stands, regardless of the segmentation method used.

The tree identification accuracy at the test-site-segment level was strongly related to
stand density and mean diameter (Figure 7). Stand density typically exhibited a strong
and statistically significant negative correlation with the F1-score, with higher accuracies
observed in less dense stands. The only exception was 3D point cloud segmentation in
pine stands, where a moderate but non-significant negative correlation was observed (pine
stands: r = —0.97, p < 0.01 for CHM segmentation; r = —0.44, p = 0.21 for 3D point cloud
segmentation; spruce stands: r = —0.97, p < 0.01 for CHM segmentation; r = —0.75, p < 0.01
for 3D point cloud segmentation).

Because stand density and mean diameter were strongly correlated, the opposite
pattern was observed for the mean diameter, with Fl-scores increasing as the mean diameter
increased. This relationship was strong and statistically significant for CHM segmentation
in both pine and spruce stands, whereas for 3D point cloud segmentation, it was moderate
and non-significant in pine stands but significant in spruce stands (pine stands: r = 0.96,
p < 0.01 for CHM segmentation; r = 0.38, p = 0.28 for 3D point cloud segmentation; spruce
stands: r = 0.78, p < 0.01 for CHM segmentation; r = 0.57, p = 0.014 for 3D point cloud
segmentation).

3D point cloud segmentation produced a substantial number of trees that could not
be linked to the TerraHarp reference. In pine stands, the proportion of such trees showed
weak, non-significant relationships with stand density (r = —0.384, p = 0.274) and mean
diameter (r = 0.286, p = 0.42), while no relationships were observed in spruce stands for
either stand density (r = 0.12, p = 0.63) or mean diameter (r = —0.06, p = 0.87). Consequently,
further analysis of stand-level attributes was not conducted due to the lack of field-based
dendrometric data for these trees.
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Figure 7. Tree identification accuracy from drone-based laser data relative to the TerraHarp reference
as a function of stand density ((a) CHM segmentation, (b) 3D point cloud segmentation) and mean
tree diameter ((c) CHM segmentation, (d) 3D point cloud segmentation) at the test-site-segment level.

Because the mobile laser scanning data did not fully cover all TerraHarp objects,
typically at the edges of some test-site segments, tree identification accuracy could not
be analysed in greater detail. Nevertheless, when the test-site segments with incomplete
mobile laser scanning were excluded, the F1-score reached 0.94 in pine stands and 0.96 in
spruce stands, attaining a value of 1.0 in some cases.

3.2.2. Positioning

The largest positional errors were observed when tree locations were derived from
crown apexes identified in CHMs (mean horizontal NSSDA of 1.81 m in pine and 1.78 m in
spruce stands) and from the highest points of 3D point cloud segments (1.76 m in pine and
1.98 m in spruce stands). Using the lowest cluster point in the 3D point cloud segmentation
resulted in improved positional accuracy (NSSDA of 1.45 m in pine and 1.72 m in spruce
stands). The highest accuracy was achieved using mobile laser scanning, with more than
95% of trees located within 1 m of the TerraHéarp reference and mean NSSDA values of
0.76 m in pine and 0.90 m in the spruce stands.

Three distinct levels of positional deviation were also observed at the test-site-segment
level (Figure 8). Typically, the discrepancies consistently indicate systematic horizontal
shifts. In most cases, NSSDA showed no relationship with stand density or mean di-
ameter; the only statistically significant correlations were found in spruce stands when
tree locations were derived from crown apexes extracted by 3D point cloud segmentation
(r=0.516, p = 0.029 for stand density; r = —0.478, p = 0.045 for mean diameter). Deviations
were generally not spatially autocorrelated across segments (Figure 9), although spatial
autocorrelation occurred in some segments. In particular, the approach based on 3D point
cloud segmentation with tree locations defined by the lowest segment point differed from
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the other methods, showing a statistically significant spatial autocorrelation for the majority
of segments in pine stands and in one spruce test-site.
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Figure 8. Horizontal positional accuracy at the 95% confidence level for laser-scanning-based tree
locations relative to those derived using the TerraHérp system, shown as a function of stand density
((a) CHM segmentation, (c) 3D point cloud segmentation, lowest point, (e) 3D point cloud segmenta-
tion, highest point, (g) mobile laser scanning) and mean tree diameter ((b) CHM segmentation, (d) 3D
point cloud segmentation, lowest point, (f) 3D point cloud segmentation, highest point, (h) mobile
laser scanning) at the test-site segment level.
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Figure 9. Global spatial autocorrelation in the magnitude of deviations between laser-scanning-

based tree locations relative to those derived using the TerraHéarp system, shown as a function of
stand density ((a) CHM segmentation, (c) 3D point cloud segmentation, lowest point, (e) 3D point
cloud segmentation, highest point, (g) mobile laser scanning) and mean tree diameter ((b) CHM
segmentation, (d) 3D point cloud segmentation, lowest point, (f) 3D point cloud segmentation,
highest point, (h) mobile laser scanning) at the test-site segment level.
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The mean distance between the points used to locate the same tree derived from
3D point cloud segmentation was 0.856 m in pine stands and 1.114 m in spruce stands,
corresponding to mean horizontal NSSDA values of 1.48 m and 1.93 m, respectively. In pine
stands, the NSSDA showed moderate but non-significant relationships with stand density
(r =0.582, p = 0.078) and mean diameter (r = —0.522, p = 0.122) (Figure 10). Statistically
significant systematic horizontal shifts between the lowest and highest points of the same
segment were observed in all pine test-site segments, but only in approximately half of the
segments in the spruce stands; deviations were not spatially autocorrelated.
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Figure 10. Horizontal positional accuracy at the 95% confidence level for tree locations derived from
3D point cloud segments using the lowest and highest segment points as a function of (a) stand
density and (b) mean tree diameter at the test-site-segment level.

Tree-level positional deviations in all test-site segments (TerraHdrp vs. laser-
scanning-based tree maps) are displayed in more detail in the Supplementary Materials
(Figures 51-55).

4. Discussion

The primary aim of this study was to evaluate whether pseudolite-based positioning
provides sufficiently accurate tree locations to serve as a reference for surveys requiring
high positional accuracy. Given that all alternative approaches tested here have inherent
limitations, we assessed the suitability of the pseudolite-based TerraHarp system for
producing tree maps in pine- and spruce-dominated stands in Lithuania using pairwise
comparisons of tree identification accuracies and positional discrepancies. Tree mapping
was considered (i) as a ground reference for airborne laser scanning-based inventories,
which require unambiguous linking of trees on the ground to those detected in laser point
clouds or terrain models, and (ii) as a prerequisite for scientific studies and precision
forestry applications that depend on accurate tree-level positioning of trees.

Overall, discrepancies between the TerraHarp system and historical map-based tree
locations were characterised by (i) pervasive systematic horizontal shifts across most test-
site segments, (ii) relatively small and consistent random variability in horizontal deviations
across forest types, and (iii) spatially heterogeneous clustering of deviations within and
among test-sites. This pattern indicates that the disagreement between the two mapping
approaches is dominated by geometric offsets in the legacy maps, while local conditions
introduce secondary, spatially structured variability. Outlier analysis further supports this
interpretation, that there exist localised distortions in the historical map rather than random
surveying errors in TerraHarp.

The absence of significant relationships between stand density or mean diameter and
horizontal positional accuracy indicates that the magnitude of the random tree location
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error is largely independent of forest structure and is governed by the properties of the
underlying spatial datasets. In contrast, the spatial organisation of the positional deviations
showed structure-dependent patterns. In pine-dominated segments, the negative relation-
ship between mean diameter and Moran’s I suggests stronger clustering of errors in stands
with smaller trees, potentially reflecting higher local geometric inconsistency in the original
cartographic maps in younger or more heterogeneous pine stands. In the spruce-dominated
segments, the positive relationship between stand density and Moran’s I indicates that
denser stands are associated with a more spatially coherent clustering of discrepancies.
Together with the widespread systematic bias indicated by Hotelling’s T?, these findings
support the conclusion that distortions in original cartographic paper maps—rather than
TerraHéarp positioning uncertainty—are the primary drivers of both the magnitude and
spatial structure of positional discrepancies. Our interpretation is consistent with prior
stem-map alignment research in the region, which shows that mismatches between in-
dependently produced single-tree datasets are often dominated by systematic shifts and
therefore require explicit co-registration to achieve reliable tree-to-tree linking [24,45].

Based on these considerations, TerraH&drp-mapped trees were used as references for
evaluating drone-based and mobile laser-scanning approaches. Although positional agree-
ment could likely be improved through more rigorous reference construction and additional
processing steps, the focus of this study was to assess pseudolite-based positioning, which
remains relatively underexplored in forest mapping applications. We acknowledge that
the positional accuracies obtained in this study are lower than those reported for similar
techniques in Finnish forest conditions; however, those studies were conducted under
different experimental designs and environmental settings [35-37].

The results from laser scanning demonstrated a clear separation of error sources: (i) tree
detection depends strongly on stand density and mean diameter, whereas (ii) positional
accuracy depends primarily on how tree location is defined (CHM crown apex versus
point-cloud highest/lowest points, and MLS stem-proximal geometry). At the detection
stage, omission and commission errors arise from the stand structure and segmentation
choices [46]. CHM-based segmentation primarily captures the crowns of dominant trees,
resulting in minimal commission errors (high precision values) because the detected crown
maxima correspond closely to the mapped stems. However, suppressed and intermediate
trees are poorly represented in 2.5D CHMs, leading to omission errors (lower recall values).
In contrast, 3D point cloud segmentation increases canopy penetration and thus improves
the detection of smaller trees, but it also increases the number of additional trees that cannot
be linked to TerraHarp.

Localisation errors (expressed as NSSDA) are primarily a function of the chosen lo-
cation proxy and any remaining systematic shifts. In addition, TerraHéarp coordinates
reflect the position of caliper placement during measurement and may therefore be off-
set from the stem centre by approximately the stem radius at the measurement height,
which can contribute to small systematic differences between reference and remotely
derived locations.

Tree identification showed strong relationships with stand structure, including un-
derestimation in dense segments (>1000 trees/ha). In high-density stands, crown overlap
increases, CHMs smooth local maxima, and crown delineation becomes ambiguous, which
likely contributes to undercounting in segments with smaller mean diameters and a higher
proportion of small trees [9,25,47-50]. In pine stands with fewer than 1000 trees/ha, 3D
point cloud segmentation identified more trees than the TerraHérp reference. This likely
reflects the detection of understory and natural ingrowth not captured by TerraHarp, which
is plausible given that the test-sites represent long-term afforestation and thinning exper-
iments where ingrowth may not be consistently recorded. Although dendrometric char-
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acteristics could not be compared directly, the mean height derived from 3D point clouds
was notably lower for the “extra” trees—17.3 m versus 21.0 m in pine stands (mean differ-
ence = 3.41, p = 0.001) and 19.8 m versus 22.1 m in spruce stands (mean difference = 1.21,
p <0.001), supporting the interpretation that many additional detections represent smaller
individuals. Operationally, these results imply that tree counts derived from drone-based
segmentation may require calibration (e.g., density- or diameter-dependent correction)
before being used for stand-level stocking assessments [51-54].

The positional accuracy results were consistent across the methods. Mobile laser
scanning achieved the highest accuracy (>95% of trees within 1 m of the TerraHarp refer-
ence), whereas CHM-derived crown apex locations and point-cloud highest-point proxies
produced the largest positional errors. Using the lowest cluster point of 3D point cloud
segments improved positional accuracy. MLS likely performs best because it captures stem-
proximal geometry with a high point density at lower canopy levels [55,56]. It should be
noted that the analysis relied exclusively on automated tree identification in the drone point
clouds. However, MLS completeness may be reduced by occlusion and acquisition failures;
such limitations affected some segments in this study, including those with notable Moran’s
I outliers. Consequently, MLS is well-suited for accurate stem positioning; however, ac-
quisition protocols must ensure sufficient coverage [57]. Although cost-effectiveness was
not evaluated, MLS is likely the most expensive approach tested. More generally, crown
apex-based proxies are expected to deviate from stem locations, particularly in stands with
leaning stems or asymmetric crowns. The highest point within a segment is also sensitive
to outliers and crown geometry, whereas the lowest point may better approximate the stem
base or lower crown structure, reducing the horizontal offset.

This study had several limitations. Temporal mismatches and tree removal between
acquisitions affected comparability, and incomplete MLS coverage limited the detection
comparisons in some segments. TerraHarp measurements were supported by Finnish
partners, and this campaign represents the first application of the system under Lithuanian
conditions. Data acquisition could not always be optimised because of proximity to the
national border and GNSS disturbances.

Methodological inconsistencies arise from the processing of laser-scanning data. Tree
coordinates for the MLS data were determined manually, whereas automated algorithms
were applied to drone-based laser-scanning data. Manual stem identification may introduce
subjectivity and differ from algorithmic tree detection. Automated detection was also tested
for SLAM-based data but did not produce consistent results across the study sites, likely
because of dense understory vegetation. This difference represents a limitation of the study
and should be considered when comparing results between datasets.

5. Conclusions

TerraHarp vs. legacy maps. Differences between the pseudolite-based TerraHérp tree
map and original cartographic map-based tree locations were dominated by systematic
horizontal shifts present in most test-site segments, whereas the random component of
horizontal deviations was comparatively small and consistent across pine- and spruce-
dominated stands. Spatial clustering of deviations was heterogeneous, indicating localized
distortions in the legacy maps.

Use of TerraHérp as a reference. Because the disagreement with historical maps
was largely attributable to legacy-map geometric artifacts rather than stand structure,
the TerraHdrp system provides a practical reference for accurate tree location and for
linking ground-mapped trees with remotely sensed detections in pine and spruce stands
in Lithuania.

https:/ /doi.org/10.3390/£17020272


https://doi.org/10.3390/f17020272

Forests 2026, 17, 272

19 of 22

ALS tree identification is stand structure dependent. Tree identification from drone-
based laser scanning were strongly related to stand density and mean diameter, with
consistent underestimation in the densest forest conditions (>1000 trees ha™!). The results
indicate that CHM-based segmentation achieved higher tree identification accuracy than
3D point cloud segmentation, primarily due to higher precision, while recall values were
nearly identical. The 3D point cloud segmentation resulted in a higher number of additional
trees that could not be linked to the reference data.

Positional accuracy depends on the location proxy: The largest positional errors
occurred when tree locations were derived from CHM crown apexes or point-cloud highest-
point proxies. Defining tree location by the lowest cluster point in 3D point cloud segments
improved positional accuracy, indicating that location proxies that better approximate stem
position reduce horizontal offsets.

MLS provides the highest positional accuracy, but its application requires dense and
continuous field surveying, which increases operational complexity compared to the other
approaches. Mobile laser scanning achieved the best tree location accuracy (>95% of trees
within 1 m of the TerraHérp reference), although completeness can be limited by occlusion
and acquisition coverage, emphasizing the importance of robust field collection protocols.

Practical recommendations. For drone-based tree mapping in comparable conifer
stands, CHM segmentation should be preferred when maximizing detection is the prior-
ity but stand-density—-dependent calibration and validation of additional detections are
advisable before using tree characteristics for stand-level assessment. When MLS is not
available, point-cloud location proxies that better approximate stem position (e.g., lowest
cluster point) should be used instead of crown apexes, and segment-wise co-registration
should be applied prior to fusing datasets.

Future work should include targeted field verification of additional (unlinked) trees
and explicit correction of legacy-map distortions (e.g., local translation or affine adjustment)
to improve multi-source integration and to better quantify commission errors and their
implications for derived stand attributes. Further research should also evaluate integrated
SLAM and GNSS-based approaches as an alternative to pseudolite-based field mapping.

Overall, the results support the use of pseudolite-based field mapping as a robust
geospatial reference for integrating ground observations with drone- and MLS-derived tree
maps, and they provide method-specific guidance for operational inventories and precision
forestry applications in managed conifer stands under Baltic conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/f17020272 /51, Figure S1: Tree-level positional deviations for all
test-site segments: pseudolite positioning using TerraHarp system versus legacy paper-mapped trees;
Figure S2: Tree-level positional deviations for all test-site segments: lowest versus highest points
in segmented 3D point clouds; Figure S3: Tree-level positional deviations for all test-site segments:
lowest points in segmented 3D point clouds versus pseudolite positioning using TerraHarp system;
Figure S4: Tree-level positional deviations for all test-site segments: highest points in segmented 3D
point clouds versus pseudolite positioning using TerraHérp system; Figure S5: Tree-level positional
deviations for all test-site segments: mobile laser scanning versus pseudolite positioning using
TerraHérp system.
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