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Southern pine forests play a key role in the ecological function and economic vitality of the 
southeastern United States. High-resolution terrestrial laser scanning (TLS) has become an 
indispensable tool for advancing tree structural research and monitoring. A critical challenge in this 
field is the accurate segmentation of leaf and wood components, which directly impacts the reliability 
of Quantitative Structure Models (QSMs). Segmentation techniques have progressed, but most 
existing methods are tailored for broadleaf species, with limited exploration for coniferous species such 
as southern pines. Addressing this gap, our study evaluates the performance of multiple segmentation 
algorithms on TLS data from southern pines, providing valuable insights into improving structural 
analysis and supporting more precise and efficient forest research and monitoring methodologies. 
We collected TLS data from longleaf pine (Pinus palustris Mill.) and loblolly pine (Pinus taeda L.) trees 
in Florida, USA, and compared the performance of four segmentation algorithms: TLSep, Graph, 
DBSCAN, and KPConv to separate leaf and wood. We found that KPConv was the most accurate 
method of segmenting wood and leaf points, with an overall accuracy (OA) of 98% and F1 score of 
98% for loblolly pine and 95% and 94%, respectively, for longleaf pine. Although KPConv requires a 
substantial initial investment for training, its inference time is fast, making it a strong candidate for 
high-accuracy large-scale applications. These results led to highly reliable QSMs across trunk, branch, 
and total volume estimates. In contrast, DBSCAN, while slightly less accurate (OA of 92% for loblolly 
pine and 90% for longleaf pine), does not require training data and offers a favorable trade-off between 
performance and efficiency. These findings highlight the importance of selecting segmentation 
algorithms based on specific research goals, balancing accuracy and computational feasibility in forest 
structural modeling.
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Southern pine forests are crucial to both the ecological function and economic vitality of the southeastern United 
States1. They contribute 63% of the United States’ softwood timber removals2 and recent studies project that 
this region will continue to lead timber production for the next 50 years3. Beyond their economic significance, 
southern pine forests offer essential ecosystem services such as soil conservation, habitat provision, water 
regulation, and carbon sequestration, which are key to environmental sustainability4. These forests primarily 
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consist of loblolly pine (Pinus taeda L.), shortleaf pine (Pinus echinata Mill.), longleaf pine (Pinus palustris 
Mill.), and slash pine (Pinus elliottii Engelm.)5. Among these species, longleaf and loblolly pines are particularly 
notable for their substantial ecological and economic contributions. Longleaf pine forests are ecosystems rich in 
biodiversity, offering essential habitats for numerous endangered species6. In contrast to longleaf pine dominated 
forests, loblolly pines are valued for their rapid growth rates and are widely used in commercial pine plantations, 
highlighting their importance in the timber market2.

A detailed understanding of stem and branch structure is crucial to many forest science and monitoring 
applications, as these traits directly influence wind resistance, growth dynamics, and carbon storage capacity7. 
However, traditional forest ground-based surveys and sample plot inventory methods are time-consuming, 
labor-intensive, and susceptible to human error8. Since the early 2000 s, terrestrial laser scanning (TLS) has been 
adopted as a powerful tool for forest monitoring and vegetation mapping9. TLS emits laser pulses to measure 
distances from the scanner to surrounding objects, producing high-density point clouds that allow for rapid, 
accurate 3D modeling of forest plots and precise estimation of tree structural attributes8,10. More recently, TLS 
has been applied to reconstruct quantitative structure models (QSMs), which provide a non-destructive means 
to estimate volume and allometric traits of aboveground biomass (AGB) components11. QSMs offer detailed 
insights into tree architecture, enabling precise measurements of tree volume. These models have been widely 
validated across various forest types12–15 demonstrating their effectiveness for structural analysis and accurate 
volume estimation.

A critical step in constructing reliable QSMs with TLS data is the accurate segmentation of leaf and wood 
points (i.e., semantic segmentation), as misclassification can result in the model producing unrealistically 
thick or nonexistent branches, which overestimate both volume and AGB12. Proper separation of these points 
is necessary to capture the exact size, shape, and arrangement of branches within the point cloud16 which is 
fundamental to producing high-quality QSMs from TLS data17. For instance, TreeQSM, one of the most widely 
used QSM applications, only accepts input based on returns from the wood component18. Methods for separating 
wood and leaf sections fall into three categories: radiometric-based, geometric-based, or a combination of 
both17,19. Radiometric approaches rely on the differing reflectance properties of wood and leaves, making 
intensity calibration a key step20,21; however, determining the precise threshold for accurate separation remains 
challenging22. On the other hand, geometric-based methods, which depend solely on the three-dimensional 
coordinates of the points23 are more commonly employed due to their adaptability across data from various 
sensors24.

Although the separation of leaf and wood components in TLS data has been extensively studied, most 
existing research focuses on datasets obtained from broadleaf species17,19,24. However, methods developed for 
broadleaf trees often do not generalize well to conifers due to key structural differences25. Broadleaf species 
typically have large, flat leaves and distinct branching, whereas conifers have exhibit needle-like foliage and 
densely packed, overlapping crowns. These characteristics reduce the spatial separation between leaf and wood 
points in the point cloud, making classification more difficult26. Due to these differences, segmentation methods 
originally developed for broadleaf species have not been extensively evaluated on coniferous trees. While some 
studies address leaf and wood point separation in coniferous trees27–32 the number and scope of these studies 
are limited, and they often do not fully consider the unique structural characteristics of these species. Moreover, 
while several studies have proposed novel algorithms for leaf and wood separation in conifers, the majority 
have concentrated on improving classification accuracy without thoroughly examining the subsequent effects 
on QSM construction. Specifically, there is a noticeable lack of systematic comparisons that assess how different 
leaf and wood separation methods impact the accuracy of QSM-derived volume estimates. Additionally, some 
of the algorithms employed in these studies are proprietary, limiting their accessibility and practical application.

This study aims to fill these gaps by assessing several open-source QSMs and leaf and wood segmentation 
algorithms to identify the most effective pipeline for accurately predicting branch and stem volumes in southern 
pine trees. The specific objectives were to: (i) evaluate the accuracy of four geometric-based leaf and wood 
segmentation approaches in southern pine trees; (ii) select the most robust and accurate QSM model for our 
dataset; and (iii) assess the effect of leaf and wood segmentation accuracy on phenotypic characteristics generated 
by QSMs. The findings provide valuable insights into improving structural analysis and support more effective 
and efficient tree structural research and monitoring approaches.

Materials and methods
Study area
We focus on the tree architecture of two significant southern pine species, loblolly and longleaf pine. The loblolly 
pine dataset, consisting of 16 trees with heights ranging from 10.45 to 22.11 m, was collected at a site in the 
Millhopper Unit managed by the Forest Biology Research Cooperative (FBRC) at the University of Florida. This 
replicated experiment was established in 2010 to quantify stand-level dynamics of clonal stands33. The longleaf 
pine dataset includes 24 trees, with heights ranging from 7.47 to 26.88 m, collected from longleaf pine stands in 
Austin Cary Forest and naturally regenerated longleaf pine flatwoods in Myakka State Forest. Austin Cary Forest 
is managed by the School of Forest, Fisheries, and Geomatic Sciences at the University of Florida34. Myakka 
State Forest is situated within the Myakka River watershed, a region characterized by flatwoods, prairies, and 
wetlands35 and is managed by the Florida Forest Service. All three sites are located in Florida, as shown in Fig. 1, 
with a subtropical and humid climate characterized by an average annual temperature of 24 °C and 1330 mm of 
precipitation36.
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TLS data acquisition and pre-processing
Data collected included lidar point clouds acquired with RIEGL VZ 400i and GPS positioning with a differential 
GNSS RTK receiver40 as shown in Fig. 2, on March 7, 2023 in the Austin Cary Memorial Forest; June 27, 2023 
in the Myakka State Forest; and July 3, 2023 at the Millhopper Unit. We adopted a consistent scanning protocol 
across all sites, including standardized scanner settings, multiple scan angles per tree, and manual correction 
of motion artifacts, to enhance data comparability and reduce variability. Scans were conducted under calm 
and clear weather conditions to minimize environmental interference, but slight branch movements caused by 
residual wind could not be entirely avoided. A minimum of four TLS scans were taken for each tree to reduce 
occlusion. The angular resolution of 0.02 degrees in both azimuth and zenith, frequency 1,200 Hz, wavelength 
1,550 nm, and beam divergence 0.35 mrad are the scan setup parameters that produced the initial point cloud 
density, approximately 100,000 points per tree. Each scan had a 360° horizontal field of view and a vertical field 
of view between − 40° and 60°.

RiSCAN Pro 2.14.141 was used for point cloud registration and clipping. Noise in the raw data was removed 
using the Statistical Outlier Removal (SOR)42 filter tool in CloudCompare43 with the number of neighbors set 
to 10 and the standard deviation multiplier set to 3. In a few cases, duplicate branches were observed, likely 
resulting from wind-induced oscillations during scanning. These artifacts were manually removed to ensure 
structural accuracy. Recent reviews emphasize that careful acquisition protocols and post-processing—such 
as those employed here—can substantially mitigate these issues and support reliable volume modeling with 
QSMs44–46. Finally, the point cloud of individual trees was manually segmented into leaf and wood point clouds.

QSM algorithm selection
Before segmenting the tree point cloud using the leaf and wood segmentation methods, we first evaluated the 
performance of four different QSM algorithms based on manually segmented wood points. This preliminary 
evaluation established a baseline for comparison between the algorithms and helped identify which method 

Fig. 1.  Study area, plot locations, and plot characteristics at three sites in Florida. (a) Map of southern US pine 
tree distribution highlighting the state of Florida and the three study sites, generated using ArcGIS v10.8.237. 
The distributions of longleaf and loblolly pine were visualized using tile layers38,39 provided by the USDA 
Forest Service Forest Health Assessment and Applied Sciences Team (USFSForestHealth) through ArcGIS 
Online. (b) Overview of the three study sites: (b1) Millhopper Unit, (b2) Austin Cary Memorial Forest, and 
(b3) Myakka State Forest.
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best aligned with our dataset and research objectives. We selected four QSM algorithms for this comparison: 
TreeQSM18 AdQSM13 aRchi47 and SimpleForest45 as shown in Supplementary Table S1. TreeQSM operates on a 
patch-based approach, while the other three methods first construct a skeleton before fitting the QSM.

TreeQSM18  has been widely used to reconstruct QSMs48–50 by dividing the point cloud into numerous 
patches. We used the define_input tool from TreeQSM version 2.4.1 to generate results by experimenting with 
different parameter combinations. Specifically, we estimated the trunk diameter near the base of the tree to define 
the initial parameters. PatchDiam1 was set as approximately the trunk radius divided by 3, PatchDiam2Min 
as the trunk radius divided by 6, and PatchDiam2Max as the trunk radius divided by 2.5. These parameters 
were automatically adjusted based on tree height and point resolution. For this study, we defined PatchDiam1, 
PatchDiam2Min, and PatchDiam2Max as 2, 4, and 3, respectively, leading to 24 possible combinations for each 
tree. These parameter ratios were derived from previously published TreeQSM applications49. To avoid bias 
toward any specific configuration, we selected the result closest to the average volume across the 24 combinations 
as the final estimate for each tree. The entire procedure was executed in Matlab R2022a51.

AdQSM13 is based on the open-source AdTree52 framework, which extracts the tree skeleton from the point 
cloud, simplifies it by merging closely spaced points, and reconstructs branches using least-squares cylindrical 
fitting and heteroscedasticity rules. We set different values for Height_Segmentation (HS) across multiple 
reconstructions (0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0) and averaged the results for each parameter to obtain the final 
volume metric. These parameter values follow guidance provided in the AdTree documentation and literature. 
Since the Height_Segmentation parameter determines vertical slicing for skeleton fitting, we visually evaluated 
reconstruction and selected the configuration with the most complete and realistic topology. The selected range 
offers flexibility for different crown shapes, but further optimization may be necessary for trees with more 
irregular branching habits. This process was implemented in Visual Studio 2017.

Fig. 2.  Overview of TLS scanning setup and resulting point clouds for loblolly and longleaf pine trees. (a) TLS 
scanning design; (b) TLS system; (c) Trees in the field and their point clouds: (c1-c2) loblolly pine, (c3-c4): 
longleaf pine.
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aRchi47 is an R-based package that constructs a skeleton from a single tree point cloud, smooths the skeleton, 
and calculates the radius of each cylinder based on the distance from points to the skeleton. The layer thickness, 
representing the neighborhood search distance for points, was set to 0.1 m. We adjusted two key parameters for 
point cloud skeletonization: clustering distance for the entire point cloud (0.05, 0.1, and 0.15) and maximum 
search distance for skeleton building (0.2, 0.5, and 0.8). This resulted in 9 parameter combinations, and the final 
structural metrics were computed as the average of these results. The selected clustering and search distances 
were based on typical ranges used in previous aRchi studies and adjusted to suit the average point density of our 
TLS data. These parameters control both the granularity of skeleton nodes and the connectivity of branches. The 
entire process was implemented using R.

SimpleForest45, an open-source plugin for the Computree platform, generates QSMs by first segmenting the 
point cloud into manageable cubic units to facilitate processing. It then simplifies the trunk and main branches 
by fitting cylindrical elements to create a skeletal representation. Using a hierarchical approach, SimpleForest 
progressively fits smaller branches by iterating through the connected components of the skeleton, ensuring 
a detailed and accurate reconstruction of the tree architecture. We used the new VesselVolume as proposed by 
Hackenberg and Bontemps (2023)53 which is particularly effective in compensating for occlusion and noise in 
dense forest environments.

We selected the best-performing QSM algorithm based on the accuracy of the first-order branch number, 
which was compared to manually counted values. The first-order branch number, as illustrated in Fig. 3(f), serves 
as a critical structural metric for QSM evaluation because it is straightforward to quantify directly from the 
point cloud and provides a clear visual validation of reconstruction accuracy. This metric reflects the branching 
architecture of the tree and significantly influences estimates of branch volume, making it a reliable proxy 
for evaluating QSM performance. To analyze the agreement between the QSM-generated first-order branch 
numbers and the manually counted reference data, Bland-Altman plots were employed, visually illustrating the 
differences and biases.

Leaf and wood segmentation
Numerous studies have conducted detailed literature reviews on state-of-the-art leaf-wood separation 
algorithms30  i.e. semantic segmentation. In this study, we selected four distinct open-source methods for 
comparison: TLSeparation, Graph-based, DBSCAN, and a deep learning-based method KPConv, as shown in 
Supplementary Figure S1. The first three methods are unsupervised, while the deep learning model is supervised. 
All of these methods utilize geometric metrics calculated from eigenvalues.

TLSeparation (TLSep)54 integrates a Gaussian Mixture Model (GMM) with a path detection algorithm. 
Geometric features computed with varying neighborhood radii are fed into the GMM for point-by-point 
classification. After separation, four methods—mode smoothing, feature smoothing, clustering smoothing, 
and path smoothing—are used to further optimize the branch-leaf separation results. We used the generic_tree 
script from TLSep, setting the K-nearest neighbors (KNN) values for neighborhood search to [10, 210, 220, 150, 
160]. The voxel size for both steps of the shortest path analysis was set to 0.13 m, and the retrace steps were set 
to 60, following the method outlined by Ali et al. (2024)55.

The Density-Based Spatial Clustering of Applications with Noise (DBSCAN) method is a clustering algorithm 
that groups points based on their density. It relies on two key parameters: eps and minimum cluster size. The 
parameter eps defines the maximum distance between two points for them to be considered part of the same 
cluster, which we set to 0.03 m in this study. The minimum cluster size represents the smallest number of points 
required to form a cluster, set to 10 in this case. After clustering the points based on density, the linearity of each 
cluster is analyzed to classify it as either leaf or wood, considering the morphological characteristics of longleaf 
and loblolly pines.

The Graph-based method uses a KNN approach to segment the tree point cloud based on geometric features 
and point connectivity. First, a KNN graph is built by connecting each point to its nearest neighbors in spatial 
Euclidean space, using the 3D coordinates (X, Y, Z) of the points to determine distances. Geometric features, 
such as verticality and linearity, are then computed for each node. The graph is trimmed by removing edges 
where feature differences between connected points exceed the similarity threshold (0.15), ensuring that only 
points with similar characteristics remain linked. Clusters are then formed from the remaining connections, and 
the cluster-level geometric feature—linearity—is calculated to determine whether the cluster represents wood or 
leaf. Both Graph and DBSCAN are implemented using the R package lidUrb56.

The deep learning method we employed is a variant of the Kernel Point Convolution (KPConv) network 
architecture57. KPConv is specifically designed for directly processing 3D point cloud data, utilizing kernel-
based convolution operations to effectively capture geometric features and spatial relationships. We utilized 
KPConv Deformable, which allows kernel points to adapt their positions according to the local geometry of 
the point cloud. The grid size for the input data was set to 0.08 m. To mitigate the impact of large coordinates 
on model behavior, point coordinates were transformed to a local coordinate system. All implementations were 
based on the open-source framework Torch-Points3D58 and tested on an NVIDIA Quadro RTX 5000 GPU. Our 
training dataset consisted of 27 randomly selected trees, including 10 loblolly pines and 17 longleaf pines. For 
data augmentation, we added random noise with sigma 0.01 and clip 0.05. Additionally, we applied random 
anisotropic scaling ranging from 0.9 to 1.1 and random rotations of 90, 180, and 270 degrees along the z-axis.

We applied four segmentation algorithms to extract the wood points and evaluated their performance using 
a manually segmented dataset as the reference. To generate the reference data, we manually annotated the 
point clouds in CloudCompare. The annotation process involved identifying and segmenting points into two 
categories: wood (trunks and branches) and leaf (foliage). Wood points were identified based on their structural 
characteristics, such as linear or cylindrical arrangements representing the trunk and primary branches. Leaf 
points were distinguished by their irregular and dispersed patterns, particularly reflecting the foliage structure 
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of longleaf pine and loblolly pine. Longleaf pine foliage typically consists of longer, more clustered needle groups, 
while loblolly pine foliage is characterized by shorter, denser needle arrangements. To ensure annotation accuracy, 
we iteratively refined the classification by visually inspecting the point clouds from multiple viewpoints. The final 
labeled point clouds served as the ground truth for evaluating the segmentation methods.

The performance was assessed through several key metrics. Overall accuracy (OA) measures the proportion 
of points that are correctly classified, offering a general indication of how well the segmentation method performs. 
Correctness evaluates the proportion of points predicted as wood that are actually wood, with higher correctness 
indicating fewer leaf points incorrectly classified as wood. This reduces noise in the QSM and ensures that the 
wood category is as accurate as possible. Completeness, on the other hand, measures the proportion of actual 
wood points that are correctly classified as wood. High completeness is essential for ensuring that most wood 
points are captured, avoiding under-segmentation. The F-score, calculated as the harmonic mean of correctness 
and completeness, provides a balanced assessment between the two, highlighting the algorithm’s ability to 
minimize both false positives and false negatives. Finally, Incorrectness measures the proportion of leaf points 
misclassified as wood.

Fig. 3.  Overview of the methodology. (a) TLS data collection. (b) Registration and cleaning. (c) Manual 
leaf and wood segmentation. (d) Leaf and wood segmentation. (e) Quantitative Structure Model algorithm 
selection. (f) Volume and branch metrics. (g) Assessment.
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� (3)
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	 Incorrectness = 1 − TN
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� (5)

where: TP  is accurately segmented wood points, TN  is accurately segmented leaf points, FP  is inaccurately 
segmented wood points, and FN  is inaccurately segmented leaf points.

Finally, to evaluate the impact of segmentation methods on phenotype metrics, we used wood points 
segmented by the four approaches as input for the QSM algorithm determined. Metrics such as branch volume, 
trunk volume, and total volume were generated and compared to the reference metrics derived from manually 
segmented wood points. Branch volume represents the total cylindrical volume of all reconstructed branches in 
the tree. Trunk volume refers to the cylindrical volume of the main trunk. Total volume is the sum of branch and 
trunk volumes. To quantify the effect of different segmentation methods, we fitted a linear model to examine 
the relationship between the QSM-derived metrics using segmented wood points and those based on manually 
segmented wood points. The accuracy of the estimated metrics is evaluated with the coefficient of determination 
(R2) of the linear model, root-mean-squared-difference (RMSD), and mean difference (MD), which would be 
computed as:
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where: xi represents the reference metric values (e.g., branch volume or number) generated from the QSM 
based on manually segmented wood points, x̂i represents the predicted metric values generated from the QSM 
using wood points segmented by one of the four leaf and wood segmentation methods, n is the total number of 
trees evaluated. The overview of this work is shown as Fig. 3.

Results
Comparative analysis of QSM methods
We used manually counted first-order branch numbers to evaluate and select the best-performing QSM algorithm, 
as shown in Fig. 4. For loblolly pine, AdQSM consistently underestimates branch numbers, particularly when 
the count is below 50. SimpleForest stays close to zero bias for most branch numbers, while aRchi increasingly 
overestimates branch numbers as they rise. TreeQSM remains near the zero-bias line, indicating strong 
agreement with reference data, making it the most reliable choice for loblolly pine. A similar trend is observed 
for longleaf pine, where TreeQSM and SimpleForest perform well. aRchi, however, consistently overestimates 
branch numbers, especially for larger counts. Based on these results, TreeQSM emerges as the most consistent 
and reliable algorithm for both species.

In addition to assessing accuracy, we performed an uncertainty analysis on TreeQSM-derived metrics by 
repeating the QSM generation 20 times from manually segmented wood points using the same parameter set. 
We recorded the resulting total volume, trunk, and branch volume for each repetition (see Supplementary 
Figure S2). The standard deviations were minimal for total and trunk volume across all trees and both species, 
indicating high consistency. Branch volume was also stable in longleaf pine, but two loblolly pine individuals 
showed noticeable variability, which may be attributed by occlusion or structural gaps in the upper crown.

Accuracy assessment of leaf and wood segmentation
Figure 5 presents the visual results of different leaf and wood segmentation methods. The manual reference, 
created by an experienced worker in CloudCompare, serves as the benchmark for comparison. The TLSep 
method shows reasonable performance but struggles with the misclassification of leaf points into the wood 
category, particularly in the upper crown regions. Both loblolly pine (a2) and longleaf pine (b2) exhibit some 
leaf points misclassified as wood points, with this issue being more pronounced in longleaf pine, indicating 
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challenges in accurately distinguishing dense leaf areas from wood. Graph (b3) improves on TLSep but still 
struggles with some misclassifications, particularly at the branch tips.

The DBSCAN method shows improved accuracy compared to TLSep and Graph. The results are closer to the 
manual reference, though small branches under the crown are misclassified as leaf points. The KPConv method 
delivers the most accurate segmentation, closely matching the manual reference. Both loblolly pine (a5) and 
longleaf pine (b5) exhibit minimal misclassification.

The quantitative assessment of wood and leaf segmentation is summarized in Table 1 and visually represented 
in the heatmap (Fig. 6). KPConv consistently outperforms the other methods across all metrics, achieving the 
highest Overall Accuracy (OA) for both loblolly pine (0.98) and longleaf pine (0.95), as well as the highest F 
score (0.98 for loblolly pine and 0.94 for longleaf pine). DBSCAN also performs well, particularly for loblolly 
pine, with an OA of 0.92 and an F score of 0.93.

Completeness, which measures the proportion of actual wood points correctly classified, shows that 
KPConv is the most effective at capturing the full structure of the tree. It achieves near-perfect scores of 0.97 
for loblolly pine and 0.89 for longleaf pine. Graph also performs well, with high completeness for loblolly pine 
(0.98) and longleaf pine (0.91). However, TLSep struggles, particularly with loblolly pine (0.47), indicating it 
fails to capture important structural components like smaller branches and denser regions. Correctness, which 
measures how many of the points classified as wood are actually correct, highlights the strengths of KPConv 
and DBSCAN, both of which maintain very high correctness scores across both tree species. In contrast, TLSep 
performs poorly, with correctness scores of only 0.74 for loblolly pine and 0.68 for longleaf pine, reflecting 
frequent misclassification of leaf points as wood. Incorrectness is an important indicator of how much noise a 
segmentation method introduces. KPConv excels here with very low incorrectness, highlighting its precision. 
Graph also demonstrates low incorrectness for both species, while DBSCAN has slightly higher values (0.13 for 
loblolly pine and 0.12 for longleaf pine), indicating occasional misclassification. TLSep, again, underperforms 
with much higher incorrectness.

Fig. 4.  Predicted difference in first-order branch number (n) between QSM-derived estimates and manual 
reference values for (a) loblolly pine and (b) longleaf pine. Each point represents one tree. Colors and 
shapes correspond to different QSM algorithms: purple circles = AdQSM, blue squares = aRchi, green 
diamonds = SimpleForest, and pink triangles = TreeQSM. The dashed line indicates zero difference.
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As shown in the heatmap Fig. 6, KPConv dominates, with the highest accuracy in both categories (96.2% 
for leaf and 99.5% for wood in loblolly pine). DBSCAN and Graph show less balanced performance. TLSep 
shows an overall weaker performance, especially in loblolly pine, where it correctly classifies only 54.1% of 
leaf. Canopy-level evaluation results are further summarized in Supplementary Table S2. KPConv consistently 
delivers high segmentation accuracy across all canopy layers, reflecting its robustness to structural variability 
and point density gradients. In contrast, TLSep exhibits pronounced declines in the lower canopy—most notably 
in loblolly pine. DBSCAN maintains competitive performance across canopy layers, especially in loblolly pine, 
while Graph shows reduced accuracy in middle layers.

Impact of segmentation accuracy on QSM-Derived volume metrics
Figure 7 compares the QSMs generated from wood points segmented by various algorithms, using the manual 
reference images (a1 and b1) as benchmarks for accurate tree structure. For both loblolly pine and longleaf 
pine, KPConv consistently generates the most accurate QSMs, closely matching the manual reference with 
minimal noise and well-replicated branch structures. In contrast, TLSep and Graph introduce significant noise 
and misclassifications, particularly in denser crown areas, where they struggle to distinguish finer branches. 
DBSCAN performs better than TLSep and Graph, offering cleaner results, but it still has difficulty accurately 
capturing finer branch details.

Species Methods
Evaluation metrics

OA F score Correctness Completeness Incorrectness

Loblolly pine

TLSep 0.61 0.57 0.74 0.47 0.46

Graph 0.86 0.89 0.81 0.98 0.03

DBSCAN 0.92 0.93 0.99 0.87 0.13

KPConv 0.98 0.98 0.99 0.97 0.04

Longleaf pine

TLSep 0.76 0.72 0.68 0.77 0.18

Graph 0.80 0.79 0.69 0.91 0.08

DBSCAN 0.90 0.87 0.94 0.81 0.12

KPConv 0.95 0.94 0.99 0.89 0.07

Table 1.  Summary of wood and leaf segmentation accuracy for loblolly and longleaf pine using four 
algorithms.

 

Fig. 5.  Comparative visualization of leaf (green) and wood (brown) segmentation methods on point clouds 
of loblolly pine (a1-a5) and longleaf pine (b1-b5) using four different methods: TLSep, Graph, DBSCAN, and 
KPConv.
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Fig. 7.  Comparative visualization of QSMs generated from wood points segmented by four different methods 
(TLSep, Graph, DBSCAN, and KPConv) for loblolly pine (a1-a5) and longleaf pine (b1-b5).

 

Fig. 6.  Segmentation accuracy heatmap for wood and leaf points in loblolly and longleaf pine using four 
algorithms.
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Table 2 highlights that across both loblolly pine and longleaf pine, KPConv consistently delivers the highest 
accuracy, achieving near-perfect R² values for both trunk and total volume. DBSCAN also performs well, 
particularly in trunk and total volume estimates, though its performance slightly drops for branch volume in 
both species. TLSep shows lower accuracy overall, particularly for branch and total volume, while the Graph 
method underperforms especially for branch volume in loblolly pine.

The RMSD and MD values further confirm KPConv’s superiority, with minimal deviations and biases in 
all volume categories for both species. DBSCAN also shows low RMSD and MD values, though its deviations 
increase slightly for branch volume, particularly in longleaf pine. In contrast, TLSep and Graph show much 
higher deviations, especially for branch volume.

For loblolly pine first order branch number, the Graph method (b) shows the highest accuracy in Fig. 8, with 
an R² of 0.94 and low RMSD and MD values, indicating a strong correlation between predicted and observed 
values. KPConv (d) and DBSCAN (c) also perform well, with KPConv showing slightly lower accuracy (R² 
= 0.83) and DBSCAN providing a solid balance between accuracy and consistency (R² = 0.85). TLSep (a) 
demonstrates moderate predictive accuracy with greater deviations, making it the least reliable in this group.

For longleaf pine first-order branch numbers, the performance trends shift slightly. DBSCAN (c) performs 
strongly, with an R² of 0.64, reflecting its ability to handle the complexity of branch structures in this species 
better than TLSep and Graph. KPConv (d) also continues to show strong performance, while Graph (b) shows a 
noticeable drop in accuracy compared to its performance in loblolly pine, indicating some variability depending 
on the species. TLSep again shows the lowest accuracy with the highest RMSD. For first-order branch volume, 
KPConv (d) excels with near-perfect R² values (0.98 for loblolly and 0.93 for longleaf) and minimal RMSD and 
MD, making it the most accurate method for volume prediction. DBSCAN (c) also performs very well, especially 
in loblolly pine, where it shows strong R² values and relatively low RMSD and MD, making it a reliable method 
for volume estimation. Graph (b), however, struggles with branch volume in loblolly pine (R² = 0.49), reflecting 
its inconsistency across different metrics. TLSep (a) also shows larger deviations and lower reliability in volume 
predictions.

Discussion
In this study, we offer a comprehensive evaluation of how leaf and wood segmentation methods and QSM 
algorithms jointly influence structural metrics estimation for two ecologically and economically significant 
southern pine species, loblolly and longleaf pine. By comparing four open-source leaf and wood algorithms 
(TLSeparation, Graph, DBSCAN, and KPConv) and QSM methods (TreeQSM, AdQSM, aRchi, and 
SimpleForest), we assess both traditional and deep learning-based approaches within a unified framework. This 
study highlights the critical role of segmentation accuracy in determining the reliability of QSM-derived metrics, 
such as branch and stem volume, which are fundamental for biomass estimation, carbon stock assessment, 
and forest management applications. By focusing on two evergreen species, this research also underscores the 
challenges posed by coniferous forest in high-density TLS data and the importance of integrating advanced 
segmentation and modeling approaches to reduce uncertainty in volume estimations.

Accuracy and efficiency of leaf and wood segmentation
This research focused on conifers, which exhibit more complex needle clusters compared to the leaves of broadleaf 
species commonly studied in previous segmentation research. In studies of broadleaf trees, segmentation 
accuracies have reached as high as 97.29%59. However, coniferous trees pose greater challenges due to their high 
needle density, non-planar needle orientation, and reduced spatial separation between leaf and wood points, 
which introduce occlusion and misclassification errors60. Reported segmentation accuracies for coniferous trees 
range from 0.68 to 0.95, averaging around 0.8527,28,30–32. For instance, Ma et al. (2015)27 and Zhu et al. (2018)32 
examined Douglas fir and Spruce fir using rule-based or waveform-sensitive methods, with their segmentation 

Species Estimate accuracy

QSM-derived volumes

Trunk volume Branch volume Total volume

Methods

TLSep Graph DBSCAN KPConv TLSep Graph DBSCAN KPConv TLSep Graph DBSCAN KPConv

Loblolly pine

R2 0.93 1.00 0.99 1.00 0.60 0.14 0.71 0.86 0.72 0.94 0.98 1.00

RMSD
Absolute (m3) 0.05 0.01 0.02 0.01 0.30 0.09 0.03 0.01 0.31 0.09 0.04 0.01

Relative (%) 16.00 2.89 6.16 3.56 679.95 211.71 63.41 19.73 83.70 25.77 12.31 1.84

MD
Absolute (m3) −0.00 −0.00 0.01 0.01 0.27 0.08 0.02 −0.00 0.26 0.08 0.02 0.00

Relative (%) −1.27 −0.53 2.61 1.95 604.72 184.53 33.80 −11.06 72.48 21.99 6.41 0.37

Longleaf pine

R2 1.00 1.00 1.00 1.00 0.94 0.88 0.97 0.95 0.96 0.97 1.00 1.00

RMSD
Absolute (m3) 0.02 0.02 0.03 0.03 0.63 0.25 0.10 0.06 0.62 0.24 0.08 0.06

Relative (%) 3.02 2.33 3.70 3.85 269.28 104.84 42.35 26.51 60.21 23.55 8.11 5.96

MD
Absolute (m3) −0.01 −0.01 −0.01 −0.00 0.50 0.18 0.06 −0.03 0.49 0.17 0.06 −0.03

Relative (%) −1.36 −1.11 −0.77 −0.27 215.65 76.46 27.00 −13.41 48.09 16.56 5.56 −3.27

Table 2.  Comparison of volume Estimation accuracy for loblolly and longleaf pine using QSMs generated 
from wood points segmented by four different algorithms.

 

Scientific Reports |        (2025) 15:24427 11| https://doi.org/10.1038/s41598-025-09681-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


accuracy declined significantly in dense needle crowns. Xi et al. (2018)31 proposed a 3D convolutional network 
for conifer stem filtering, while Wan et al. (2021)30 developed a patch-wise separation approach that performed 
well in Darian larch plots. However, most of these studies were conducted on temperate conifers such as spruce, 
fir, or larch, which typically have shorter needles and more compact and symmetrical crowns. In contrast, the 
southern pines in our study—loblolly and longleaf—feature long, flexible needles clustered at the end of branches. 
These differences in foliage distribution and branch structure affect the point cloud characteristics, meaning 
that algorithms or parameterizations optimized for northern conifers may not generalize well to southern pine 
morphology. Moreover, the more irregular branching angles and less cylindrical branch shapes commonly seen 
in southern pines introduce a different set of considerations for QSM modeling that are distinct from those 
observed in boreal or temperate conifers.

Fig. 8.  Comparison of observed vs. estimated first-order branch number and branch volume for loblolly 
and longleaf pine using QSMs generated from TLS 3D point cloud segmented as wood components by four 
different algorithms (red line representing perfect agreement).

 

Scientific Reports |        (2025) 15:24427 12| https://doi.org/10.1038/s41598-025-09681-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


In our study, we evaluated four segmentation algorithms and reported higher-than-average accuracies for 
coniferous trees: 0.92 (DBSCAN) and 0.98 (KPConv) for loblolly pine, and 0.90 and 0.95, respectively, for 
longleaf pine. These results demonstrate the applicability of both rule-based and learning-based approaches to 
morphologically distinct southern pine species, which to our knowledge have not been extensively studied in 
the context of leaf-wood segmentation. Beyond overall accuracy, we also assessed segmentation performance 
using correctness and completeness, following recent practices by Cai et al.61 While DBSCAN showed higher 
incorrectness (0.13), it still achieved good completeness (0.87), capturing the majority of wood points. Graph, 
by contrast, exhibited excellent completeness (0.98 for loblolly pine) but lower correctness (0.81), suggesting 
an overclassification of leaf points as wood. These comparative metrics provide more nuanced insights into 
the relative strengths of each algorithm and their implications for downstream QSM accuracy, particularly in 
reconstructing finer branch volumes.

Efficiency is another critical factor in selecting segmentation methods. In terms of processing time, all four 
algorithms in our study handled point clouds with over six million points per tree. However, the time required 
to process these data varied significantly. Training the KPConv network on an NVIDIA Quadro RTX 5000 
GPU took approximately 3 days. Once trained, inference time was approximately 2–5 min per tree, making it 
more competitive for large-scale applications. It also demonstrated robust performance across both loblolly and 
longleaf pine species, indicating its potential to generalize well without extensive retraining. For comparison, 
segmenting 40 trees took 10 h with the Graph-based method (~ 15 min/tree), 8 h with DBSCAN (~ 12 min/tree), 
and 2 days with TLSep (~ 72 min/tree). While KPConv outperforms in accuracy, it requires a substantial initial 
time investment for model training and the manual effort to create annotated training datasets. It also relies 
on high-performance GPUs, which may limit its accessibility for some field applications. This contrasts with 
methods like DBSCAN, which do not require training data and offer a favorable balance between computational 
efficiency and segmentation performance.

Considerations for model transferability
The structural characteristics of longleaf pine and loblolly pine significantly influence the accuracy of both 
3D segmentation algorithms and QSM generation. Longleaf pine’s open crown architecture, with long needles 
concentrated at the ends of branches in the upper crown and a largely branch-free trunk62 reduces occlusion in 
point cloud data, simplifying leaf-wood separation. This branching facilitates accurate QSM generation, as fewer 
branches lead to clearer delineation of the stem and first-order branches. Conversely, loblolly pine’s denser crown 
and more evenly distributed needles present greater challenges for segmentation, particularly in the mid-crown 
region where leaf and woody elements overlap, increasing the potential for misclassification, as seen in TLSep 
and Graph segmentation results.

Considering the structural uniqueness of different species, model transferability becomes a crucial challenge. 
Methods like DBSCAN and Graph rely on linearity-based clustering, which is species-specific and requires 
threshold adjustments to accurately define clusters. For example, Graph performed well with longleaf pine but 
required additional tuning for loblolly pine due to its more complex branching patterns. The need for species-
specific thresholds adds to the complexity of applying these methods to diverse species63. In contrast, deep 
learning models like KPConv, despite requiring substantial manual annotation during training, generally 
demand less species-specific prior knowledge19.

Our results underscore the importance of tailoring segmentation and QSM methods to match species-specific 
structural traits. To enhance model transferability, benchmarking these methods using public datasets that cover 
various species and environments is essential. Public datasets would allow standardized comparisons and help 
establish baseline performance metrics across different ecological contexts64. Although our study focuses on two 
southern pine species, the insights gained may be partially applicable to other coniferous species that share similar 
architectural features, such as slash pine or ponderosa pine. However, interspecies differences in crown density, 
needle arrangement, and branching patterns may introduce additional challenges for both segmentation and 
QSM modeling. To address these limitations, we encourage future research to evaluate algorithm performance 
across a broader spectrum of coniferous species. This would help clarify the boundaries of generalizability and 
support the development of more robust, adaptive, or species-agnostic segmentation frameworks suitable for 
large-scale forest applications.

Evaluation of QSM metrics
Integrating TLS with QSM has been widely recognized as an accurate approach for estimating direct tree 
parameters such as height, diameter at breast height (DBH), and trunk and branch volume65–69. In this study, 
we evaluated how different leaf and wood segmentation algorithms impact QSM-derived metrics. Among the 
tested methods, KPConv demonstrated the highest accuracy, achieving trunk and branch volume estimates with 
a near-perfect correlation to manually segmented wood points (R² = 0.97). These findings are consistent with Ali 
et al. (2024)55 who reported that Random Forest achieved the highest overall accuracy and F-score, along with 
an excellent volume comparison (R² = 0.98).

While KPConv showed promising results in segmenting leaf and wood points and estimating volume metrics, 
the evaluation of accuracy in this study is based on comparisons with manually segmented data rather than 
ground truth derived from destructive harvesting. To our knowledge, destructively sampled QSM validation 
datasets for loblolly and longleaf pine at the individual branch level are currently lacking, which highlights a 
gap in the literature and the need for further empirical studies. Nevertheless, we ensured internal consistency by 
comparing multiple QSM algorithms and evaluating correlations with manually segmented reference datasets. 
In the broader context, other studies have validated QSM-derived metrics with harvested data in different 
species. For example, Calders et al. (2022)70 demonstrated the utility of TLS and QSM in achieving accurate 
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volume measurements with destructively harvested trees, while Martin-Ducup et al. (2021)71 showed median 
relative errors ranging from 39 to 115% in fully automated QSM pipelines.

To ensure robust and stable results in generating QSMs, we tested four QSM models and ultimately selected 
the most suitable approach for our dataset. TreeQSM emerged as the optimal algorithm for modeling southern 
pine trees, particularly based on first-order branch number metrics. However, it is important to acknowledge 
the limitations of TreeQSM versions, as highlighted by Morales and MacFarlane (2024)49. The latest version, 
2.4.x, further enhanced higher-order branch reconstruction and tree topology but applied a more relaxed taper 
constraint, leading to overestimation of branch volume. In our study, we used TreeQSM v2.4.1, which may not 
provide the most accurate estimates for absolute volume due to its overestimation of higher-order branch volume. 
However, as our analysis focuses on the relative accuracy of different leaf and wood segmentation algorithms 
rather than comparisons with ground truth, v2.4.1 proved suitable for evaluating the relative performance of 
these methods. To assess reconstruction consistency, we performed 20 repeated QSM reconstructions using 
the same parameter set for each segmentation output. The resulting coefficients of variation for trunk, branch, 
and total volume were generally low across all methods, indicating that TreeQSM v2.4.1 is robust under fixed 
settings. It also highlights that segmentation accuracy affects reconstruction stability—methods with more 
accurate wood point separation, such as KPConv, consistently yielded lower uncertainty (see Supplementary 
Figure S3).

As noted in previous studies, TLS-QSM workflows face challenges in reconstructing fine branch structures, 
particularly for branches below 3 cm in diameter72. To address current limitations, we are further leveraging 
the detailed structural data collected during destructive harvesting, including first-order branch angle, basal 
diameter, and length. These traits will be used to evaluate the topological fidelity of QSMs and to identify 
systematic deviations across models. Building on this dataset, we aim to develop phenotype-based error 
diagnostics and model correction strategies—for example, by applying regression analysis to relate QSM-derived 
and field-measured traits, or using these measurements as priors to constrain reconstruction algorithms. In 
addition to trait-based correction, deep learning-based point cloud completion methods such as PoinTr73 may 
help recover missing fine-scale structures in sparsely sampled or occluded regions, offering a complementary 
approach to structural refinement. It’s also necessary to evaluate the potential of next-generation QSM tools, such 
as TreeGraph69 which allow probabilistic fitting of uncertain structures and may better accommodate variability 
in conifer crown morphology. These directions will provide a more comprehensive evaluation framework 
for QSM reliability at the fine-branch level and support the development of more adaptive and biologically 
consistent modeling pipelines.

Conclusion
The rapid advancements in TLS point cloud data processing have enabled forest researchers to obtain detailed, 
fine-scale information about trees. Our study provides a comprehensive framework for evaluating the accuracy 
and effectiveness of various segmentation methods (TLSep, Graph, DBSCAN, and KPConv) in generating 
reliable QSMs for southern pine trees. From our findings, several key conclusions can be drawn. First, KPConv 
consistently emerged as the most accurate method for segmenting wood and leaf points, leading to highly 
reliable QSMs across trunk, branch, and total volume estimates. Although DBSCAN showed slightly lower 
accuracy, it offers a valuable balance between computational efficiency and accuracy, making it a practical 
option in scenarios where resources or time are constrained. Second, our study highlights the critical impact of 
segmentation accuracy on the reliability of QSM-derived metrics, emphasizing the need for careful selection of 
segmentation methods based on specific research or management goals. This is particularly relevant for forest 
managers seeking to implement TLS in forest monitoring and management. Finally, despite the success of these 
methods, challenges remain in fully capturing fine branch details, especially in dense canopy regions. Future 
research should focus on refining these segmentation techniques and validating their performance through 
additional fieldwork. The insights gained from this study contribute to the ongoing development of non-
destructive and efficient tools for forest structural research, offering a promising direction for expanding the use 
of TLS across diverse forest ecosystems.
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