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Abstract: Unmanned aerial vehicle (UAV) is increasingly used for individual tree crown detection and
segmentation; however, performance remains limited in structurally heterogeneous stands due to crown
overlap and variable crown geometry. This study evaluates and compares three advanced deep learning
approaches for individual tree crown detection and segmentation from orthophoto RGB imagery in Pi-
nus kesiya plantations, including YOLOv8m-Seg, YOLOv11m-Seg, and an integrated YOLOv12m-SAM?2
framework. The optimal model is subsequently selected to derive individual tree attributes by integrat-
ing LiDAR data and orthophoto RGB imagery. The results revealed significant differences in performance
among the evaluated models. YOLOv11m-Seg framework achieved the highest detection performance, with
mAP50 = 0.62 (0.59-0.64), mAP50-95 = 0.290 (0.287-0.294), and an F1-score of 0.61 (0.58-0.63), indi-
cating accurate localization of tree crowns. For the segmentation task, the model achieved F1-score = 0.59
(0.56-0.61), mAP50 = 0.60 (0.58-0.62), and mAP50-95 = 0.26 (0.25-0.27), outperforming YOLOv12m
+ SAM2 and YOLOv8m-Seg at the IoU > 0.5 threshold. Finally, the accuracy of individual tree attribute ex-
traction from LiDAR data and RGB imagery using YOLOv11m-Seg was validated through comparison with
ground measurements. The results showed a higher agreement between reference data and UAV-LiDAR
data for tree height than for crown diameter with R? values ranging from 0.85 to 0.93 for tree height and
from 0.58 to 0.86 for tree crown diameter. Overall, the findings suggest that YOLOv11m-Seg provides a
reliable approach for extracting individual tree attributes from UAV-LiDAR data in Pinus kesiya plantations.
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Introduction

Forests play a vital role in climate regulation and
the global carbon cycle (Hurteau, 2021; Psistaki et
al., 2024). In recent decades, natural forests have
been severely degraded by war, natural disasters,
and land-use conversion, leading to a significant de-
cline in their extent and ecological functions (Dang,
2022; Hallaj et al., 2024; Ullah, 2025). In this con-
text, plantation forests not only provide timber re-
sources but also contribute substantially to carbon
sequestration and climate regulation (Di Sacco et
al., 2021). Well-managed plantation forests can par-
tially compensate for the loss of natural forests by
enhancing carbon storage and supporting climate
change mitigation efforts (Diao et al., 2022; Wang
et al., 2025). In plantation forest management, the
assessment of economic and environmental bene-
fits, such as timber yield and carbon sequestration
capacity, is an essential tasks. Accurate and efficient
methods for estimating wood production and carbon
stocks are therefore critical for improving plantation
forest management and decision-making (Baskent
et al.,, 2025; Hua et al., 2025; Suarez-Fernandez et
al., 2025). Indeed, the carbon stored in a tree can
be estimated using allometric equations that relate
biomass to structural attributes such as species, tree
height, and diameter at breast height (Jucker et al.,
2022). However, conventional field-based meas-
urements are labor-intensive, time-consuming, and
often limited by terrain accessibility (Jurjevi¢ et al.,
2020; Kim et al., 2024; Xin et al., 2025). Accurate-
ly measuring tree height is particularly challenging
in closed-canopy forests, as dense and overlapping
crowns often obscure treetop; in many cases, only
lateral branches are visible from the ground, leading
to systematic underestimation (Laurin et al., 2019;
Saliu et al., 2021).

In recent years, unmanned aerial vehicle (UAV)
platforms equipped with LiDAR sensors and high-res-
olution optical cameras have emerged as powerful
tools for acquiring detailed three-dimensional infor-
mation on forest structure (Bumbdlek et al., 2025; Fu
et al., 2024; Marcello et al., 2024; Wang et al., 2025).
Individual tree identification is a fundamental com-
ponent of modern forest inventories, enabling more
accurate estimation of stem volume, above-ground
biomass, and carbon stocks, while also supporting
biodiversity conservation, forest health monitoring,
and sustainable forest management (Satama-Bermeo
et al., 2025; Sengun et al., 2025a). UAV-LiDAR en-
ables precise characterization of canopy height and
vertical structure, whereas optical imagery provides
fine spatial detail for delineating individual tree
crowns. However, the reliable extraction of individ-
ual tree attributes from these datasets remains chal-
lenging, particularly in dense, heterogeneous-canopy

forests (Dersch et al., 2023; Nikitina, 2024; Rahman
et al., 2025; Zhao et al., 2023).

To address these challenges, many countries have
increasingly adopted machine learning (ML) to de-
velop automated systems, robots, and decision-sup-
port tools that assist humans in forest resource mon-
itoring and management (Abbas & Damasevicius,
2025). In particular, deep learning (DL) has demon-
strated outstanding performance in object detec-
tion and instance segmentation tasks, and is being
increasingly applied in forestry-related research and
operational applications (He et al., 2025; Mendes et
al., 2023; Reisi Gahrouei et al., 2024; Wolk & Tat-
ara, 2024). Models such as You Only Look Once
(YOLO) enable rapid detection of individual trees.
In contrast, the Segment Anything Model (SAM) has
demonstrated strong generalization capabilities, en-
abling flexible and data-efficient segmentation (Ali &
Zhang, 2024; Dong et al., 2024; Pandey et al., 2023;
Que et al., 2026; Ramos & Sappa, 2025). Combin-
ing object detection and segmentation models (e.g.,
YOLO + SAM) offers new opportunities to improve
the accuracy of tree crown extraction (Cabral et al.,
2025; Teng et al., 2025).

Pinus kesiya, a dominant plantation species in
cooler and drier montane regions, particularly in the
Central Highlands of Vietnam, plays a crucial role
in timber production and the provision of ecosys-
tem services. Despite its importance, there has been
limited research on the application of deep learning
and UAV-LiDAR data for automated extraction of
tree attributes, aimed at improving the efficiency of
timber volume estimation, carbon stock assessment,
and structural characterization of this species in Vi-
etnam. Therefore, this study aims to (1) compare
the accuracy, stability, and reliability of three deep
learning architectures (YOLOv8m, YOLOv11m, and
YOLOv12m-SAM?2) for tree detection and crown seg-
mentation; (2) assess the accuracy of tree attribute
extraction derived from UAV-LiDAR data by com-
paring them with field measurements across different
stand conditions. The proposed framework provides
a cost-effective, scalable solution for semi-automatic
forest inventory and advances the application of deep
learning and UAV-LiDAR for extracting stand char-
acteristics, thereby supporting carbon estimation for
Pinus kesiya plantations in Vietnam.

Material and methods

Study site and data collection

The study area is located within Pinus kesiya plan-
tation forest in La Ba Co., Ltd., Don Duong District,
Lam Dong province. The study area extends from
11.72°-11.74°N and 108.46°-108.49°E (Fig. 1). In
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this study, UAV-LiDAR data were collected on No-
vember 25, 2023, using the DJI Matrice 300 RTK
with a Zenmuse L1 camera, at a flight altitude of ap-
proximately 100 m in autonomous mode. The cam-
era was oriented in a nadir (vertical) position, with
forward and side overlaps both set to 80% to ensure
sufficient image coverage for orthophoto generation.
The Zenmuse L1 is an all-in-one aerial mapping sen-
sor that integrates a LIDAR module, an RGB camera,
and a high-precision IMU. The sensor supports up to
three returns, enabling double and triple echoes that
can increase the point density to as much as 240,000
points per second. LIDAR module has a maximum
detection range of 450 m under 80% reflectivity at
0 klx, and 190 m under 10% reflectivity at 100 klx.
During UAV-LiDAR data preprocessing, the
LiDAR point cloud (~236 pts/m?) was first clas-
sified into ground and non-ground returns using a
progressive TIN densification filtering algorithm im-
plemented in LiDAR 360 (version 5.4). The Trian-
gulated Irregular Network (TIN) interpolation meth-
od was subsequently applied to the classified points
to generate the Digital Elevation Model (DEM) and
Digital Surface Model (DSM). The grid resolution
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was defined by the XSize and YSize parameters, both
set to 0.05 m, representing the sampling interval of
the output raster. Finally, a Canopy Height Model
(CHM) was derived by subtracting the DEM from
the DSM using raster differencing.

The photo datasets were processed in Agisoft
Metashape (version 2.2.3) following a standard pho-
togrammetric workflow. Images were aligned using
high accuracy, with generic and reference pair prese-
lection enabled. Dense point clouds were generated
using high quality and mild depth filtering. A Digi-
tal Surface Model (DSM) was then created from the
dense cloud, and the orthomosaic was generated us-
ing mosaic blending mode with surface-based pro-
jection. All outputs were referenced to the projected
coordinate system EPSG:5899. The final orthophotos
had a spatial resolution of approximately 0.03 m per
pixel. The orthomosaic of the study area was then
divided into 598 separate image tiles, each with a
resolution of 716 X 716 pixels. From these, 170 tiles
containing the occurrence of Pinus kesiya were se-
lected for tree-crown delineation. Of these, 167 tiles
were used to develop the tree-crown segmentation
models, while 3 tiles corresponding to three 500 m?
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Fig. 1. Study area and datasets (A: The location of the study site; B: UAV RGB images)
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sample plots (22.4 m x 22.4 m) were used to test the
accuracy of the deep learning-based tree-crown seg-
mentation. Three sample plots were selected within
an experimental thinning site to represent different
stand densities and spatial tree distributions result-
ing from thinning treatments. This design enables
evaluation of model performance under varying for-
est structural conditions.

After UAV image acquisition, we conducted 3
sampled plots of 500 m? (22.4 m X 22.4 m) to col-
lect forest stand characteristics, including the po-
sition, height and crown width of each tree in the
sampled plot. The geographic positions of individual
trees were measured using a Geomate SG20AR RTK
GNSS system. Dense forest canopy conditions made
it difficult to receive sufficient GNSS signals for ac-
curate positioning. However, in this study, the meas-
urements achieved an accuracy of better than 20 cm.
Tree height was measured using different approaches
depending on crown visibility. When the tree apex
was clearly visible, total tree height was measured
directly by LaserTech Criterion RD 1000. Converse-
ly, the apex was obscured by overlapping canopies,
field operators used a laser rangefinder from a nearby
position, aiming the laser beam at upper branches
or foliage to estimate tree height. The crown lengths
of each tree in the north-south (N-S) and east-west
(E-W) directions were measured with a tape along
the trunk in both perpendicular directions. Based
on these measurements and field observations, the
crown shape was sketched on lined paper follow-
ing the guidelines of (Davis & Richards, 1933). The
sketched crown shapes were then digitized into pol-
ygon shapefiles (SHP) in Qgis 3.44 for use as refer-
ence data in model evaluation.

Instance-segmentation annotations were manual-
ly delineated for each individual tree crown across
167 image tiles using Roboflow. Crown boundaries
were defined based on visual interpretation of UAV
RGB imagery, following a consistent annotation pro-
tocol. To ensure annotation quality, all annotators
were trained using the same guidelines. In cases
where tree crowns were clearly separated, bounda-
ries were delineated along visible crown edges. For
overlapping canopies, crown delineation was guided
by crown apex position, texture, and color differenc-
es in the RGB imagery, and further supported by Li-
DAR-derived data, including the canopy height mod-
el (CHM) and point cloud structure, to distinguish
adjacent trees. No automated or Al-assisted annota-
tion methods were applied. In total, 1623 individual
tree crowns were annotated.

Methods used

In the first step, we employed multiple deep
learning architectures for individual tree detection

and crown segmentation from UAV imagery, in-
cluding YOLOvS8, YOLOv11, and a hybrid YOLO +
SAM approach. In this study, we employed the me-
dium-scale (m) variants of YOLOvS8, YOLOv11, and
YOLOv12. The model was trained for 150 epochs
with a batch size of 16 and an input image resolu-
tion of 640 x 640 pixels. Training was performed
using stochastic gradient descent optimization with
an initial learning rate of 0.01, momentum of 0.937,
and weight decay of 0.0005. A cosine learning rate
schedule was not applied, and early stopping was im-
plemented with a patience of 100 epochs. The loss
function followed the default YOLO segmentation
formulation, combining bounding box regression,
classification, and distribution focal loss components.
Automatic mixed precision (AMP) was enabled to
improve computational efficiency. The “m” configu-
ration represents a balanced model size in the YOLO
family, providing a compromise between computa-
tional efficiency and detection accuracy (Bumbalek et
al., 2025; Jegham et al., 2024). In addtion, the m var-
iants were particularly appropriate for our dataset,
which contains small and densely distributed targets,
where higher feature capacity is beneficial without in-
curring excessive inference time. To ensure a robust
and unbiased evaluation, a five-fold cross-validation
scheme was implemented (Darma et al., 2022; Pra-
nata et al., 2023; Prousalidis et al., 2024). The data-
set was randomly partitioned into five equal subsets,
where in each iteration, four subsets were used for
training and the remaining subset for validation. The
model was trained using Google Colab T4 GPU with
high RAM and Ultralytics 8.3.246, Python-3.12.12,
torch-2.9.0+cul26 CUDA:0 (Tesla T4, 15095MiB).
The full training configuration file is provided in the
Supplementary Material (Fig. S2).

Two methodological strategies were implemented
for tree-crown detection and segmentation in YOLO.
Method 1: Used end-to-end instance segmentation

models, including YOLOv8 and YOLOv11. In this

approach, the models directly performed both ob-
ject detection and tree-crown segmentation with-
in a single framework. Bounding boxes and crown
masks were generated simultaneously during
inference, allowing the models to learn crown-
shape information during training. This pipeline
represents a conventional one-stage/ two-stage
deep learning solution for tree-crown delineation.
Method 2: YOLOv12 currently does not support
instance segmentation. This method employed

a two-stage workflow that integrates object de-

tection with prompted segmentation. First, the

YOLOv12-m model was trained to detect individ-

ual trees and generate bounding-box predictions.

These bounding boxes were subsequently used

as prompts for the SAM-2 segmentation model,

which refined the crown boundaries and produced
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instance-level crown masks. This approach sepa-
rates the detection and segmentation processes,
enabling the YOLO models to provide accurate
tree localization, while SAM-2 improves crown
delineation in areas where adjacent tree crowns
exhibit horizontal overlap within the visible up-
per canopy.

All results are compared with other methods ac-
cording to precision, recall, F1 score, and mean aver-
age precision (mAP). The results are also compared
with each other and predict the best. The evaluation
metrics used in this study are defined as follows:

Precision measures the proportion of correctly
predicted trees among all predicted bounding boxes.

Precision = 00

T
— _x1
(TP + FP)

Recall quantifies the proportion of true trees that
were successfully detected.

Recall = 00

TP %1
(TP + FN)
The Fl-score evaluates overall detection perfor-

mance by combining Precision and Recall into their
harmonic mean.

2 Precision X Recall

x 100
(Precision + Recall)

F1 — score =

To assess the spatial accuracy of the tree crown
polygons, intersection-over-union (IoU) was cal-
culated for the reference and target crowns. IoU is
used to assess how well the predicted bounding box
overlaps with the ground truth bounding box. If the
result is more than 0.5 it is counted as a correct de-
tection. Mean Average Precision (mAP) is calculated
by averaging AP scores across multiple Intersection
over Union (IoU) thresholds. In this study, we report
two variants:

- mAP50, which is computed using a single IoU

threshold of 0.5.

- mAP50-95, which is obtained by averaging the

AP scores across IoU thresholds from 0.50 to

0.95, using increments of 0.05.

1 N
mAP = Nz AP;
i=1

where TP represents correctly detected trees (detec-
tions with IoU greater than 0.50), FP refers to incor-
rectly detected trees or false detections (IoU below
0.50 or no corresponding ground-truth tree), and FN
denotes trees that were present in the reference data
but not detected by the model.

Performance metrics, including mAP, Precision,
Recall, and F1-score, were computed for each fold.
The resulting metrics were subsequently subjected
to bootstrap resampling (n = 999) to estimate the
mean performance and corresponding 95% confi-
dence intervals (CI_low and CI_high). This frame-
work enables robust performance estimation while
explicitly accounting for variability and statistical un-
certainty, thereby enhancing the reliability and gen-
eralizability of the results.

In the second stage, the optimal YOLO model was
selected to extract stand structural attributes from
the LiDAR data within the study plots. Tree crowns
were delineated via segmentation, while tree heights
were derived from the Canopy Height Model (CHM),
specifically extracted from the center of each deline-
ated crown.

To validate the accuracy of tree attributes (tree
height, crown diameter) derived from UAV-LiDAR
data, these estimates were compared with field
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Fig. 2. Flowchart for individual tree attribute from UAV-
LiDAR data using YOLO models
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measurements across three plots. A regression mod-
el was developed using 999 bootstrap simulations.
Model performance was evaluated using the coeffi-
cient of determination (R2?) and root mean square
error (RMSE). In addition, 95% confidence intervals
(CI) based on the 999 bootstrap simulations were
calculated to compare the mean stand attributes de-
rived from UAV-LiDAR data with those obtained
from field measurements. All statistical analyses
were conducted using R version 3.4. Figure 2 illus-
trates the workflow of the proposed method for ex-
tracting individual tree attributes from UAV-LiDAR
data using YOLO models.

Results

Individual tree detection and crown
segmentation model training

The performance of the three deep learning archi-
tectures (YOLOv8m, YOLOv11m, and YOLOv12m-
Sam?2) was evaluated using 5-fold cross-validation,
followed by 999 bootstrap resamples to estimate the
mean and 95% confidence intervals (CI) for each
metric. The results, summarized in Table S1 and il-
lustrated in Figure 3, indicate that both YOLOv11m

Model ® YoloSm “ Yolollm % Yolol2m-Sam2

(A) Box Detection (B) Segmentation
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Fig. 3. Results of object detection and instance segmenta-
tion using YOLO on the validation dataset

and YOLOv12m-Sam2 substantially outperformed
the baseline YOLOv8m across all metrics in both de-
tection and segmentation tasks.

In the bounding box detection task, the advanced
models demonstrated high precision and recall sta-
bility (Fig. 2A). YOLOvl1lm achieved the highest
mean mAP50 of 0.62 (95% CI: 0.59-0.64), followed
by YOLOv12m-Sam2 with a mean of 0.61 (95% CI:
0.59-0.63). Both YOLOv11m and YOLOv12m-Sam?2
reached a mean mAP50-95 of 0.29, a substantial im-
provement over the 0.19 recorded for YOLOv8m. The

(a) The ground truth data
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Fig. 4. Qualitative comparison on a subset of the validation dataset
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F1-score for both YOLOv12m-Sam2 and YOLOv11m
models was recorded at 0.61, reflecting a balanced
trade-off between precision and recall, compared to
0.47 for the YOLOv8m model.

The segmentation task revealed critical differenc-
es in boundary refinement and statistical reliability
among the models (Fig 2B). Both YOLOv11lm and
YOLOv12m-Sam?2 achieved a mean mAP50 of 0.60.
However, YOLOv11m demonstrated superior statis-
tical stability with a narrower 95% CI (0.57-0.62)
compared to the wider interval of YOLOv12m-
Sam2 (0.55-0.64). A significant performance gap
was observed in the mAP50-95 metric. YOLOv1lm
yielded a mean of 0.26 (95% CI: 0.25-0.27), while
YOLOvI2m-Sam2 and YOLOv8m only achieved
0.16. The Fl-score for YOLOv11lm was 0.59 (95%
CI: 0.56-0.61), whereas YOLOv12m-Sam2 exhibited
a mean of 0.61 but with a larger variance (95% CI:
0.56-0.65).

Notably, Yolol1m consistently exhibited narrow-
er confidence intervals across most metrics, particu-
larly in segmentation, suggesting greater stability
and reliability compared to Yolo12m-Sam2.

The performance of tree detection and instance
segmentation on the validation set using YOLOv11m
model is presented in Figure 4.

Evaluation of tree attribute extraction
accuracy from UAV-LiDAR data on test
datasets

YOLOv1lm was used to extract tree attributes
from UAV-LiDAR data across three test plots rep-
resenting different stand densities. Across the three
plots, UAV-LIiDAR extracted showed generally
consistent structural patterns compared with field
measurements, though with systematic deviations.
Tree height estimates from UAV-LiDAR exhibited a
systematic pattern of being equal to or higher than
field values in plot 1 and plot 3 (9.07 m vs. 7.62 m;
10.43 m vs. 9.96 m), while showing a slight under-
estimation in plot 2 (10.72 m vs. 11.55 m) (Fig. 5).
The 95% confidence intervals (CI) of the mean val-
ues derived from 999 bootstrap resamples indicate
no significant difference in mean tree height between
field-measured data and UAV-LiDAR estimates in
plot 2 and plot 3. In contrast, a significant difference
was observed in plot 1.

Tree crown diameters derived from UAV-LiDAR
were slightly larger than field measurements in plot
1 (3.31 m vs. 2.71 m), but smaller in plot 2 and
plot 3 (3.47 m vs. 4.40 m, and 3.30 m vs. 3.57 m,
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Fig. 5. Box and whisker plots of the field-measured and UAV-LiDAR estimated. The intervals represent the 95% confi-
dence intervals (CI) of the mean values derived from 999 bootstrap resamples
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respectively). In addition, the 95% confidence inter-
vals (CI) indicate no significant difference in mean
tree crown size between field-measured data and
UAV-LiDAR estimates across the three plots.

Figure 6 shows the relationship between UAV-
LiDAR-estimated tree attributes and reference tree
measurements. Linear regression revealed a strong
relationship between estimated and measured tree
heights in plot 1 (R? = 0.85), plot 2 (R? = 0.93), and
plot 3 (R? = 0.93). Similarly, the estimated crown
diameters showed good agreement with field meas-
urements, with R?values of 0.67, 0.58, and 0.88 for
plots 1, 2 and 3, respectively. In addition, RMSE val-
ues decreased from plot 1 to plot 3.

Discussion

The ability of YOLO models to
utilize individual tree detection and
segmentation

The experimental results reveal a clear progres-
sion in model performance from the YOLOvV8 ar-
chitecture to more recent iterations for individual
tree crown delineation using UAV imagery. Notably,
YOLOv11m demonstrates substantial improvement
over YOLOv8m while maintaining performance
comparable to the more complex YOLOv12-SAM2

framework. YOLOv11 is the latest evolution in the
Ultralytics YOLO series, introducing architectural
improvements over YOLOvV8 such as replacing the
C2f module with C3K2 and adding a C2PSA block
to enhance feature representation. It also refines the
detection head and optimizes network scaling, re-
sulting in improved accuracy and inference efficien-
cy (Liu et al., 2025). A key finding of this study is
the superior performance of YOLOvl1m under the
most stringent evaluation metric. Although the mod-
els exhibit overlapping 95% confidence intervals for
standard metrics such as Precision and Fl-score, a
distinct performance gap is observed in mAP50-95
for the segmentation task. This suggests that, while
the integration of SAM2 may enhance general mask
detection, YOLOv11lm achieves higher spatial fi-
delity and more consistent intersection-over-union
(IoU) performance across multiple thresholds. The
non-overlapping confidence intervals for mAP50-95
further confirm the statistical significance of this
difference, highlighting YOLOv11m as the most re-
liable model for applications requiring precise pix-
el-level delineation.

These findings are consistent with previous stud-
ies demonstrating the strong potential of YOLOv11
for tree detection and crown delineation in aerial
imagery of Indonesia’s forestry landscapes (Rato et
al., 2025). Similarly, the model has been successful-
ly applied in urban environments for accurate tree
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species identification and biomass estimation (Huo
et al., 2026). The YOLO-based approach effectively
overcomes several limitations associated with con-
ventional segmentation frameworks such as U-Net,
DeepLabV3+, Mask R-CNN, SwinUNet, RepViT-
SAM, and EdgeSAM and the Segment Anything Mod-
el (SAM). By unifying object detection and segmen-
tation into a single architecture, the model achieves
a favorable balance between accuracy and computa-
tional efficiency, making it particularly well-suited
for large-scale and time-sensitive applications (Al-
bahli, 2025; Prousalidis et al., 2024). More broadly,
YOLO-based object detection frameworks have been
widely recognized as efficient, scalable, and accurate
solutions for individual tree detection using both
UAV-RGB imagery and LiDAR data, thereby sup-
porting improved forest inventory, monitoring, and
ecosystem management (Farhan et al., 2025; Luo et
al., 2024; Sengun et al., 2025b; Zhong et al., 2024).

Despite the overall performance improvements,
segmentation accuracy across IoU thresholds re-
mained relatively low on the validation dataset, with
mAP50-95 values below 0.30 and an F1-score of 0.59
(Fig. 3). In contrast, higher performance was ob-
served in the independent test plots, where mAP50-
95 ranged from 0.32 to 0.58 and F1-scores from 0.70
to 0.85 (Table S.2). This discrepancy can be primari-
ly attributed to differences in reference data quality.
The training and validation datasets were generated
through manual annotation in Roboflow, where tree
crowns were delineated by redrawing canopy bound-
aries from UAV-RGB imagery. Such an approach is
inherently subjective and prone to errors, particu-
larly in areas with overlapping canopies, leading to
inconsistencies in boundary definition and reduced
agreement with model predictions. In contrast, the
test datasets were derived from field-based surveys,
where canopy delineation was supported by in situ
observations, resulting in more accurate and con-
sistent crown boundaries. Similar findings have been
reported in recent studies, which demonstrate that
annotation quality significantly influences the per-
formance of supervised machine learning models,
particularly in object detection and instance segmen-
tation tasks (Agnew et al., 2024; Alhazmi et al., 2021;
Ma et al., 2022). These results underscore the sen-
sitivity of segmentation performance to annotation
quality and highlight the importance of high-preci-
sion reference data for robust model evaluation.

The performance of individual tree segmenta-
tion in this study is generally consistent with results
reported in previous research on Pinus stands. For
example Nikitina (2024) reported that the spread of
model quality values in pine forests in Russia ranged
from 0.53 to 0.96, depending on stand structure
and crown overlap conditions. In comparison, the
Fl-scores obtained in our study were 0.59 for the

validation dataset and 0.70 to 0.85 for the test da-
tasets, which fall within this reported performance
range, indicating comparable model reliability. In con-
trast, substantially lower detection accuracies have
been reported in more structurally complex forests,
including Australian mixed-species stands (Bunting
& Lucas, 2006), mixed-conifer forests (Jakubowski
et al., 2013), and Scots pine forests (Kaartinen et al.,
2012), where accuracies often remain below 30%,
as well as in natural mangroves about 46% (Yin
& Wang, 2019). These comparisons highlight the
strong potential of integrating YOLO-based models
with UAV-LiDAR data for accurate individual tree
crown delineation in Pinus kesiya plantations.

Effect of stand density on tree attribute
extraction performance from UAV-
LiDAR data

Errors in crown characterization and stand den-
sity estimation are widely reported in studies of in-
dividual tree crown detection and delineation from
UAV data (Dersch et al., 2023; Zhao et al., 2023). In
plantation forests, errors in crown attributes often
occur because the training data do not fully capture
variation, especially for smaller crowns and trees
growing under different site conditions (Chadwick et
al., 2020b; Zheng et al., 2021). Dersch et al. (2023)
also reported difficulties in distinguishing small trees
(crown size < 15 m?) using UAV-based multispec-
tral imagery and LiDAR data in coniferous forests.
Stand density errors are also commonly reported, in-
cluding crown overlap (Gomez Selvaraj et al., 2020;
Mo et al., 2021) and shadow-induced misclassifica-
tion (Zheng et al., 2021). Previous studies have also
shown that detection accuracy generally declines as
forest structural complexity and stand density in-
crease (Yin & Wang, 2019). Consistent with these
findings, our results indicate reduced model perfor-
mance under dense conditions (plot 1) and in highly
clustered stands (plot 2), whereas higher accuracy
was achieved in more open forest conditions (plot
3), as illustrated in Figure S1.

In our study, the F1-score on the test data ranged
from 0.71 to 0.77 across plots 1 and 2, whereas the
mAP, .. remained below 0.40. This outcome sug-
gests that, while the model is effective in locating
tree crowns, it encounters difficulties in precise-
ly delineating crown boundaries at higher overlap
thresholds. The reduction in segmentation perfor-
mance is likely associated with increased canopy
complexity in dense stands, including crown overlap
among neighboring trees and irregular crown shapes,
which can lead to boundary fragmentation and par-
tial crown delineation (Chadwick et al., 2020a; Hao
et al.,, 2021; Lou et al., 2022; Selvaraj et al., 2020;
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Zhao et al., 2023; Zheng et al., 2021). The compar-
ison between field measurements and UAV-LiDAR
extractions suggests a potential influence of stand
density on the performance of the extraction work-
flow and the YOLOv11-based detection and segmen-
tation model. The plot with the highest tree density
(36 trees per plot, equivalent to approximately 720
trees/ha) shows the largest discrepancies in crown
size (RMSE = 0.66 m), and tree height (0.56 m).
This result suggests that high canopy overlap and
crown interference in dense stands reduce detec-
tion accuracy and increase structural estimation
bias, particularly for smaller or suppressed trees.
In contrast, medium-density plots (15-25 trees per
plot, below 500 trees/ha) show much closer agree-
ment between field and UAV-LiDAR measurements
(RMSE = 0.30-0.41 for tree height and 0.46-0.53 for
crown diameter). This indicates that the extraction
process is more reliable in stands with less crown
competition and better tree separation. The influence
of stand density on detection and segmentation per-
formance is also consistent with results reported in
previous studies. Windrim and Bryson (2020) eval-
uated Faster R-CNN in two pine stands with stem
densities of 400 and 600 stems/ha and observed
a decline in performance from an F1-score of 93%
to 76% as stand density increased. This agreement
reinforces the notion that lower canopy overlap fa-
cilitates clearer crown delineation and more reliable
tree-level metrics. These results indicate that crown
segmentation in complex canopy structures remains
challenging. Future improvements may include re-
fining post-processing approaches and integrating
structural information, such as canopy height mod-
els in the training model, to better separate adjacent
crowns and improve segmentation accuracy in dense
forest conditions.

This study is limited to a single species and
a single study area and relies on a relatively small
dataset, with only three sample plots used for test-
ing due to constraints in field data acquisition. Fu-
ture work should include a larger number of plots
distributed across diverse stand conditions, such
as different stand densities, ages, and site qualities,
to further evaluate the robustness and transferabil-
ity of the proposed approach. Although the results
provide useful insights into individual tree detection
and crown segmentation for Pinus kesiya plantations
in Lam Dong province, Vietnam, their applicability
to other forest types, regions, or species remains un-
certain and requires further validation.

Conclusion

This study demonstrates that advanced deep
learning models substantially improve individual

tree detection and crown segmentation from UAV
data, with YOLOv11m providing the most consistent
and reliable performance. UAV-LiDAR derived tree
height and crown diameter showed strong agree-
ment with field measurements. In addition, stand
density appears to be an important factor influenc-
ing extraction accuracy, as higher-density conditions
may increase crown overlap, thereby reducing detec-
tion completeness and segmentation precision.

The proposed workflow improves segmentation
reliability under limited training data conditions,
highlighting the adaptability of deep learning mod-
els in plantation forest environments. These findings
demonstrate the potential of a one-stage deep learn-
ing object detection framework to enhance opera-
tional tree crown mapping and forest structural char-
acterization compared with traditional field-based
inventory methods, particularly in managed forest
ecosystems.
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