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Highlights

What are the main findings?

• The baseline model retrieved 88% of field-mapped plantation-line seedlings, while
the hard-negative refined model retained 84% recall and reduced off-buffer candidate
detections by 83%.

• Under the adopted buffer-based retrieval framework, omission was most consistently
associated with smaller crown expression and the absence of recorded branches.

What are the implications of the main findings?

• Multispectral photogrammetric point clouds and Point Transformer V3 can support object-
level monitoring of early-stage pine seedlings in heterogeneous plantation environments.

• Model configuration should reflect the monitoring objective: prioritising either maxi-
mum seedling retrieval or a lower false-positive verification burden.

Abstract

Early detection of tree-seedling establishment is essential for monitoring regeneration
success in coastal-dune plantations, where conventional field assessments remain labour-
intensive and spatially limited. This study presents a deep-learning workflow for detecting
early-stage Pinus pinaster seedlings using multispectral UAS-derived point clouds. Field
surveys in the Quiaios National Forest, Portugal, mapped approximately 1500 seedlings
using RTK GNSS positioning, biometric measurements, and field photographs. Multispec-
tral imagery acquired with a DJI Mavic 3 Multispectral platform was processed through
Structure-from-Motion to generate calibrated orthomosaics, terrain products, and dense
point clouds. Training-data preparation combined pine-centred buffers, spectral condition-
ing, manual refinement and point-cloud class assignment. Point Transformer V3 models
were trained in ArcGIS Pro and evaluated using field-mapped buffers withheld from model
training within plantation-line areas. The Baseline high-recall model achieved 88% object-
level recall at the operational threshold of at least three classified Pine-Seedling points per
buffer. The refined hard-negative model retained 84% recall while reducing off-buffer detec-
tions from 243 to 41. False-negative analysis showed that omissions were associated with
reduced crown diameter and limited branch development under the adopted buffer-based
retrieval framework. These results support transformer-based multispectral point-cloud
classification for scalable monitoring of early-stage pine regeneration in heterogeneous
coastal environments.
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1. Introduction
Unmanned Aerial Systems (UASs), high-resolution remote sensing, and deep learning

are increasingly used to support forest monitoring, species discrimination, forest-health
assessment, and vegetation-structure analysis at spatial scales that are difficult to achieve
through conventional field surveys alone [1–5]. These technologies are particularly relevant
in forest regeneration and restoration contexts, where spatially explicit information on
establishment patterns, survival, vegetation condition, and management needs is required
across entire planting areas [6,7]. In Mediterranean and Atlantic coastal landscapes, where
field monitoring may be labour-intensive, spatially discontinuous, and affected by heteroge-
neous vegetation structure, UAS-based workflows offer a practical route for improving the
scale, repeatability, and spatial detail of regeneration assessment. Nevertheless, operational
monitoring of early regeneration remains constrained by site-specific vegetation structure,
sensor configuration, radiometric consistency, ground-reference quality, model-training
design, and the limited transferability of models trained under complex field conditions [7].

Seedling detection is a distinct and more demanding problem than the detection of
mature trees. Whereas mature crowns often form spectrally and structurally coherent
objects, recently planted seedlings may occupy only a few centimetres of horizontal crown
area, present sparse or stressed foliage, and occur within herbaceous or shrubby back-
grounds with similar spectral responses. Previous UAS-based studies have demonstrated
the feasibility of conifer seedling mapping and large-scale seedling detection, but have also
emphasised the persistent influence of small target size, occlusions, background vegetation,
and site variability on detection accuracy [6,8]. These limitations are especially relevant for
pine seedlings, whose spectral–spatial signatures may strongly overlap with those of sur-
rounding ground vegetation and whose weak canopy expression reduces their separability
in image-based products [9,10].

In Pinus pinaster Aiton plantations, reliable information on seedling establishment
is important for both ecological and silvicultural decision-making. Early-stage seedling
density, spatial distribution, and condition influence subsequent stand structure, gap for-
mation, competition dynamics, and the need for adaptive interventions such as replanting,
vegetation control, targeted field verification, or localised management adjustments. In
even-aged plantation systems, where uniform establishment is often a central objective,
early identification of missing, weak, or poorly distributed seedlings can support more
efficient monitoring and improve the timing of corrective actions. However, the same char-
acteristics that make early monitoring valuable also make it technically difficult: seedlings
are small, structurally variable, frequently stressed after planting, and often embedded
in complex vegetation mosaics. In this context, conventional field assessment remains
essential but is time-consuming and labour-intensive, particularly when survival, spatial
gaps, and weak seedlings need to be assessed across entire plantation areas. Studies using
UAS imagery and deep learning in pine plantations have shown that spectral confusion
and background complexity can reduce segmentation reliability even for larger trees [9].
Reviews of UAS-assisted reforestation monitoring similarly highlight that sensor resolu-
tion, model-training strategy, and ecological heterogeneity remain major barriers to robust
operational deployment [11].

Multispectral UAS data offer a practical way to address part of this challenge because
they combine centimetre-scale spatial detail with reflectance information with visible, red-
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edge, and near-infrared wavelengths. When imagery is radiometrically and geometrically
calibrated, multispectral products can support vegetation discrimination, phytosanitary
assessment, and the calculation of vegetation indices such as NDVI, which are sensitive to
live vegetation and canopy vigour [12,13]. Repeated or seasonally timed UAS acquisitions
can also improve species or vegetation-type discrimination by exploiting phenological
differences, although this requires careful survey design, radiometric consistency, and
representative sampling strategies [14,15]. For early-stage pine monitoring, the spectral
information is useful but not sufficient on its own, because the target objects may be
represented by fragmented, sparse, or mixed pixels and may remain difficult to separate
from surrounding vegetation using raster imagery alone.

Most existing UAS-based seedling-monitoring workflows rely primarily on RGB or
multispectral raster imagery, object-based image analysis, convolutional neural networks,
or spectral–spatial image processing [6,8,10,16]. These approaches have demonstrated the
potential of UAS data for seedling mapping, but they generally treat the detection problem
through two-dimensional image objects, pixels, or image-derived features. In contrast,
photogrammetric point clouds derived from UAS Structure-from-Motion processing pro-
vide an alternative representation that combines three-dimensional point geometry with
multispectral attributes [17]. This representation is potentially useful for seedling detection
because it preserves local spatial neighbourhoods, fine-scale surface structure, and point-
level reflectance information, rather than forcing the detection task to rely exclusively on
raster texture, pixel values, or image–object boundaries.

Recent advances in point-cloud deep learning, including transformer-based archi-
tectures, provide new opportunities for modelling irregular point distributions and local
spatial–spectral relationships. However, the application of multispectral UAS-derived point
clouds and transformer-based point-cloud classification for early-stage tree-seedling detec-
tion remains limited, particularly when the input data consist of high-density multispectral
photogrammetric point clouds rather than airborne laser scanning or raster-derived image
products. For small, planted seedlings, this gap is relevant because the target signal may be
expressed as sparse, fragmented, and spatially localised point clusters embedded within a
dominant background class.

The contribution of the present study is therefore primarily methodological and ap-
plied. Rather than proposing a new deep learning architecture, the study develops an
integrated workflow for translating field-mapped early-stage seedlings into point-cloud
training labels, applying Point Transformer V3 [18] to multispectral photogrammetric point
clouds, and evaluating seedling retrieval at the object level. The novelty lies in the combi-
nation of: (i) field-derived pine-centred buffers used for supervised point-cloud labelling;
(ii) multispectral point-cloud classification using Point Transformer V3; (iii) evaluation of
field-mapped seedlings withheld from model training; (iv) hard-negative refinement to
reduce shrub-related off-buffer responses; and (v) explicit interpretation of the operational
trade-off between omission errors and commission-related verification burden.

The present study applies this workflow in a heterogeneous coastal-dune plantation lo-
cated in the Quiaios National Forest (Matas Nacionais de Quiaios), central Portugal, where
Pinus pinaster seedlings occur within sandy dune terrain and a complex herbaceous–shrub
vegetation matrix typical of Atlantic dune–pine ecosystems [19,20]. The site represents
a realistic operational monitoring context: seedlings are arranged mainly along planta-
tion lines, but they are small, variably developed, and surrounded by spectrally similar
vegetation, residual biomass, and occasional natural regeneration. This setting provides
a demanding test case for evaluating whether high-density multispectral UAS-derived
point clouds can support individual seedling retrieval under field conditions relevant to
post-planting assessment.
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To this end, this study integrates centimetre-resolution multispectral UAS imagery,
RTK GNSS field mapping, seedling-centred reference buffers, spectral conditioning, manual
label refinement, and deep-learning-based point-cloud classification. The workflow was
designed to move from field-mapped individual seedlings to point-level semantic labelling
and then to object-level evaluation, allowing model performance to be interpreted in terms
of individual seedling retrieval rather than pointwise classification alone. This distinction
is important because the operational question is not only whether individual points are
labelled correctly, but also whether known planted seedlings can be reliably detected to
support monitoring decisions.

The specific objectives were to: (i) construct a field-validated multispectral point-cloud
dataset for early-stage Pinus pinaster seedling detection; (ii) train and compare a Baseline
high-recall model and a Refined hard-negative model; (iii) quantify object-level retrieval
of field-mapped seedlings withheld from model training within plantation-line areas;
(iv) screen off-buffer detections to characterise commission-error behaviour; and (v) identify
the seedling morphological attributes associated with omission errors. By focusing on small,
planted seedlings in a heterogeneous coastal plantation, this study contributes an applied
UAS-based workflow for early regeneration monitoring and provides evidence on the
practical detectability limits of transformer-based multispectral point-cloud classification.

2. Materials and Methods
The following section describes the materials and the methodology adopted in this

study, structured according to four main phases: (i) data acquisition, (ii) image process-
ing, (iii) dataset curation for model training and evaluation; and (iv) point-cloud data
preparation, model training, and evaluation, as illustrated in Figure 1.

Figure 1. Workflow for UAS-based detection of Pinus pinaster seedling using multispectral point-cloud
data and deep learning.

The methodological pipeline integrates field and multispectral data acquisition, pho-
togrammetric reconstruction, training-model dataset preparation, deep-learning-based
point-cloud classification, and performance assessment. Field data acquisition combined
RTK GNSS surveying of ground control points with the multispectral imagery of the survey
area to ensure spatial accuracy. The individual Pinus pinaster seedlings were also georefer-
enced, and biometric attributes were recorded together with two geotagged photographs (I).
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Photogrammetric processing included radiometric calibration, image alignment, dense
point-cloud generation, and RGB and multispectral orthomosaics production (II).

Dataset curation for model training and evaluation was implemented using tree-
centred buffers generated from measured seedling positions and crown dimensions, which
served as object-based units for supervised training and subsequent detection validation.
Spectral conditioning was performed within these buffer areas and further refined manually
using orthomosaics and field imagery, resulting in a labelled point-cloud dataset (III).

Deep-learning classification was conducted using the Point Transformer V3 archi-
tecture [18,21], integrating multispectral and structural point-cloud attributes within a
recall-oriented optimisation framework [22,23]. The final stage involved model evalua-
tion and performance assessment for detecting Pinus pinaster seedlings in heterogeneous
coastal-dune environments (IV).

A summary of the main resources (hardware and software) used throughout the
workflow is provided in Table 1.

Table 1. Summary of tools, platforms, and devices used across the methodological workflow.

Component Resources Role in Workflow

GNSS positioning
Trimble R780 (Trimble Inc., Westminster,
CO, USA); Emlid Reach RX (Emlid Tech

Kft., Budapest, Hungary)

RTK-based georeferencing of individual
seedlings and GCPs

Biometric data collection

iPhone 16 Pro (Apple Inc.,
Cupertino, CA, USA) + ArcGIS Field

Maps (Esri, Redlands, CA, USA)
version 25.2.0

Attribute recording, geotagged field
photographs, and real-time

data submission

UAS platform DJI Mavic 3 Multispectral (M3M) (SZ DJI
Technology Co., Ltd., Shenzhen, China)

Acquisition of high-resolution
multispectral images

Radiometric calibration Spectralon® reflectance panels (Labsphere,
Inc., North Sutton, NH, USA)

Radiometric calibration of multispectral
imagery to reflectance values

Spectral measurement

USB2000 Fibre Optic Spectrometer (Ocean
Optics, Inc., Dunedin, FL, USA); HL120W

halogen lamp (ELRO Europe/CoSa
Connects B.V., Zundert, The Netherlands)

Laboratory measurement of
reflectance-panel values

Photogrammetry Agisoft Metashape Pro (Agisoft LLC,
St. Petersburg, Russia) version 2.2.3

Radiometric calibration, image
alignment, dense point-cloud processing,

orthomosaic production

GIS processing ArcGIS Pro (Esri, Redlands, CA, USA)
version 3.6

Data curation, point-cloud labelling,
model training, and evaluation

Deep learning Point Transformer V3 implemented
in ArcGIS Pro

Point-cloud classification and
seedling detection

Processing Platform

Workstation equipped with Intel i9-13900k
(Intel Corporation, Santa Clara, CA, USA),
64 GB RAM, NVIDIA GeForce RTX 4080

GPU (NVIDIA Corporation,
Santa Clara, CA, USA)

Model training and
GPU-accelerated computation

The study area description, as well as the workflow components of each phase, includ-
ing materials, inputs, and outputs, are described in detail in the following sections.
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2.1. Study Area and Ecological Context

The study was conducted in a coastal pine forest area in central Portugal, Mata Na-
cional de Quiaios, near Praia da Tocha, characterised by sandy coastal soils and vegetation
assemblages typical of Atlantic dune–pine ecosystems [19,20] (Figure 2).

Figure 2. Survey-area context in the Matas Nacionais de Quiaios, Portugal.

The survey site is dominated by herbaceous and shrubby vegetation, including
Corynephorus canescens, Acacia longifolia, Helichrysum italicum, H. halimifolium, Cistus salvifolius,
Ulex spp., Carex arenaria, Corema album, along with other smaller seasonal herbaceous
species. The area also contains residual biomass and debris originating from a 2017 wildfire,
followed by mechanical clearing and site preparation in 2021 for pine-tree reforestation [24].
The area was replanted with Pinus pinaster in 2023 using a tractor-mounted soil ripper
and currently supports predominantly planted individuals, with limited natural regenera-
tion [25]. There are 27 plantation lines in this study area.

The UAS survey covers 1.82 ha. To minimise edge effects and ensure sufficient overlap
for photogrammetric reconstruction, a 15-m internal buffer was applied, resulting in a
final study area of 1.23 ha. The terrain is gently undulating, with elevations ranging from
approximately 46 to 50.5 m, typical of stabilised coastal-dune systems (Figure 3).

2.2. Data Acquisition

The first methodological phase consisted of the acquisition of spatially explicit field
and UAS data (2.2.1 and 2.2.2 respectively) required to construct the reference dataset and
generate the remote-sensing products used for model development (Figure 4).

https://doi.org/10.3390/rs18173024

https://doi.org/10.3390/rs18173024


Remote Sens. 2026, 18, 3024 7 of 40

Figure 3. (a) Detailed RGB orthomosaic of the survey area containing ground-control points (GCPs)
locations and (b) a DTM.

Figure 4. Overview of the methodological workflow in the data acquisition phase.

2.2.1. Field Data Acquisition

Field data consists of georeferenced positions of five ground-control points collected
using a Trimble R780 RTK-enabled GNSS receiver from the nearest reference station in
the national permanent network, ReNEP (Rede Nacional de Estações Permanentes GNSS).
This is a public geopositioning service provided by the Portuguese Directorate General for
Territory (DGT), consisting of GNSS stations with continuous observation that broadcast
observations in ETRS89 (mainland) and ITRF93 (autonomous regions), supporting real-time
RTK positioning and post-processing using RINEX files [26]. The nearest station, identified
by the code MVEL, located at 14 km from the survey area, provided real-time corrections.

Individual Pinus pinaster seedlings were systematically mapped in situ within the
cropped area using GNSS receivers, with positional data acquired as close as operationally
feasible to the trunk centre or seedling base at ground level to minimise horizontal offset
errors. Since all individuals were still at an early developmental stage and did not exceed
knee height, the interference effects of vegetation, such as multipath propagation and signal
attenuation, were minimal. Consequently, positional data acquisition was conducted under
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effectively open-sky conditions, which are known to enhance GNSS positional accuracy
and stability relative to closed-canopy forest environments [27,28]. All spatial data were ref-
erenced to the ETRS89/Portugal TM06 coordinate system with Cascais Height (GeodPT08),
which was applied consistently across field surveys, photogrammetric processing, and
GIS analyses.

For each mapped seedling, biometric attributes were collected through direct field
measurement. Tree height and two orthogonal crown diameters were recorded to charac-
terise vertical and horizontal structure, ensuring consistency and supporting individual-
level analysis.

In addition to those geometric attributes, semantic information was recorded, includ-
ing health status indicators such as crown condition (trunk or severe defoliation) and
visible signs of stress (low or heavy stress). Two geotagged photographs per pine were
also acquired to serve as visual references for post-field validation and interpretation, as
illustrated in Figure 5.

Figure 5. Field picture from a Pinus pinaster seedling in two perspectives: nadir on the left and profile
on the right.

This seedling field-data collection was carried out over six consecutive days imme-
diately following image acquisition, ensuring strong temporal correspondence between
ground observations and remotely sensed data. This temporal alignment minimises dis-
crepancies associated with short-term environmental variability and supports the use of the
dataset as reliable ground truth. The resulting dataset comprised 1541 mapped seedlings.

All data capture and attribute management were implemented using the ArcGIS
Field Maps mobile application, enabling real-time recording of spatial and descriptive
information within a structured geodatabase. Biometric data collection was conducted
using an iPhone 16, which served as an integrated platform for attribute entry, geotagged-
photograph acquisition, and direct-data submission. The device was connected to the
Emlid Reach RX RTK-enabled GNSS receiver via the iOS environment, allowing high-
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precision positioning data to be recorded and automatically linked to each seedling in real
time. This configuration provided centimetre-level positional accuracy while maintaining a
streamlined data acquisition workflow.

The integration of positioning, attribute collection, and data synchronisation within
a single mobile platform significantly reduced the time required per sampled individual,
thereby improving field efficiency and optimising the time-to-information ratio. Data were
synchronised directly with the desktop ArcGIS project, ensuring immediate integration,
minimising transcription errors, and supporting consistent data management across devices
and operators.

2.2.2. UAS Data Acquisition

Multispectral UAS imagery was acquired on 3 September 2025, using a DJI Mavic 3
Multispectral (M3M), between 12:21 and 13:11 local time, with RTK enabled throughout
the mission, following recent applications of RTK-equipped multispectral DJI platforms for
high-accuracy mapping and land-cover classification [29,30].

The M3M integrates two complementary imaging systems: a 20 MP RGB camera with
a 4/3 CMOS sensor and four 5-MP multispectral cameras with 1/2.8-inch CMOS sensors.
The multispectral module acquires green, red, red-edge, and near-infrared bands centred
at 560 ± 16 nm, 650 ± 16 nm, 730 ± 16 nm, and 860 ± 26 nm, respectively, with each
band recorded at 2592 × 1944 pixels, while the RGB camera records images at a maximum
resolution of 5280 × 3956 pixels.

The flight was planned for a multispectral ground sampling distance of approximately
1 cm pixel−1, based on the spatial resolution of the M3M multispectral sensors, to ensure
visibility of fine vegetation details such as pine seedlings, consistent with UAV multi-
spectral studies that exploit centimetre-scale resolution for vegetation monitoring and
modelling [31,32]. Under the same flight configuration, the higher native resolution of the
RGB sensor was enabled to produce a finer-resolution RGB orthomosaic. Image overlap
was set to 83% forward and 75% side, in line with recommended high-overlap configura-
tions for Structure-from-Motion photogrammetry in coastal and vegetated environments to
improve point-cloud robustness [33–36].

Meteorological conditions during the UAS acquisition were characterised using station-
based observations. Observations were obtained from the Figueira da Foz weather station
(≈12.5 km from the study area) using data accessed via Meteostat [37]. The proximity
and comparable coastal exposure support the assumption that the recorded conditions are
representative of the study site, although local wind variability cannot be ruled out.

The UAS acquisition was conducted under thermally stable, precipitation-free at-
mospheric conditions, with air temperature remaining nearly constant throughout the
acquisition window (Table 2). These conditions indicate a stable boundary layer, which is
generally favourable for radiometric consistency in multispectral data acquisition [35,38,39].

Table 2. Meteorological conditions during UAS image acquisition.

Time Temperature
(◦C)

Wind Speed
(m·s−1)

Wind
Direction (◦)

Wind Gust
(m·s−1)

Precipitation
(mm·h−1)

Relative
Humidity (%)

12:00 23.01 3.41 262 18.5 0.017 71
13:00 23.11 3.97 263 23.0 0.007 57

Wind conditions were characterised by a coastal sea-breeze regime, with westerly
to north-westerly flow and moderate background wind speeds. However, station obser-
vations revealed elevated gust intensity. Such conditions are typical of Atlantic coastal
environments and therefore representative of the study context. The presence of gusty
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winds may have induced minor vegetation movement, particularly in low-height pine
seedlings and shrub components. This effect can introduce small-scale geometric variabil-
ity in photogrammetric reconstruction and increase spectral variability within vegetation
classes [26,38].

Five ground control points (GCPs) were deployed and surveyed using the RTK GNSS
receiver Trimble R780 (Figure 3) and distributed approximately homogeneously across
the site to capture topographic variability of the dune surface, with four GCPs placed
near the corners of the sampling area and used in the bundle block adjustment, while a
centrally located GCP was withheld and used exclusively as an independent checkpoint,
following best practice on GCP number, spatial configuration, and separation of control
and checkpoints in UAV–SfM accuracy assessment. This distribution is in line with rec-
ommendations and provides sufficient geometric constraints to minimise distortions and
improve horizontal and vertical accuracy of the derived digital-terrain model and dense
point cloud [12,40–43].

In addition, four 60 × 60 cm Spectralon® reflectance panels were deployed within
the survey area to support radiometric calibration of the multispectral imagery. Panel
reflectance values were measured under laboratory conditions in a dark room using an
Ocean Optics USB2000 Fibre Optic Spectrometer, with illumination provided exclusively by
an HL120W Elro Halogen lamp [12]. Corresponding M3M reflectance bands were derived
from these measurements to ensure accurate calibration of the collected images. Panels
were positioned adjacent to the GCPs located near the corners of the survey area, ensuring
clear visibility across multiple flight lines [38,44].

2.3. Image Processing

The second methodological phase consisted of photogrammetric image processing,
including radiometric calibration (2.3.1), point-cloud generation (2.3.2), and orthomosaic
production (2.3.3) (Figure 6).

 
Figure 6. Overview of the methodological workflow in the image processing phase.

2.3.1. Photogrammetric Processing and Radiometric Calibration

Photogrammetric processing was carried out in Agisoft Metashape Professional 2.3.2
(Agisoft LLC, St. Petersburg, Russia) following a workflow designed to preserve both
geometric accuracy and spectral consistency. Radiometric calibration was performed using
the Spectralon® reflectance panels (2.2.2) with known reference values [12]. To account for
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potential illumination variability, the image dataset was divided into two temporal blocks,
each calibrated independently and cross-validated using a secondary reflectance panel. For
each block, radiometric calibration was anchored to one panel, while a secondary panel
within the same block was used for independent verification [12,38,44,45]. Radiometric con-
sistency was quantified in ArcGIS Pro by computing mean reflectance values for each band
from panel regions of interest using spectral profile analysis, thereby enabling assessment
of internal radiometric stability across panels and flight segments [12].

Image alignment was performed at high accuracy, followed by bundle block adjust-
ment incorporating the four corner GCPs (2.2.2). Dense point-cloud reconstruction was
performed by generating ultra-high quality depth maps with mild depth filtering to pre-
serve fine-scale structure [12,40,46]. The resulting dense point cloud constituted the primary
dataset for terrain modelling and GIS-based and deep-learning processing.

2.3.2. Point-Cloud Generation

Dense point-cloud generation was performed in Agisoft Metashape Professional after
image alignment and bundle-block adjustment. Depth maps were generated at ultra-high
quality using mild depth filtering, as this configuration was intended to preserve fine-scale
vegetation structure while limiting excessive removal of small or fragmented seedling fea-
tures. The resulting dense point cloud constituted the principal three-dimensional product
of the photogrammetric workflow. It served two methodological functions: first, it pro-
vided the surface information required to generate a DSM and to support orthorectification
of the RGB and multispectral orthomosaics; second, it formed the analytical point-cloud
dataset used for subsequent spectral attribution, semantic labelling, deep-learning classifi-
cation, and object-level seedling evaluation. The point cloud retained three-dimensional
point coordinates and multispectral reflectance attributes derived from calibrated M3M
imagery, corresponding to the green, red, red-edge, and near-infrared bands. This structure
allowed each point to carry both geometric position and spectral information, essential for
representing Pinus pinaster seedlings.

The dense point cloud was exported in LAS format for subsequent processing in
ArcGIS Pro. LAS class codes were used as the semantic labelling framework throughout
the following stages. The assignment of Pinus pinaster seedling points to a dedicated user-
defined LAS class was performed only after spectral conditioning and manual refinement
of pine-centred buffers, as described in Section 2.4.3.

2.3.3. Orthomosaic Production

Orthomosaic products were generated in Agisoft Metashape Professional 2.3.2 after
the photogrammetric processing. A multispectral orthomosaic was processed using the
green, red, red-edge, and near-infrared reflectance values, while an RGB orthomosaic
was produced separately to support visual interpretation of the study area and manual
verification of detection outputs. Orthorectification was performed using the Digital
Surface Model (DSM) produced from the point cloud (2.3.2), ensuring that the orthomosaic
geometry was corrected for relief displacement and perspective-related distortions. The
resulting orthomosaics, multispectral and RGB, were exported in the ETRS89/PT-TM06
coordinate reference system with ground sampling distance set to 0.5 cm pixel−1 for
the RGB and 1 cm pixel−1 for the multispectral orthomosaics. These orthomosaics were
subsequently used as reference layers for NDVI production, interpretation of seedling and
shrub distribution (2.4.2), and visual assessment of model detections, particularly in the
analysis of false-positive and false-negative cases (2.5.3).
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2.4. Dataset Curation for Model Training and Evaluation

The third methodological phase converted the georeferenced field inventory (2.2.1)
and photogrammetric products (2.3.3) into spatially explicit reference objects and labelled
point-cloud inputs for model training and evaluation (Figure 7).

Figure 7. Overview of the methodological workflow in the dataset curation for model training and
evaluation phase.

This stage used the field-mapped Pinus pinaster locations, crown-diameter mea-
surements (2.2.1), multispectral point cloud (2.3.2), vegetation-index products, and
RGB/multispectral orthomosaics (2.3.3) to define pine-centred buffers (2.4.1) and refine
seedling-related vegetation signals (2.4.2). Spectral conditioning (2.4.2) was applied only
within pine-centred buffers to retain vegetation with reflectance characteristics consistent
with live pine foliage, after which manual refinement was performed using the ortho-
mosaics and field photographs (2.4.3). The resulting outputs were buffer-based seedling
objects and a labelled point cloud in which background points remained assigned to Class 0
and pine-seedling points were assigned to Class 64 (2.4.3). These outputs formed the basis
for subsequent point-cloud training-data preparation, model training, and evaluation (2.5).

2.4.1. Pine-Centred Buffer Construction

Pine-centred buffers were used to translate the field inventory into spatial reference
units, linking individual surveyed seedlings to the corresponding photogrammetric point-
cloud data. They were constructed individually for each surveyed Pinus pinaster seedling
to provide weak-supervision spatial units and to support subsequent model training
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and performance assessment. Buffer radii were calculated as half of the mean of the
two measured crown diameters, with an additional 4-cm radial margin to account for the
expected geometric uncertainty associated with RTK GNSS positioning, photogrammetric
reconstruction, and point-cloud alignment [27,41,42]. Buffers were centred on the RTK
GNSS coordinates of the tagged pine. Figure 8 represents an example of a pine buffer,
exhibiting its position in the field, on top of the radiometrically calibrated multispectral
orthomosaic, followed by the nadir picture taken during field-data acquisition (2.2.1).

Figure 8. Example of pine-centred buffer construction for an individual Pinus pinaster seedling. The
GNSS seedling position is shown over the multispectral orthomosaic, together with the corresponding
buffer derived from the measured crown dimensions and additional radial margin. The inset shows
the field photograph of the same seedling.

The buffers were designed to encompass the spatial extent of each seedling rather
than to delineate exact crown boundaries, thereby reducing the influence of positional
uncertainty and irregular crown geometry during point classification. Additionally, the veg-
etation fraction for each buffer was calculated using the spectral conditioning applied (2.4.2).
This output measures the vegetation density within buffers.

2.4.2. Spectral Conditioning and Pine-Seedling Data Refinement

Prior to the preparation of the model training and evaluation data, spectral condi-
tioning was applied to multispectral raster data within the pine-centred buffers to reduce
the influence of non-vegetated and spectrally ambiguous areas before raster-derived in-
formation was transferred to the point cloud. A series of NDVI and near-infrared (NIR)
(2.3.3) reflectance thresholds was evaluated during exploratory analysis and was used as
empirical, site-specific filters [10,47]. The most permissive and stable configuration applied
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an NDVI threshold of at least 0.30 and a minimum NIR reflectance threshold of 0.25. These
thresholds were applied exclusively within the pine-centred buffers and were not used to
define class labels. NDVI values as low as 0.30 were retained to account for variability in
pine health and illumination conditions, while the additional NIR constraint reduced the
influence of shadowed surfaces and spectrally inconsistent returns that could otherwise
inflate NDVI values. This spectral conditioning step served solely to suppress obvious
non-vegetation signals.

Following this raster-based spectral filtering, a manual inspection and refinement
procedure was conducted at the buffer level. Each pine-centred buffer was reviewed
individually, and localised adjustments to the spectral masks were made using the Pixel
Editor tool in ArcGIS Pro. This process was supported by visual cross-referencing with
high-resolution RGB orthomosaics (2.3.3) and field-acquired imagery of the corresponding
pine seedlings (2.2.1), enabling contextual interpretation of canopy structure, surrounding
vegetation, and illumination conditions. Manual corrections were applied conservatively to
address evident misclassifications, such as incorporating non-vegetated surfaces, removing
valid vegetation points, and, critically, correcting the misrepresentation of surrounding non-
pine vegetation within pine-designated buffers. This step aimed not only to reduce spectral
noise ambiguity but also to improve the separability between Pinus pinaster seedlings and
adjacent vegetation, ensuring that the resulting point cloud more accurately reflected the
true presence of pine while minimising ambiguity in the training data.

2.4.3. Point-Cloud Labelling and Class Assignment

Point-cloud labelling was performed following raster-based spectral conditioning
and manual refinement within the pine-centred buffers. The refined raster masks were
used to assign semantic class labels to the dense point cloud through a raster-to-point
classification procedure implemented in ArcGIS Pro. Specifically, the Set LAS Class Codes
Using Raster tool was applied to identify points that spatially intersected raster cells
classified as pine vegetation, and to assign them to a dedicated class code (Class 64),
defined in this study as pine seedling. All remaining points were treated as background
(Class 0) during subsequent processing.

This procedure ensured that point-level class labels were derived directly from the
refined raster interpretation, maintaining consistency between multispectral image analysis
and point-cloud representation.

2.5. Point-Cloud Data Preparation, Model Training, and Evaluation

The fourth methodological phase converted the labelled point cloud (2.4.3) into model-
ready inputs for deep-learning-based seedling detection (2.5.1), training the Point Trans-
former V3 (2.5.2), and evaluation of the trained model’s outputs (2.5.3) (Figure 9).

First, the labelled point cloud was partitioned into spatially structured blocks com-
patible with the input requirements of the deep-learning architecture, while preserving
the high-density spectral and geometric information of the UAS-derived photogrammetric
reconstruction. Second, these blocks were used to train a binary point-cloud classification
model in which Class 64 represented Pinus pinaster seedlings and Class 0 represented back-
ground points. Third, the trained model was applied to the complete point cloud. Fourth,
the model’s output was evaluated using object-level detection, allowing performance to be
assessed at the object-level rather than only through point-wise classification metrics.

2.5.1. Point-Cloud Training-Data Preparation for Model Ingestion

Training-data preparation was conducted in ArcGIS Pro using the labelled point cloud
derived from the previous processing steps (2.4.3).
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Figure 9. Overview of the methodological workflow in the point-cloud data preparation, model
training, and evaluation phase.

Model-ready point-cloud samples were generated using the Prepare Point Cloud
Training Data tool in ArcGIS Pro. This tool partitions a labelled point cloud into fixed-size
spatial blocks suitable for ingestion by deep learning models, and it requires defining
training and validation areas, class-labelled input points, block dimensions, point-count
limits, and optional elevation-normalisation inputs. Consequently, before executing the
tool, the field reference dataset and labelled point cloud were organised to define: (i) the
valid seedling population, (ii) the subset of seedlings used for semantic labelling and model
development, (iii) the subset withheld from positive supervision for object-level evaluation,
and (iv) the spatial training and internal validation regions used during model training.

Prior to the preparation of the training and evaluation data, the field-mapped seedling
dataset was quality-controlled to retain a valid dataset. The initial field inventory com-
prised 1541 mapped Pinus pinaster seedlings. Of these, 50 records were excluded because
they fell outside the plantation line buffer, leaving 1491 mapped seedlings. A further 75 in-
dividuals recorded as dead during field surveys were excluded, resulting in 1416 living
pine-centred buffers. This final living-buffer dataset was divided into two subsets before
point-cloud labelling (2.4.3). A subset of 889 seedlings was used for model development, in-
cluding training and internal validation (2.5.2). The remaining 527 seedlings were withheld
from model training and reserved for object-level model evaluation within the plantation
domain (2.5.3). These seedlings remained physically present in the dense point cloud
as Class 0, but they were not included in the model-training samples. For the baseline
model (2.5.2), Class 64 was selected as the class of interest during model training. For the
refined model (2.5.2), in which the class of interest setting was not available, training-data
preparation was configured with filter blocks by class code set to Class 64. Consequently,
only blocks containing labelled pine-seedling points were exported for refined-model
training, and Class-0-only withheld seedlings were not introduced as negative seedling
examples. This filtering was necessary to counter the severe class imbalance between pine
seedling and background points.

The model development subset was further divided spatially into training and internal
validation datasets using polygon boundaries defined by plantation lines (Figure 10).

The study area comprised twenty-seven plantation lines, of which the first nineteen,
from north to south, were allocated to the training region, and the subsequent eight to
the internal validation region, corresponding approximately to a 70/30% spatial parti-
tion, respectively [48]. Within the model development subset, 634 seedlings were in the

https://doi.org/10.3390/rs18173024

https://doi.org/10.3390/rs18173024


Remote Sens. 2026, 18, 3024 16 of 40

training region and 255 in the validation region. The use of complete plantation lines
as partitioning units was intended to reduce spatial leakage between training and vali-
dation samples [49]. In geospatial datasets, neighbouring observations frequently share
similar spectral, structural, and environmental characteristics, which may inflate model
performance if spatially adjacent samples are included in both the training and validation
sets [50,51]. By assigning complete plantation lines exclusively to either subset, the training
and validation regions remained spatially separated while retaining comparable plantation
structure and background vegetation conditions.

Figure 10. Spatial partitioning of the analytical study area into model-training and internal validation
regions. Plantation lines are overlaid on the RGB orthomosaic, with the first nineteen lines assigned
to the training region and the remaining eight lines assigned to the internal validation region. Pine-
centred buffers used for model development and withheld buffers reserved for object-level evaluation
are shown separately.

Model-ready point-cloud blocks were generated using the Prepare Point Cloud Train-
ing Data tool in ArcGIS Pro, which partitions the point cloud into fixed-size spatial blocks
suitable for ingestion by deep-learning models. Block-based sampling is commonly adopted
in point-cloud deep learning because it enables efficient processing of large datasets while
preserving local neighbourhood relationships required for feature learning.

The model development point cloud was generated using spatial blocks of 0.6 m. This
block size was selected based on the characteristic dimensions of the target objects, as
the vast majority of Pinus pinaster seedlings observed in the field had crown diameters of
less than 0.5 m. A 0.6 m block extent was therefore considered sufficient to capture most
individual seedling structures while limiting excessive inclusion of adjacent vegetation
that could increase class ambiguity. At the same time, the selected block size preserved the
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immediate local context required for attention-based feature aggregation in transformer-
based architectures [18,21,52].

The block-point limit was defined empirically after inspecting the point-count dis-
tributions of the generated training and internal validation blocks. This ensured that the
selected limit was compatible with the native point density of the photogrammetric re-
construction, while avoiding unnecessary subsampling of dense blocks and maintaining
feasible GPU processing.

The resulting output consisted of spatially structured point-cloud blocks formatted
for direct ingestion into the deep-learning pipeline. These blocks preserved the native
geometric density and spectral variability of the photogrammetric reconstruction while
maintaining the training, internal validation, and withheld object-level evaluation structure
required for subsequent model development and assessment.

2.5.2. Deep-Learning Model Training

Deep-learning model training was conducted in ArcGIS Pro using the Train Point
Cloud Classification Model tool, implementing the Point Transformer V3 architec-
ture [18,53]. This architecture was selected because attention-based mechanisms are
well-suited to modelling local neighbourhood relationships in irregular point-cloud
data [18,21,54]. In this study, Pinus pinaster seedlings are small targets embedded within
spectrally similar surrounding vegetation; therefore, the ability to capture fine-scale local
spatial–spectral relationships was considered important for class discrimination [22,55].

Model input consisted of the three-dimensional point geometry of each training
block, defined by the x, y, and z coordinates of the photogrammetric point cloud, along
with selected point attributes. The selected non-geometric attribute channels consisted of
multispectral radiometric values from the M3M sensor, including those of the green, red,
red-edge, and near-infrared bands.

The classification scheme (2.4.3) defined Class 64 as pine seedling, while all remaining
points were treated as background or unclassified points under Class 0. The baseline model
was trained with the class-of-interest parameter explicitly set to Class 64. This configuration
prioritised learning for the minority class over the background class. In this study, pine
seedlings occupied a small proportion of the total point cloud and were embedded within
spectrally similar vegetation; therefore, the use of Class 64 as the class of interest was
important for stable convergence.

Training followed a recall-oriented optimisation strategy [53], reflecting the operational
priority of minimising omission errors during seedling detection. This was considered
appropriate because undetected seedlings directly limit the workflow’s usefulness for field
monitoring and plantation assessment. Models were trained for up to 35 epochs, with
this upper bound serving as the training budget rather than a fixed optimisation target.
This limit allowed validation metrics to stabilise while avoiding unnecessarily prolonged
training. Early stopping was enabled to terminate training when no further improvement
in validation was observed, thereby reducing the risk of overfitting to the labelled training
blocks. The retained model was selected primarily according to validation recall for the
pine-seedling class, but validation precision and F1 score were also examined to avoid
selecting a model that achieved high recall only by overpredicting pine-seedling points
in the background class. Therefore, model selection prioritised seedling retrieval while
maintaining a defensible balance between omission and commission errors [55,56].

Model training used cross-entropy loss, consistent with binary semantic classification,
in which each point was assigned either to the pine-seedling class (Class 64) or to the
background class (Class 0) [56–59]. The learning rate was automatically managed using a
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one-cycle policy, enabling dynamic adjustment during training and reducing the need for
manual learning-rate tuning.

Model development followed an iterative parameter-refinement procedure. After each
model was trained, it was applied to classify the entire point cloud, and object-level detection
metrics were calculated using the withheld plantation-line buffers described in Section 2.5.3.
These repeated evaluations were used to compare the effect of training parameters, including
block size, batch size, and class-of-interest configuration, on seedling retrieval. The primary
selection criterion was object-level recall, reflecting the objective of maximising detection
of known field-mapped seedlings. However, configurations that achieved high recall by
excessively classifying background vegetation as pine seedling were not retained. Therefore,
parameter refinement was guided by the objective of achieving the highest practical recall
while maintaining a defensible level of commission-related responses.

Following an evaluation of the baseline model (baseline) (2.5.3), a refined model
(refined) was developed through additional training, using the trained baseline model
as a starting checkpoint, to reduce residual false-positive detections of shrub vegetation.
False-positive clusters from the baseline classification were visually inspected using the
high-resolution RGB orthomosaic (2.3.3) and field imagery (2.3.1). Areas confidently
associated with shrub vegetation were manually digitised as hard-negative polygons and
retained as background Class 0, preserving the binary classification structure [60]. The
refined model retained the same model development and withheld seedling subsets, but
incorporated layers defined by plantation line buffers (width 0.6 m) and hard negatives for
training and internal validation (Figure 11).

Figure 11. Spatial distribution of the training and internal validation plantation-line buffers and
hard-negative shrub/background areas used during refined model development, displayed over the
RGB orthomosaic.
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Unlike the baseline configuration, the class-of-interest constraint was not applied
during refinement, allowing the model to incorporate a broader representation of back-
ground vegetation during training, specifically within plantation lines. Consistent with the
strategy of increasing background representation during model training, the block size was
increased to 1.0 m (2.5.1).

2.5.3. Model Evaluation

Model evaluation was designed to quantify object-level retrieval of individual
Pinus pinaster records from the trained point-cloud classifications, rather than relying solely
on point-wise semantic classification. The evaluation subset consisted of 527 pine-centred
buffers withheld from model training and retained for post-classification object-level as-
sessment. As described in Section 2.5.1, Class-0-only withheld seedlings were excluded
from model-training samples through the class-of-interest setting for the baseline model
and through filter blocks by class code set to Class 64 during refined-model training-data
preparation. Of the 527 withheld buffers, 442 were located within the spatial-training
region and 85 within the spatial-internal-validation region.

After each trained model was applied to classify the complete point cloud, object-
level evaluation was performed by intersecting the classified output with the withheld
pine-centred buffers. For each buffer, the number of points predicted as pine seedling
(Class 64) was quantified using the Spatial Join tool in ArcGIS Pro. A pine record was
considered successfully detected when the number of predicted Class 64 points within
its corresponding buffer met or exceeded a predefined point-count threshold. Multiple
thresholds were evaluated, including 1, 3, 5, and 10 classified points per buffer, to assess
the sensitivity of seedling retrieval to the required number of predicted pine points. Lower
thresholds favour sensitivity to small or weakly represented seedlings, whereas higher
thresholds require stronger within-buffer evidence and may therefore increase omission
of small, partially occluded, or weakly reconstructed individuals. A threshold of at least
three Class 64 points per buffer was retained as the operational threshold for the main
object-level assessment, balancing sensitivity to small seedlings with reduced influence of
isolated one- or two-point responses.

Object-level recall was calculated at the level of individual withheld pine-centred
buffers rather than at the level of individual points. At a given detection threshold (T), a
buffer was classified as a true positive (TP) when it contained at least (T) predicted Class
64 points, and as a false negative (FN) when it contained fewer than (T) predicted Class 64
points. Recall was calculated following Equation (1):

Recall(T) =
TP(T)

TP(T) + FN(T)
(1)

where TP(T) is the number of withheld pine-centred buffers containing at least T predicted
pine-seedling points, and FN(T) is the number of withheld pine-centred buffers containing
fewer than T predicted pine-seedling points. Therefore, at the operational threshold of
(T = 3), recall represented the proportion of known field-mapped seedlings that were re-
trieved by the model with at least three predicted Class 64 points inside their corresponding
reference buffer. Because this assessment was conducted only on known pine-centred
buffers, it quantified seedling retrieval and omission error, but did not directly estimate
landscape-wide commission error. This evaluation should therefore be interpreted as a
retrieval-oriented object-level assessment of known field-mapped seedlings, rather than
as a complete object-detection evaluation across all pine and non-pine objects in the land-
scape. Conventional object-detection precision and F1 score were not calculated because a
complete set of explicit non-pine reference objects was not available. Commission-related
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behaviour was instead assessed separately through off-buffer candidate screening within
the plantation-line domain.

Given the intended operational application of the workflow, model evaluation was
primarily assessed within plantation-line buffers. This restriction reflected the main man-
agement objective of detecting planted seedlings within plantation rows, where seedling
presence is expected and where field-based monitoring is operationally relevant. It also
reduced the influence of ambiguous inter-row vegetation outside the model’s primary
application domain.

Commission-error behaviour was assessed through a complementary post-classification
spatial-screening procedure implemented in ArcGIS Pro. Accordingly, predicted Class 64 points
were first extracted from the classified point cloud and compared spatially with the ref-
erence pine-centred buffers. Class 64 points falling inside known reference buffers were
excluded from the commission-screening workflow, while Class 64 points located outside
the buffers but within the 1.2-m plantation-line buffers were retained as candidate off-buffer
detections. To reduce the influence of isolated point detections, the retained off-buffer
Class 64 points were processed using density-based clustering in ArcGIS Pro. The point
features were clustered using DBSCAN, with a search distance of 0.10 m and a minimum of
three points per cluster, corresponding to the operational threshold definition (T = 3). The
0.10 m distance approximately corresponded to the mean field-measured crown size of the
mapped pine seedlings, while the minimum cluster size of three points prevented isolated
one- or two-point responses from being interpreted as candidate objects. Points classified
by DBSCAN as noise or unclustered were not considered, and only points belonging to
valid clusters were retained for subsequent screening.

Each retained cluster was assigned a unique cluster identifier and treated as a pine
seedling candidate off-buffer detection. Cluster centroids were generated using the cluster
identifier as the case field, producing one representative point per candidate cluster. These
centroids were used as the primary inspection layer because they provided a clear spatial
reference for visual interpretation and, where required, field verification. Cluster hulls were
also generated to support visual interpretation of each candidate’s spatial extent, although
final interpretation was based on clustered points, centroid locations, and ancillary imagery
rather than on hull geometry alone.

The retained candidate clusters were visually screened in ArcGIS Pro using the RGB
and multispectral orthomosaics, original pine-centred buffers and 1.2-m plantation-line
buffers. Each candidate detection was inspected to determine whether it corresponded to a
likely non-pine vegetation response, a valid pine individual not represented by the buffers,
or an ambiguous object. Candidate clusters clearly associated with shrubs, herbaceous
vegetation, and residual biomass were classified as false positives. Candidate clusters corre-
sponding to visually identifiable pine individuals absent from, or not correctly represented
by, the buffer dataset were classified as valid pine detections in the commission-screening
context. Candidate clusters that could not be confidently interpreted from the orthomosaic
and ancillary layers were retained as uncertain and flagged for field verification based
on their centroid coordinates. These detections were not included in the calculation of
object-level recall because recall was defined exclusively from the withheld reference
buffers. Instead, the screening provided a complementary assessment of commission-error
behaviour and allowed off-buffer detections to be separated into false positives, valid
off-buffer pine detections, and uncertain cases.

To characterise the detectability limits of the models, detected and omitted seedlings
were compared within the withheld plantation-line evaluation subset at the operational
threshold of (T = 3). Mann–Whitney U tests were used for continuous variables, including
height, mean crown diameter and vegetation fraction within the buffer, while Fisher’s exact
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tests were used for binary categorical traits. Effect sizes for continuous comparisons were
reported using Cliff’s delta. Paired differences in detection outcome between the baseline
and refined models were assessed using McNemar’s exact test, because both models were
evaluated on the same withheld buffer set.

Model comparison was conducted using the same withheld plantation-line evaluation
subset across configurations. The baseline model represented the high-recall configuration
for seedling retrieval within plantation-line buffers. The refined model was used to assess
whether targeted inclusion of hard-negative shrub samples and broader background expo-
sure could reduce shrub-related commission detections. This comparison allowed model
behaviour to be interpreted as a trade-off between omission and commission errors rather
than as a single absolute performance outcome.

3. Results
The results are presented in the order outlined in Figure 4, progressing from intermedi-

ate outputs generated during data acquisition and photogrammetric processing and dataset
preparation to the final evaluation of the trained models. First, the UAS-derived products
are described, including the reconstructed point cloud, orthomosaics, and terrain products.
Second, the field reference dataset is characterised in terms of positional consistency, living-
seedling filtering and allocation to model-development and withheld evaluation subsets.
Third, the composition and morphological characteristics of the seedling buffers are re-
ported, with emphasis on the complete model-development subset and the withheld subset
used for model evaluation. Fourth, the point-cloud training data and model configurations
are summarised. Finally, model performance is assessed through object-level seedling
retrieval within withheld plantation-line buffers, complementary off-buffer commission
screening and false-negative characterisation.

3.1. UAS-Derived Products and Analytical Dataset

The UAS-SfM workflow generated spatial, spectral, and point-cloud products. A total
of 3636 band-specific multispectral images were aligned in Agisoft Metashape, covering
a reconstructed area of 1.66 ha. The imagery was acquired at an average flying altitude
of 22.1 m, yielding a ground resolution of approximately 1 cm pixel−1. Image alignment
generated 3,276,710 tie points from 19,858,277 projections, with a mean reprojection error
of 0.566 pixels.

After applying the internal edge-exclusion buffer (2.2), the final analytical area used
for reference-buffer construction, model preparation, point-cloud classification, and object-
level evaluation corresponded to 12,314.66 m2, equivalent to 1.23 ha. Table 3 summarises
the UAS-derived products and photogrammetric outputs used in the analytical workflow.

The dense photogrammetric point cloud comprised 89,928,442 points, with a coor-
dinate precision of 4.81 mm. The reported point-cloud coordinate precision refers to the
internal coordinate precision estimate associated with the photogrammetric dense cloud
and should not be interpreted as millimetre-level absolute positional accuracy. Absolute
spatial correspondence between field and photogrammetric data was constrained by the
RTK-enabled UAS acquisition, the four GCPs used in bundle block adjustment, the in-
dependent checkpoint, and the positional agreement between the Emlid Reach RX and
Trimble R780 receivers. The independent checkpoint confirmed centimetre-level agreement
between the photogrammetric products and the field-surveyed reference point. Given
the 1-cm multispectral GSD, the 2.6–3.0 cm mean horizontal difference between GNSS
receivers, and the small size of the target seedlings, positional uncertainty remained mean-
ingful relative to the approximately 7.5–10.5 cm crown-diameter scale of many individuals.
The additional 4-cm radial margin used in pine-centred buffer construction was therefore
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included to reduce the risk that valid seedling points were excluded from reference buffers
due to combined GNSS, photogrammetric, and alignment uncertainties. Point attributes
included multispectral information corresponding to the green, red, red-edge, and near-
infrared bands, together with photogrammetric descriptors such as normal vectors and
confidence values. A digital terrain model was generated at 1-cm pixel−1 resolution (2.3.2),
with elevations ranging from approximately 46 to 51 m across the reconstructed area. The
multispectral orthomosaic provided the basis for vegetation-index generation and spectral
conditioning, while the RGB orthomosaic served as an ancillary high-detail visual layer
for manual inspection, interpretation of seedling and shrub context, and post-classification
screening of model detections.

Table 3. Summary of UAS-derived products and photogrammetric outputs used in the analyti-
cal workflow.

Product or Metric Value Role in Workflow

Aligned band-specific
multispectral images 3636 Photogrammetric reconstruction

Average flying altitude 22 m Acquisition geometry

Final analytical area 12,314.66 m2/1.23 ha Cropped area used for analysis

Tie points 3,276,710 Image alignment

Projections 19,858,277 Bundle adjustment support

Mean reprojection error 0.57 pixels Alignment quality indicator

Dense point-cloud points 89,928,442 Analytical point cloud

Mean dense-cloud point density 7303 points m−2 Point-cloud density context for
seedling representation

Approximate mean point spacing 1.17 cm Spatial context for fine-scale
seedling detectability

Point-cloud coordinate precision 4.81 mm Internal dense-cloud
coordinate precision

Independent checkpoint
horizontal error 0.85 cm Absolute horizontal-accuracy check

Independent checkpoint
vertical error 0.08 cm Absolute vertical-accuracy check

Independent checkpoint 3D error 0.85 cm Absolute 3D-accuracy check

Point attributes Four-band multispectral attributes,
normals, point confidence

Point-cloud structure and
quality descriptors

Digital surface model 1-cm pixel−1 Orthorectification and
surface representation

Multispectral orthomosaic 1-cm pixel−1
Spectral conditioning, visual
refinement, and vegetation

index generation

RGB orthomosaic 0.5-cm pixel−1 Visual interpretation and
manual inspection

3.2. Field Dataset and Positional Consistency

The field inventory produced a spatially explicit reference dataset of mapped
Pinus pinaster seedlings. After excluding individuals recorded as dead, the living pine-
centred buffer dataset comprised 1416 records. Of these, 889 buffers were assigned to
the model-development subset and retained the broader spatial and morphological vari-
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ability of the mapped seedlings across the study area. For object-level model evaluation,
the withheld subset was restricted to the 527 buffers located within plantation-line areas,
corresponding to the operational domain in which planted-seedling retrieval was assessed.

The positional consistency between the Emlid Reach RX receiver used for seedling
mapping and the Trimble R780 receiver used as the higher-grade reference instrument
was assessed at 31 common control points. Instantaneous RTK measurements showed
a mean horizontal difference of 2.6 cm between receivers, with a 3D RMSE of 4.54 cm.
The 3-min averaged positions showed a mean horizontal difference of 3.0 cm and a 3D
RMSE of 4.95 cm. The observed differences indicate centimetre-level agreement between
receivers. Because pine-centred buffers were generated from horizontal field positions, the
mean horizontal differences of 2.6–3.0 cm support the suitability of the Emlid Reach RX for
seedling-centred buffer generation and field reference data acquisition.

3.3. Dataset Composition and Seedling Characteristics

The complete living buffer dataset was dominated by small, weakly developed pine
individuals. Across all 1416 living buffers, median seedling height was 17.0 cm, with an
interquartile range of 13.0–22.0 cm. Median mean crown diameter was 10.5 cm, with an
interquartile range of 8.0–13.0 cm, and the median number of recorded branches was 0.0.
The median vegetation fraction within pine-centred buffers was 0.136, indicating that
spectrally retained vegetation occupied only a limited proportion of each buffer after the
applied conditioning procedure.

The model-development subset showed very similar central tendencies to the full
living buffer dataset, with a median height of 17.0 cm and median mean-crown diameter of
10.5 cm. The withheld evaluation subset also presented a median height of 16.0 cm and a me-
dian mean-crown diameter of 10.5 cm. These similarities indicate that the evaluation subset
retained the main morphological characteristics of the plantation-line model-development
domain. These similarities were consistent with the broad spatial distribution of both
subsets across the study area, as shown in Figure 10. Heavy stress was recorded in 36.7% of
the model-development subset and 38.1% of the withheld subset, while trunk or severe
defoliation was recorded in 82.7% and 82.7% of records, respectively. These similarities,
listed in Table 4, indicate that the withheld subset retained the general morphological and
condition variability observed in the model-development subset.

Table 4. Morphological and condition characteristics of the living pine-centred buffer dataset and
analytical subsets. Continuous variables are reported as median [interquartile range].

Variable Full Living-Buffer Dataset Model-Development Subset Withheld-Evaluation
Subset

n 1416 889 527

Height [cm] 17.0 [13.0–22.0] 17.0 [13.0–22.0] 16.0 [12.0–21.0]

Mean crown diameter [cm] 10.5 [8.0–13.0] 10.5 [8.0–13.0] 10.5 [8.0–13.5]

Number of branches 0.0 [0.0–2.0] 0.0 [0.0–2.0] 0.0 [0.0–2.0]

Pine pixels within buffer 34.0 [18.0–70.0] 35.0 [19.0–69.8] 33.0 [16.0–71.0]

Pine fraction within buffer 0.14 [0.08–0.21] 0.14 [0.09–0.21] 0.13 [0.08–0.20]

Heavy stress 523 (36.9%) 326 (36.7%) 201 (38.1%)

Trunk or severe defoliation 1159 (81.9%) 735 (82.7%) 430 (81.6%)

The comparison between the model development subset and the withheld evaluation
subset showed only minor differences in the analysed variables. The withheld subset
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had a slightly lower median height, median number of pine pixels within buffers, and
median pine fraction, but height, crown diameter, branch number, heavy stress, and severe
defoliation indicators remained highly comparable. This supports the use of the withheld
subset as an operationally relevant evaluation set for object-level seedling retrieval.

3.4. Point-Cloud Training Data and Model Configurations

The labelled point cloud was converted into model-ready training data using block-
based sampling. Model development followed an iterative configuration-testing procedure
in which trained models produced under different parameter settings were applied to
the complete point cloud and subsequently evaluated using the object-level workflow
described in Section 2.5.3. This procedure was used to assess how training parameters
affected seedling retrieval and commission-related responses. The objective was not to
identify a universally optimal parameter set, but to retain the configuration that provided
the highest practical recall for the pine-seedling class while avoiding excessive classification
of spectrally similar background vegetation.

For the baseline configuration, the 0.6 m block size provided the most suitable
spatial unit for representing the small seedling structures observed in the field while
retaining immediate local context. The observed point-count distributions showed
that the maximum number of points per block remained below approximately 12,000,
with most training and internal validation blocks concentrated between approximately
3000 and 8000 points (Figure 12). Based on this empirical distribution, the block point limit
was set to 16,000 points. This value provided a margin above the observed maximum and
avoided unnecessary subsampling of dense blocks, thereby preserving the native point
density of the photogrammetric reconstruction within each training sample.

Figure 12. Point-count distributions of the 0.6-m point-cloud blocks generated during training-data
preparation: (a) training subset and (b) internal validation subset. The x-axis represents the number
of points per block, and the y-axis represents the corresponding number of blocks.

Exploratory testing of batch size showed that this parameter influenced model be-
haviour beyond its role in controlling GPU memory use. While hardware constraints
defined the feasible range of batch sizes, the tested values also affected the model’s sensitiv-
ity to weak seedling signals and the degree of shrub-related misclassification. Smaller batch
sizes tended to increase sensitivity to weak or marginal seedling responses but also pro-
duced more frequent misclassification of spectrally similar shrub and herbaceous vegetation
as pine seedling. Larger batch sizes produced more conservative and stable classifications
but tended to suppress weaker seedling detections. The batch size of six blocks, therefore,
represented the best practical balance observed during model development, maintaining
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high object-level seedling retrieval while limiting shrub-related overprediction relative to
more sensitive configurations.

Model input consisted of three-dimensional point coordinates and the selected radio-
metric point attributes for the green, red, red-edge, and near-infrared bands. During model
development, internal validation recall for the pine-seedling class was evaluated alongside
validation precision and F1 score, while object-level recall and off-buffer detections were
assessed after completing point-cloud classification. This combination of internal validation
metrics and object-level evaluation enabled comparisons of configurations in terms of both
point-level learning behaviour and operational seedling retrieval.

Following baseline classification and evaluation, a refined model configuration was
developed to reduce residual shrub-related commission responses. Rather than being
trained as an entirely independent model, the refined model used the trained baseline model
as the starting checkpoint for further training. This retraining step incorporated visually
identified hard-negative shrub/background areas and broader background exposure within
the plantation-line domain. The refined configuration retained the same general model-
development structure and was evaluated using the same withheld plantation-line buffers
as the baseline model. Its purpose was to test whether targeted retraining from the high-
recall baseline model could reduce off-buffer false-positive detections while preserving as
much object-level seedling recall as possible. The main differences between the baseline
and refined model configurations are summarised in Table 5.

Table 5. Summary of baseline and refined model configurations.

Component Baseline Model Refined Model

Main objective Maximise seedling retrieval Reduce off-buffer commission detections

Positive class Class 64, pine seedling Class 64, pine seedling

Background class Class 0 Class 0, with a targeted
hard-negative background

Model input XYZ coordinates + green, red,
red-edge, and NIR attributes

XYZ coordinates + green, red, red-edge,
and NIR attributes

Training domain Model-development subset Model-development subset with
plantation-line/hard-negative refinement

Block size 0.6 m 1.0 m

Model selection emphasis Validation recall, with
precision/F1-score inspection

Omission–commission balance after
hard-negative refinement

Evaluation subset 527 withheld plantation-line buffers Same 527 withheld plantation-line buffers

3.5. Object-Level Seedling Retrieval Within Plantation-Line Buffers

Object-level seedling detection was assessed using the 527 withheld pine-centred
buffers located within plantation-line areas. A seedling was considered detected when at
least three points classified as pine seedling (Class 64) were found inside its corresponding
buffer. Buffers containing fewer than three Class 64 points were treated as omission
errors (2.5.3).

At the operational threshold of ≥3 classified points per buffer, the baseline model
detected 463 of the 527 withheld plantation-line buffers, corresponding to a recall of 0.88.
The refined model detected 444 buffers at the same threshold, corresponding to a recall
of 0.84. Detection performance decreased progressively as the point-count threshold
became stricter. For the baseline model, recall decreased from 0.89 at the ≥1-point threshold
to 0.83 at the ≥10-point threshold. For the refined model, recall decreased from 0.86 to 0.80
across the same threshold range. This response indicates that a proportion of the detected
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seedlings was represented by relatively sparse Class-64 point counts within the reference
buffers, consistent with the small size and limited structural expression of the target-
plantation seedlings. Object-level detection performance across the evaluated point-count
thresholds is summarised in Table 6.

Table 6. Object-level detection performance of the baseline and refined models within the plantation-
line withheld buffers across point-count thresholds.

Model Detection Threshold Reference Buffers TP FN Recall

Baseline ≥1 point

527

471 56 0.89

Baseline ≥3 point 463 64 0.88

Baseline ≥5 point 458 69 0.87

Baseline ≥10 point 438 89 0.83

Refined ≥1 point

527

454 73 0.86

Refined ≥3 point 444 83 0.84

Refined ≥5 point 438 89 0.83

Refined ≥10 point 422 105 0.80

The threshold comparison shows that the baseline model consistently retained more
detections than the refined model at the lower point-count thresholds. However, the differ-
ence between models narrowed as the threshold increased, with both models converging
at the ≥5 point threshold. This pattern indicates that the refined model primarily sup-
pressed weaker or more marginal detections, whereas seedlings, as represented by stronger
Class-64 point counts, were more consistently retrieved by both models. Commission-
screening results are reported separately because off-buffer detections were evaluated
using visual interpretation rather than the pine-centred buffer retrieval framework.

3.6. Off-Buffer Commission Screening

Commission-error behaviour was assessed by visually screening Class 64 detections
located outside the known pine-centred reference buffers but within the 1.2 m-wide
plantation-line evaluation domain. This analysis was performed separately from the
object-level retrieval assessment because off-buffer Class 64 detections may correspond
either to false-positive vegetation responses or to pine individuals not represented by the
reference-buffer dataset. Figure 13 shows the location of candidate off-buffer detections
across the analytical area and provides a close-up example of overlapping and model-
specific Class 64 responses within a plantation-line buffer.

Baseline model produced 243 off-buffer detections within plantation-line areas. Of
these, 218 were classified as false positives, 14 were classified as true positives in the
commission-screening context, and 11 remained uncertain after visual interpretation. False
positives represented 89.7% of the screened baseline-model candidate detections, while
visually confirmed pine detections outside the reference-buffer dataset represented 5.8%.
The remaining 4.5% were retained as uncertain cases.

The refined model produced 41 off-buffer detections within the same plantation-line
evaluation domain. Of these, 37 were classified as false positives, two were classified as
true positives in the commission-screening context, and two remained uncertain. False
positives, therefore, accounted for 90.2% of the screened refined-model candidates, while
true positives and uncertain detections each accounted for 4.9%.

Overall, the refined model reduced the total number of off-buffer detections
from 243 to 41, corresponding to an 83.1% reduction relative to the baseline model. The
number of visually confirmed false positives decreased from 218 to 37, corresponding to
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an 83.0% reduction. Of the 41 refined model candidate detections, 29 overlapped with
those identified in the baseline model, indicating that most of the remaining refined model
off-buffer detections corresponded to persistent candidate responses shared by both models.
These results indicate that the refined model did not represent a universal improvement
over the baseline model. Instead, it shifted model behaviour towards a more conservative
response, reducing off-buffer candidate detections and visually confirmed false positives
while increasing omission errors among known withheld seedlings. The relative changes
in off-buffer screening outcomes between the baseline and refined models are summarised
in Table 7.

Figure 13. Spatial distribution of off-buffer candidate detections within the plantation-line evaluation
domain, displayed over the multispectral orthomosaic. (a) Overview of baseline and refined model
off-buffer detections across the analytical area. (b) Close-up example showing baseline and refined
model Class 64 points outside pine buffers and within the plantation-line buffer.

Table 7. Relative change in candidate off-buffer detections from baseline to refined model.

Screening Outcome Baseline
Model

Refined
Model

Absolute
Change

Relative
Reduction

False Positives 218 37 −181 83%

Valid pine detections in
commission-screening context 14 2 −12 86%

Uncertain detections 11 2 −9 82%

Total Detections 243 41 −202 83%

3.7. False-Negative Characterisation and Detectability Limits

At the operational threshold of (T = 3), the baseline model omitted 64 of the 527 withheld
plantation-line buffers, while the refined model omitted 83. Most false negatives were
complete omissions rather than marginal detections below the operational threshold. In
the baseline model, 56 of the 64 false-negative buffers contained no Class 64 points, while
eight contained only one or two predicted Class 64 points. In the refined model, 73 of
the 83 false-negative buffers contained no Class 64 points, while 10 contained one or two
predicted Class 64 points.

To identify the seedling characteristics associated with omission errors, detected and
omitted records were compared within the withheld plantation-line evaluation subset
at the operational threshold of (T = 3). This analysis was performed separately for the
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baseline and refined models, enabling comparison of their detectability patterns within the
same reference-buffer framework. Continuous variables—seedling height, mean crown
diameter, number of branches, and vegetation fraction within the buffer—were summarised
using medians and interquartile ranges (IQRs) and compared using Mann–Whitney U
tests. Binary traits (height ≤ 20 cm, mean crown diameter ≤ 10 cm, absence of recorded
branches, vegetation fraction ≤ 0.15, heavy stress, and trunk or severe defoliation) were
analysed using Fisher’s exact tests. The statistical comparison between detected and
omitted seedlings for both model configurations is summarised in Table 8.

Table 8. Statistical comparison between detected and omitted seedlings within the withheld
plantation-line evaluation subset at the operational threshold of T = 3. Continuous variables are
reported as median [interquartile range]. Cliff’s delta (δ) is reported with positive values, indicating
higher values in detected seedlings. For binary variables, the odds ratio (OR) represents the odds of
omission associated with the presence of the trait.

Variable Baseline Detected
(n = 463)

Baseline Omitted
(n = 64)

Baseline Test
Result

Refined Detected
(n = 444)

Refined Omitted
(n = 83)

Refined Test
Result

Height [cm] 17.0 [12.0–21.5] 15.5 [11.0–18.0] p = 0.057;
δ = 0.147 17.0 [12.0–22.0] 16.0 [11.0–18.0] p = 0.011;

δ = 0.175

Mean crown
diameter [cm] 11.0 [8.5–13.5] 7.5 [6.0–9.1] p < 0.001;

δ = 0.543 11.0 [8.5–14.0] 7.5 [6.0–9.5] p < 0.001;
δ = 0.599

Number of
branches 0.0 [0.0–2.0] 0.0 [0.0–0.0] p < 0.001;

δ = 0.264 0.0 [0.0–2.0] 0.0 [0.0–0.0] p < 0.001;
δ = 0.257

Vegetation
fraction within

buffer
0.133 [0.078–0.203] 0.114

[0.067–0.175]
p = 0.274;
δ = 0.084

0.131
[0.077–0.197]

0.139
[0.066–0.197]

p = 0.983;
δ = 0.001

Height ≤ 20 cm 324/463 (70.0%) 53/64 (82.8%) OR = 2.07;
p = 0.038 306/444 (68.9%) 71/83 (85.5%) OR = 2.67;

p = 0.002

Mean crown
diameter ≤ 10 cm 193/463 (41.7%) 51/64 (79.7%) OR = 5.49;

p < 0.001 177/444 (39.9%) 67/83 (80.7%) OR = 6.32;
p < 0.001

No recorded
branches 290/463 (62.6%) 57/64 (89.1%) OR = 4.86;

p < 0.001 275/444 (61.9%) 72/83 (86.7%) OR = 4.02;
p < 0.001

Low vegetation
fraction ≤ 0.15 264/463 (57.0%) 39/64 (60.9%) OR = 1.18;

p = 0.591 259/444 (58.3%) 44/83 (53.0%) OR = 0.81;
p = 0.398

Heavy stress 174/463 (37.6%) 27/64 (42.2%) OR = 1.21;
p = 0.494 170/444 (38.3%) 31/83 (37.3%) OR = 0.96;

p = 0.903

Trunk or
severe defoliation 391/463 (84.4%) 39/64 (60.9%) OR = 0.29;

p < 0.001 372/444 (83.8%) 58/83 (69.9%) OR = 0.45;
p = 0.005

The statistical comparison between detected and omitted seedlings showed that omis-
sion errors were primarily associated with reduced horizontal crown development and
limited branch structure. For both models, omitted seedlings had smaller mean crown diam-
eters than detected seedlings. The median crown diameter of omitted seedlings was 7.5 cm
in both the baseline and refined models, compared with 11.0 cm for detected seedlings.
This difference was associated with large effect sizes and strong statistical support in both
configurations. Seedlings with a mean crown diameter ≤ 10 cm had 5.49 times higher odds
of omission in the baseline model and 6.32 times higher odds in the refined model.

Branch development also influenced detectability. Branchless seedlings are nearly five
times more likely to be omitted by the baseline model than those with branches (OR = 4.86)
and four times in the refined model (OR = 4.02). Height showed a weaker, less-consistent
relationship with omission: it was not statistically significant in the baseline model and
was significant in the refined model, with a small effect size. Vegetation fraction within the
buffer and heavy-stress status did not differ significantly between detected and omitted
seedlings in either model. Although trunk or severe defoliation differed significantly, the
relationship was inverse: seedlings assigned to this category had lower omission odds.
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Therefore, this variable was not interpreted as a primary cause of missed detections. Overall,
the most consistent detectability constraints were small crown diameter and absence of
recorded branch development.

4. Discussion
This study addresses a particularly demanding remote-sensing problem: the detection

of recently planted Pinus pinaster seedlings that are small, structurally ill-defined and
embedded within spectrally similar coastal-dune vegetation. Rather than evaluating tree
detection in the context of well-developed crowns, the workflow tested whether centimetre-
resolution multispectral photogrammetric point clouds could support object-level retrieval
of early-stage seedlings under realistic plantation-monitoring conditions. The results
indicate that transformer-based point-cloud classification can retrieve a high proportion
of field-mapped seedlings within plantation-line buffers, but they also show that model
performance is governed by a clear trade-off between sensitivity to weak seedling signals
and suppression of shrub-related false-positive responses.

The main contribution of the study is therefore not only the achieved recall, but the
characterisation of the operational limits of seedling detectability. The baseline model
demonstrated the workflow’s capacity to prioritise seedling retrieval, whereas the refined
model showed that hard-negative retraining from the baseline checkpoint can substantially
reduce off-buffer candidate detections, with increased omission of less evident seedlings.
False-negative analysis further showed that missed detections were not randomly dis-
tributed across the seedling population but were mainly associated with reduced crown
diameter and absence of recorded branch development. These findings indicate that, for
very young P. pinaster seedlings, horizontal crown expression and local structural complex-
ity are more important for UAS point-cloud detectability than height alone or buffer-level
vegetation abundance.

The following discussion interprets these findings in relation to previous UAS-based
seedling-detection studies, the quality and limitations of field-derived reference buffers,
the omission–commission trade-off between the baseline and refined models, and the
operational implications of using multispectral point-cloud deep learning for early-stage
plantation monitoring.

4.1. Detection of Early-Stage Seedlings in Structurally Complex Coastal Vegetation

The detection task addressed in this study differs from many tree-detection applica-
tions focused on mature or well-developed crowns. The target population consisted mainly
of recently planted seedlings, most of which were below 20 cm in height and had limited
crown diameter and branch development. This represents a particularly demanding object-
detection problem because the target individuals occupy only a small spatial footprint
and may share spectral and structural characteristics with surrounding herbaceous and
shrubby vegetation.

These results are consistent with previous studies identifying seedling detection as
a persistent challenge in UAS-based forest monitoring. Feduck et al. [6], Jayathunga
et al. [8], and Poudel and Bevilacqua [16] reported the value of UAS imagery for seedling
mapping, but also highlighted limitations associated with small target size, background
vegetation, and site-specific variability. Finn et al. [10] specifically emphasised the difficulty
of identifying pine seedlings because of their small canopy footprint and spectral similarity
to surrounding ground vegetation. The present study extends this line of work by showing
that a multispectral point-cloud workflow can retrieve a high proportion of field-mapped
seedlings under real plantation conditions, while also explicitly characterising the types of
individuals that remain difficult to detect.
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The use of multispectral point-cloud attributes is relevant in this context because the
model can exploit both spatial neighbourhood relationships and reflectance information.
Point Transformer V3 is designed to process irregular point-cloud data and model local
spatial relationships using attention-based mechanisms [18,61]. In this study, that capability
was relevant because seedlings were not represented as large, continuous objects but
as small, sometimes fragmented clusters of vegetation points embedded in a complex
background. However, considering the image pixel size used to produce the high-density
point cloud, the results also show that even high-density multispectral point clouds have a
practical detectability limit when the target crown is very small or poorly developed.

4.2. Field Reference Quality and Implications for Seedling-Centred Evaluation

Accurate field data were central to this workflow because model training and evalua-
tion depended on pine-centred buffers derived from GNSS positions and field-measured
crown dimensions. The positional uncertainty remains meaningful relative to the size of
the target seedlings. Many target seedlings had mean crown diameters close to 10 cm or
less. Therefore, even centimetre-level horizontal differences may influence the number of
classified points falling inside a small buffer. The buffer design, which incorporated crown
dimensions and an additional radial margin, was therefore essential to reducing the risk
of valid seedling points being excluded solely due to the GNSS or photogrammetric accu-
racy. This is particularly important in early-stage seedling detection, where the difference
between a true positive and a false negative may depend on only a few classified points
inside a small object-centred buffer.

The object-level evaluation also provided a more operationally meaningful assessment
than point-wise accuracy alone. Point-wise semantic accuracy can be misleading in strongly
imbalanced point-cloud datasets, where the background class dominates the total number
of points [57,59]. By evaluating whether each field-mapped seedling buffer contained
a minimum number of predicted pine-seedling points, the analysis focused directly on
whether individual seedlings could be retrieved. This aligns with the intended monitoring
objective, in which managers need to know whether planted individuals are present or
absent, rather than only whether individual points are correctly classified.

At the same time, the buffer-retrieval assessment primarily quantified omission error
because all reference objects in the calculation were known seedling locations. For this
reason, conventional precision and F1 score were not treated as primary performance
indicators in the object-level buffer evaluation. Commission-error behaviour was instead
assessed through a separate off-buffer screening procedure. This separation is methodolog-
ically important because off-buffer predictions can include both false-positive vegetation
responses and valid pine detections that were absent from, or not correctly represented by,
the field survey dataset.

4.3. Baseline and Refined Model Behaviour

The comparison between the baseline and refined models should be interpreted in
the context of the iterative model-development procedure used in this study. The baseline
model was not the result of a single predefined training run, but of repeated configuration
testing in which trained models were applied to the complete point cloud and evaluated
using the same object-level buffer-retrieval workflow. This procedure was necessary be-
cause the detection problem was highly imbalanced: pine-seedling points constituted a
small minority class embedded within a dominant, spectrally complex background. In
such conditions, model assessment based only on global point-wise accuracy can be mis-
leading, and recall-oriented evaluation is often more informative for assessing rare-target
retrieval [22,23].
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The selected baseline configuration, therefore, reflected the best practical compromise
observed during this iterative process for maximising seedling retrieval. The 0.6-m block
size was retained because it was large enough to capture most seedling structures and
their immediate spatial context, yet small enough to avoid excessive inclusion of adjacent
background vegetation.

Batch size should therefore be not only a hardware-constrained parameter, but also a
methodological factor influencing optimisation behaviour and model sensitivity. Although
GPU memory defined the maximum feasible number of blocks processed per iteration, the
selected batch size affected the stochasticity of gradient estimation, the stability of model
convergence, and the balance between sensitivity to the minority pine seedling class and
suppression of background responses [57–59]. In the present point-cloud workflow, smaller
batch sizes appeared to increase sensitivity to weak or marginal seedling signals but also
increased misclassification of spectrally similar shrub and herbaceous vegetation as pine
seedling. Larger batch sizes produced more stable and conservative classifications but
tended to suppress weaker seedling responses. A batch size of six blocks was therefore
retained not simply because it was computationally feasible, but because it provided the
most favourable practical balance observed during iterative model development between
seedling retrieval and control of shrub-related overprediction.

The class-of-interest configuration further contributed to the baseline model behaviour.
By explicitly defining Class 64 as the class of interest, the baseline model prioritised
learning the minority pine-seedling class. This was appropriate and necessary for the first
modelling stage because the operational priority was to minimise omission errors and
to determine whether the multispectral point-cloud representation could retrieve field-
mapped seedlings within plantation lines. However, this sensitivity also increased the risk
that spectrally similar vegetation would be classified as pine seedling, particularly where
shrub or herbaceous vegetation presented local reflectance and structural patterns similar
to small pine crowns. The baseline model, therefore, achieved the highest object-level recall,
detecting 463 of the 527 withheld plantation-line buffers at the operational threshold, but
also produced a larger number of off-buffer candidate detections.

The refined model was developed in response to this residual commission-related
behaviour. Rather than representing an independent alternative model, it was generated
through additional training from the trained baseline checkpoint. This strategy preserved
the seedling-detection capability learned by the baseline model while introducing addi-
tional information about difficult background cases. Visually identified shrub/background
regions from the baseline output were used as hard-negative examples, and broader
background exposure was introduced within the plantation-line domain. Hard-negative
mining and related refinement strategies are commonly used in detection workflows to
expose the model to difficult non-target examples that were previously confused with the
target class [60]. In this study, the same principle was applied to reduce shrub-related
pine-seedling responses in the point-cloud classification output.

The behavioural change between models is therefore methodologically coherent. The
refined model reduced total off-buffer candidate detections from 243 to 41 and visually con-
firmed false positives from 218 to 37, indicating that hard-negative retraining substantially
constrained the model response to shrub-like background vegetation. However, this also
reduced object-level recall from 88% to 84%, resulting in 19 additional omitted seedlings
compared with the baseline model. This indicates that some weak but valid seedling
detections shared spectral–structural characteristics with the hard-negative background
examples introduced during refinement. Consequently, the refined model became more
conservative: it suppressed many false-positive shrub responses, but also removed some
marginal seedling responses that the baseline model had retained.
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This reduction in off-buffer false-positive burden should not be described as conven-
tional precision in the strict object-detection sense, because precision was not calculated
from a complete set of explicit non-pine reference objects. Instead, the refined model im-
proved operational specificity within the plantation-line domain by reducing the number
of candidate detections requiring visual inspection or field verification. The comparison
between models reflects an omission–commission trade-off rather than a simple improve-
ment or degradation in model quality. If the operational objective is to maximise seedling
retrieval and minimise missed seedlings, the baseline model is preferable. If the objective is
to reduce false-positive screening effort while retaining most known seedlings, the refined
model is more appropriate.

The commission-screening results also show why off-buffer detections should not
automatically be interpreted as false positives. Both models detected visually identifi-
able pine individuals outside the field buffer dataset, suggesting that some off-buffer
Class 64 clusters may represent unreferenced seedlings or natural regeneration. This rein-
forces the methodological decision to separate object-level recall assessment from off-buffer
commission screening. It also shows that model outputs can be used not only as final clas-
sifications, but also as diagnostic layers for identifying potential gaps in the field inventory
and for guiding targeted verification in complex plantation environments.

4.4. Detectability Limits and Characteristics of False-Negative Seedlings

The false-negative analysis provided insight into the field conditions under which the
workflow failed to retrieve known seedlings. Across both baseline and refined models,
omission errors were primarily associated with reduced horizontal crown development and
limited branch structure. Omitted seedlings had a median mean crown diameter of 7.5 cm
in both models, compared with 11.0 cm for detected seedlings. Seedlings with a mean
crown diameter ≤ 10 cm had substantially higher odds of omission in both the baseline and
refined models. Similarly, branchless seedlings had markedly higher omission odds in both
configurations. This result indicates that the practical detectability limit was driven mainly
by the degree of crown expression represented in the multispectral point cloud. Seedlings
with small crowns and no recorded branches probably generated fewer distinctive point
clusters and less consistent spectral–spatial patterns, making them harder to distinguish
from sand, litter, herbaceous vegetation, or low shrub components. This is consistent with
the ecological and remote-sensing context of young Pinus pinaster plantations in coastal
dunes, where seedlings may be sparse, partially stressed, and embedded in spectrally
similar ground vegetation.

The association between crown diameter and omission should be interpreted with
caution because the evaluation buffer radius was derived from measured crown diam-
eter (2.4.1). Seedlings with larger crowns were represented by larger buffer areas and
therefore had a greater spatial opportunity to contain the minimum number of predicted
Class 64 points required for detection. However, because buffer radii were derived from
field-measured crown dimensions, this evaluation effect is intrinsically linked to actual
seedling size and to the weaker structural and spectral–spatial representation expected for
smaller seedlings in a photogrammetric point cloud. Consequently, the crown-diameter
effect partly reflects the adopted buffer-based retrieval rule and cannot be interpreted
solely as an independent biophysical limitation of the model. Nevertheless, the consistent
association between omission and both smaller crown-derived buffer areas and absence
of recorded branch development indicates that weak above-ground structural expression
constrained seedling retrieval in this dataset.

Seedling height exhibited a weaker and less-consistent relationship with omission
errors. It was not statistically significant in the baseline model but significant in the
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refined model. This suggests that height alone was less informative than horizontal crown
development and branch structure. In very young seedlings, vertical expression may be
too limited to produce a reliable photogrammetric or point-cloud signal, especially when
the surrounding vegetation and microtopography introduce similar local height variability.
Vegetation fraction within the buffer and heavy-stress status did not differ significantly
between detected and omitted seedlings in either model, indicating that overall buffer-level
vegetation abundance and broad stress classification were not the main drivers of omission.
Although trunk exposure or severe defoliation differed significantly, the relationship was
inverse: highly defoliated seedlings had lower omission odds. Therefore, this condition
was associated with enhanced detection rather than missed records, meaning this trait
cannot be considered a driver of missed records within this dataset.

The comparison between models further supports the interpretation that omission
was not random. Many false negatives were complete omissions, with no predicted
Class-64 points within the corresponding buffer, rather than marginal detections that fell
just below the operational threshold. Lowering the detection threshold would therefore
recover only a small proportion of omitted seedlings. The additional omissions introduced
by the refined model are likely due to its more conservative response after hard-negative
retraining, which suppressed some weaker detections and shrub-related false positives.
This reinforces the interpretation that detectability depends on the interaction between
seedling morphology, background complexity, and model sensitivity.

4.5. Contribution of Multispectral Point-Cloud Classification

The workflow presented here contributes to seedling-monitoring research by com-
bining centimetre-resolution multispectral UAS data, field-derived object buffers, point-
cloud semantic labelling, and transformer-based classification. Most UAS-based seedling-
detection studies rely primarily on RGB or multispectral raster imagery, object-based image
analysis, convolutional neural networks, or spectral–spatial image processing [6,8,10,16].
In contrast, this study used radiometric-calibrated multispectral point cloud as the deep-
learning input, allowing the model to operate on irregular three-dimensional point struc-
tures with associated spectral attributes.

This representation is relevant because early-stage seedlings may not be adequately
represented as continuous image objects. By preserving point-level geometry and spectral
attributes, the multispectral point cloud provides a way to model small local structures and
their surrounding context. The results suggest that this representation can support high
seedling retrieval under operational plantation conditions, particularly when evaluation is
performed at the object-level using field-derived reference buffers.

The iterative model-development process also provides useful methodological insight.
The retained baseline configuration resulted from repeated evaluation of trained models
generated under different parameter settings, including block size, batch size, and class-
of-interest configuration. The 0.6-m block size and batch size of six represented the best
practical baseline configuration among the tested alternatives, balancing seedling sensitivity
with control of shrub-related misclassification. The refined model then used the baseline
model as a starting checkpoint and introduced hard-negative background samples to reduce
commission-related responses. This sequence is relevant for operational remote-sensing
applications because it shows that parameter tuning and model refinement should be
interpreted in relation to the monitoring objective, rather than as a search for a universally
optimal model.

The results also highlight the importance of spatially constrained evaluation. By
focusing object-level recall on withheld buffers within plantation-line areas, the evaluation
addressed the operational question of whether planted seedlings could be retrieved where
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they were expected to occur. At the same time, off-buffer screening within the plantation-
line domain provided a complementary assessment of commission-related responses. This
distinction is particularly important in managed plantations, where planting geometry
provides strong prior information, but natural regeneration, shrubs, and residual vegetation
may still produce ambiguous detections.

4.6. Operational Implications for Plantation Monitoring

From an operational perspective, the workflow is directly relevant to early-stage
plantation assessment. A baseline recall of 0.88 indicates that the model can retrieve a high
proportion of field-mapped seedlings within plantation-line buffers. Such a configuration
may be useful when the cost of missing seedlings is high, for example when estimating
survival, identifying planting gaps, or planning targeted field verification. However, the
higher number of off-buffer candidate detections produced by the baseline model would
require additional visual filtering or field inspection.

The refined model offers a more conservative alternative. Although object-level
recall decreased to 0.84, the number of off-buffer candidate detections decreased by more
than 80%. This reduction may be valuable in operational contexts where the number of false
alerts must be controlled and where field verification resources are limited. In practical
terms, the refined model may support more efficient field verification by reducing the
number of candidate locations requiring inspection, while still retrieving most known
plantation-line seedlings.

The choice between models should therefore depend on the monitoring objective.
A high-recall configuration is more appropriate for broad candidate identification and
omission-sensitive monitoring. A refined, more conservative configuration is more appro-
priate when the main objective is to reduce false-positive burden and prioritise a smaller set
of candidate detections for verification. In both cases, the workflow should be interpreted
as a decision-support approach rather than a complete replacement for field assessment. Its
greatest operational value may lie in directing field effort towards likely seedling locations,
suspected omissions, ambiguous detections and areas where plantation establishment is
spatially uneven.

4.7. Limitations and Future Work

Several limitations should be considered when interpreting these results.
First, the workflow was evaluated within a single coastal plantation and under the

acquisition conditions of one UAS survey. Although the dataset included substantial
local heterogeneity, broader validation across sites, seasons, plantation ages, and back-
ground vegetation conditions is required to assess transferability. Seasonal variation may
be particularly important because pine seedlings and surrounding vegetation can show
different phenological trajectories, potentially improving or reducing spectral separability
depending on acquisition timing [14,15].

Second, the model-development process involved iterative evaluation of alternative
trained configurations using the withheld plantation-line buffer framework. This was
appropriate for identifying the most useful configuration for the present operational ob-
jective, but the resulting performance should be interpreted as an object-level evaluation
within this study domain rather than as a fully independent external validation. The
527 evaluation seedlings were withheld from model training and were not introduced as
either positive or negative training examples. Although they remained physically present
in the dense point cloud as Class 0, they were excluded from the exported model-training
samples through the class-of-interest setting in the baseline model and through filter blocks
by class code set to Class 64 during refined-model training-data preparation. Future work
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should include an additional independent test area or a separate acquisition date to more
robustly assess generalisation.

Third, the evaluation relied on pine-centred buffers derived from field measurements
and GNSS positions. Although receiver comparison, independent checkpoint assessment,
and photogrammetric control support centimetre-level accuracy, the target seedlings were
extremely small. Minor positional offsets, irregular crown geometry, or imperfect buffer
placement may still influence point-count-based detection outcomes. In addition, because
buffer radii were derived from measured crown diameter, seedlings with larger crowns
were evaluated using larger search areas. The association between crown diameter and
omission may therefore partly reflect the adopted buffer-based retrieval rule, in addition
to true differences in seedling detectability. However, because buffer radius was based
on field-measured crown dimensions, this effect is also linked to actual seedling size and
to the reduced number of reconstructed vegetation points expected for smaller, weakly
developed seedlings in a photogrammetric point cloud. This limitation is inherent to
object-level evaluation of very small vegetation targets and should be addressed in future
work through repeated field positioning, refined crown delineation, fixed-radius sensitiv-
ity analysis, centre-distance matching, probabilistic buffer designs or direct object-level
crown annotations.

Fourth, the commission-error assessment was based on off-buffer candidate screening
within the plantation-line domain, rather than on a complete set of explicit non-pine
reference objects across the landscape. This approach was suitable for characterising
operational false-positive responses, but does not provide a conventional landscape-wide
precision estimate. Future studies should incorporate explicit negative-reference samples,
systematic object annotations of non-pine objects, or independent field verification of
candidate detections to more fully quantify commission error.

Fifth, although the refined model substantially reduced off-buffer detections, it also
increased omission errors among known seedlings. Future refinements should explore
approaches that reduce false positives without suppressing weak but valid seedling de-
tections. Potential strategies include active learning using visually verified commission
detections, more targeted hard-negative sampling, multi-date inputs to exploit pheno-
logical differences, integration of higher-resolution RGB-derived texture and object-level
post-processing based on plantation-line geometry, and local crown morphology.

Finally, the workflow was developed in a commercial GIS and deep-learning environ-
ment. This improves accessibility for practitioners using ArcGIS Pro but may limit direct
reproducibility in open-source environments. Future work could replicate the workflow
using open-source point-cloud deep-learning frameworks and compare model behaviour
across point-based and hybrid raster–point-cloud approaches.

Taken together, these limitations indicate that the proposed workflow should be
interpreted as an operationally promising but context-dependent approach for early-stage
seedling monitoring. Its performance depends not only on model architecture, but also on
field reference quality, seedling morphology, plantation geometry, background vegetation
complexity, point-cloud density, reconstruction quality, buffer geometry, and the selected
balance between omission and commission errors.

5. Conclusions
This study demonstrated that UAS-derived radiometrically calibrated multispec-

tral photogrammetric point clouds combined with Point Transformer V3 can support
object-level detection of early-stage Pinus pinaster seedlings in a heterogeneous coastal-
dune plantation. The proposed workflow integrated RTK-based field mapping, seedling-
centred buffer construction, spectral conditioning, point-cloud semantic labelling, iterative
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model development, and object-level evaluation of withheld field-mapped seedlings within
plantation-line areas.

The baseline model achieved high seedling retrieval, detecting 463 of 527 withheld
plantation-line buffers at the operational threshold of at least three predicted pine-seedling
points per buffer, corresponding to a recall of 88%. This confirmed the multispectral point-
cloud approach’s capacity to retrieve small, recently planted seedlings under complex
field conditions. However, the baseline model also produced an elevated rate of off-buffer
detections, reflecting its greater sensitivity to weak seedling-like signals and spectrally
similar background vegetation.

The refined model, produced through additional training on the baseline model, in-
troduced hard-negative shrub/background examples and broader background exposure,
reducing off-buffer candidate detections from 243 to 41 and visually confirmed false posi-
tives from 218 to 37. This represented an 83% reduction in the operational false-positive
burden within the plantation-line domain. The reduction was achieved at the cost of
lower object-level recall, with the refined model detecting 444 of 527 withheld buffers,
corresponding to 84% recall. These results indicate that hard-negative refinement can
effectively constrain shrub-related commission responses but may also suppress marginal
seedling detections.

False-negative analysis showed that omission errors were mainly associated with
reduced crown-level structural expression. Omitted seedlings had smaller mean crown
diameters and were more frequently branchless than detected seedlings, whereas height,
buffer-level vegetation fraction, and heavy-stress status were not consistent explanatory
factors. This indicates that, for very young P. pinaster seedlings, horizontal crown devel-
opment and branch structure are more relevant to UAS point-cloud detectability than
height, surrounding vegetation density, or health status. This suggests that the model relies
primarily on the horizontal spatial footprint and branching architecture to identify targets,
making its detection capability robust against variations in seedling height, background
vegetation density, and stress-induced changes in foliage.

Overall, the study supports the use of multispectral point-cloud deep learning as a
decision-support tool for early-stage plantation monitoring. The workflow is particularly
relevant where planted seedlings are expected along defined plantation lines and where
model outputs can be used to prioritise field verification. The results also show that model
configuration should be selected according to the monitoring objective: the baseline model
is preferable when minimising omission errors is the priority, whereas the refined model is
preferable when reducing false-positive verification effort is more important. Future work
should test the workflow across additional sites, acquisition dates, seedling age classes
and seasonal vegetation conditions, and should include independent validation areas and
explicit negative reference samples to further quantify generalisation and commission-
error behaviour.
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