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Abstract

This study proposes an Automatic Branch Modeling (ABM) framework that combines
AdTree and AdQSM algorithms to reconstruct individual tree models and estimate timber
volume from fused Hand-held Laser Scanners (HLS) and Unmanned Aerial Vehicle Laser
Scanners (UAV-LS) point cloud data. The research focuses on two 50 × 50 m primary tropi-
cal rainforest plots in Hainan Island, China, characterized by dense and vertically stratified
vegetation. Key steps include multi-source point cloud registration and noise removal,
individual tree segmentation using the Comparative Shortest Path (CSP) algorithm, extrac-
tion of diameter at breast height (DBH) and tree height, and 3D reconstruction and volume
estimation via cylindrical fitting and convex polyhedron decomposition. Results demon-
strate high accuracy in parameter extraction, with DBH estimation achieving R2 = 0.89–0.90,
RMSE = 2.93–3.95 cm and RMSE% = 13.95–14.75%, while tree height estimation yielded
R2 = 0.89–0.94, RMSE = 1.26–1.81 m and RMSE% = 9.41–13.2%. Timber volume estimates
showed strong agreement with binary volume models (R2 = 0.90–0.94, RMSE = 0.10–0.18
m3, RMSE% = 32.33–34.65%), validated by concordance correlation coefficients (CCC) of
0.95–0.97. The fusion of HLS (ground-level trunk details) and UAV-LS (canopy structure)
data significantly improved structural completeness, overcoming occlusion challenges
in dense forests. This study highlights the efficacy of multi-source LiDAR fusion and
3D modeling for precise forest inventory in complex ecosystems. The ABM framework
provides a scalable, non-destructive alternative to traditional methods, supporting carbon
stock assessment and sustainable forest management in tropical rainforests. Future work
should refine individual tree segmentation and wood-leaf separation to further enhance
accuracy in heterogeneous environments.

Keywords: LiDAR fusion; tropical rainforest; 3D reconstruction; individual tree volume;
AdQSM

Remote Sens. 2025, 17, 3030 https://doi.org/10.3390/rs17173030

https://doi.org/10.3390/rs17173030
https://doi.org/10.3390/rs17173030
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://doi.org/10.3390/rs17173030
https://www.mdpi.com/article/10.3390/rs17173030?type=check_update&version=1


Remote Sens. 2025, 17, 3030 2 of 24

1. Introduction
Forest ecosystems serve as the cornerstone of terrestrial ecosystems and are pivotal to

the biosphere, exerting a profound influence on the regulation of the global carbon cycle and
the maintenance of climate stability [1]. Forest inventory efforts are instrumental in enabling
precise and continuous monitoring of dynamic forest attributes, thereby supporting the
formulation of effective forest management strategies. The paramount objective of forest
surveys is to acquire detailed spatial structural parameters, encompassing metrics such as
canopy height, leaf area index, diameter at breast height (DBH), tree height, and volumetric
assessments. However, conventional forest survey methodologies are often hindered by
prohibitive costs and time-intensive requirements [2], thereby substantially constraining
the practicality of establishing long-term forest monitoring programs.

In recent years, the advancement of Light Detection and Ranging (LiDAR) technology,
particularly its synergistic integration with unmanned aerial vehicles (UAVs) to pioneer
UAV-LiDAR systems (UAV-LS), has unveiled remarkable advantages in the realm of forest
surveys [3,4]. UAV-LS systems excel in swiftly capturing high-density, high-resolution 3D
point cloud datasets within forested landscapes. This exceptional capability empowers
the extraction of pivotal forest parameters, including tree height, crown spread, and stand
density at the individual tree level across survey plots, thereby refining the precision of
forest volume estimations [5,6]. Moreover, the integration of UAV-LS technology into forest
inventory workflows significantly bolsters operational efficiency, streamlining processes
and enhancing productivity.

Ground-based LiDAR systems, encompassing Terrestrial Laser Scanning (TLS) and
Mobile Laser Scanning (MLS), offer the capability to scan forest interiors from the ground
upwards, thereby capturing intricate spatial structural parameters with remarkable preci-
sion. These systems hold significant promise for accurately estimating forest timber vol-
umes due to their ability to delineate fine-scale details within forested environments [7,8].
TLS, leveraging a stationary LiDAR platform, excels in generating highly accurate point
cloud datasets of trees, and has found widespread application across diverse facets of
forest surveys and parameter extraction [9–13]. However, the data acquisition process
using TLS often demands substantial time investments and necessitates multiple scanner
repositionings (or multi-station setups) to ensure comprehensive coverage of survey plots,
which can be time-consuming and labor-intensive [14].

In contrast, MLS systems, including backpack laser scanning (BLS) and handheld
laser scanning (HLS) configurations, enable seamless, continuous point cloud data collec-
tion while in motion. This capability facilitates the rapid acquisition of nearly complete
plot datasets within significantly reduced timeframes, enhancing operational efficiency
and data acquisition throughput. Recent research endeavors exploring the application
of MLS technologies for extracting individual tree parameters in forestry surveys have
reported encouraging preliminary findings, underscoring the potential of MLS systems to
revolutionize forest inventory practices [15–17].

In practical forest inventory operations, acquiring comprehensive three-dimensional
structural information using a solitary LiDAR device poses substantial challenges, particu-
larly within complex ecosystems such as the tropical rainforests of Hainan Island, China.
These environments are characterized by intricate vertical stratification and densely packed
tree crowns with irregular, interwoven distributions, significantly complicating the task
of achieving thorough data capture. For example, while UAV-LiDAR systems (UAV-LS)
excel at capturing detailed information pertaining to forest canopy height, they often fall
short in recording critical trunk-level details due to the limited penetration capacity of
laser beams through dense foliage [18]. Conversely, ground-based LiDAR systems are
adept at obtaining high-resolution point clouds of tree trunks and understory features,
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yet they encounter difficulties in capturing structural information from the upper canopy
layers [19].

These inherent constraints associated with single-source LiDAR data collection lead to
incomplete point cloud datasets, thereby introducing considerable inaccuracies in the mea-
surement of forest structural parameters and subsequent timber volume estimations. As a
result, the integration of multisource remote sensing data has emerged as an indispensable
strategy for achieving comprehensive and precise measurements of forest 3D structure.
This synergistic approach leverages the complementary strengths of diverse data sources
to mitigate the limitations of individual sensors, ultimately enhancing the accuracy and
reliability of forest inventory assessments [20].

In recent years, Quantitative Structure Models (QSM) algorithms have gained
prominence for their capacity to non-destructively estimate tree volume through three-
dimensional simulations that replicate the actual morphological characteristics of individual
trees [16,21,22]. This innovative methodology has found significant application in tropical
forest research, where it facilitates detailed volumetric assessments without the need for
invasive sampling techniques. For instance, Tanago et al. [23] leveraged Terrestrial Laser
Scanning (TLS) point clouds to construct intricate 3D tree models, thereby enabling the
estimation of aboveground biomass in large tropical forest trees. Their study underscored
the efficacy of QSM algorithms in navigating the complex structural configurations inherent
to tropical forest ecosystems. Similarly, Krishna Moorthy et al. [24] employed the TLS-QSM
framework to estimate the volume of liana stems within tropical forests, revealing a robust
correlation between volumes derived from 3D tree models and those obtained through
direct measurements.

Building upon these advancements, Du et al. [25] and Fan et al. [26] introduced the
AdTree and AdQSM methodologies, which further expanded the capabilities of QSM
algorithms. These approaches provide a robust geometric foundation for automated, high-
fidelity, and precise 3D reconstructions of actual trees, while simultaneously enabling the
quantification of key forest inventory parameters such as diameter at breast height (DBH),
tree height, and volume. The accuracy of the AdQSM method in estimating individual
tree attributes—including DBH, height, volume, and aboveground biomass (AGB)—has
been rigorously validated across diverse datasets, encompassing LiDAR point clouds, pho-
togrammetric point cloud data, and even destructive sampling data [27]. These validations
underscore the reliability and versatility of AdQSM in addressing the complexities of forest
inventory tasks across a range of environmental conditions.

However, a notable limitation of these existing methodologies is their exclusive re-
liance on singular LiDAR data sources, without incorporating the fusion of terrestrial
and aerial datasets. This constraint is particularly pronounced in structurally intricate
tropical rainforests, where a single data source often proves inadequate in capturing the
full spectrum of forest structural information. The integration of data from multiple
perspectives—encompassing both ground-based and aerial vantage points—is therefore
imperative to enrich the dataset and enhance the accuracy and comprehensiveness of
forest structural assessments. Moreover, the AdQSM algorithm, while advanced, does
not inherently incorporate a wood-leaf separation step within its processing pipeline. In
tropical rainforests, trees are typically characterized by luxuriant foliage with complex
and heterogeneous spatial distributions. This dense and variable canopy cover can sig-
nificantly confound modeling outcomes, as the algorithm may struggle to differentiate
between woody components and foliage when reconstructing tree structures from point
cloud data [28]. Consequently, implementing a preprocessing step for wood-leaf separation
is essential to ensure that the subsequent reconstruction of woody components is based
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on accurate and uncontaminated point cloud data, thereby yielding more reliable and
precise results.

The tropical rainforests of Hainan Island serve as China’s equatorially nearest rainfor-
est ecosystem, forming a cornerstone of the nation’s rainforest biome. Despite constituting
only 22% of the world’s potential vegetation area [29], these rainforests are disproportionate
carbon sinks, storing 59% of global forest carbon and thereby playing a pivotal role in
modulating the global carbon balance and sustaining climate stability [30]. In the context
of escalating global concerns over carbon neutrality and climate change, the precise estima-
tion of tree volume within this region is imperative. Such accuracy is vital for elucidating
Hainan Island’s carbon sequestration potential and for assessing the integral role that
Chinese tropical rainforest ecosystems play within the broader global carbon cycle.

This study concentrates on rainforest sample plots situated within Hainan Island,
employing an innovative fusion of Handheld Laser Scanning (HLS) and Unmanned Aerial
Vehicle-based Laser Scanning (UAV-LS) point cloud datasets to meticulously extract individ-
ual tree structural parameters, notably diameter at breast height (DBH) and tree height. The
research methodology synergistically integrates advanced wood-leaf separation techniques
with the sophisticated AdQSM algorithm to facilitate precise estimation of individual tree
volumes. The research objectives are three-pronged: (1) to amalgamate HLS and UAV-LS
LiDAR data, thereby enabling the extraction of individual tree parameters within the
intricate structural matrices of Hainan Island’s tropical rainforest stands; (2) to construct
detailed individual tree models by integrating wood-leaf separation methodologies with
the AdQSM algorithm, with the specific aim of enhancing the accuracy of tree volume
estimations; (3) to critically evaluate the feasibility of the proposed methodology by juxta-
posing the modeled individual tree volumes against those derived from established binary
volume models, thereby ascertaining the method’s efficacy and reliability. This integrated
framework is rigorously validated through meticulous comparisons with field-measured
data, ensuring the robustness and reliability of the findings.

2. Materials
2.1. Forestry Data Acquisitions

The research area is situated within the Hainan Island Tropical Rainforest National
Park (Figure 1), renowned for its exceptional biodiversity and ecological significance.
Within this expansive protected area, forest coverage attains an impressive 95.86%, un-
derscoring its status as a vital ecological haven. Natural forests dominate the landscape,
spanning 3267.93 km2 and constituting 76.56% of the national park’s total area. Plantation
forests, though smaller in scale, cover 824 km2 and account for 19.3% of the park’s territory,
contributing to the region’s diverse forest mosaic. The park is situated within a tropical
marine monsoon climate zone, characterized by abundant sunshine and high total solar
radiation, which foster a year-round warm and humid environment. The annual average
temperature oscillates between 22.5 ◦C and 26.0 ◦C, creating a conducive microclimate for
tropical flora and fauna. Precipitation is equally generous, with an annual average rainfall
of 1759 mm, ensuring a lush and verdant ecosystem.

For the purposes of this study, we selected two 50 × 50 m primary forest plots as our
research sites. Given the study’s focus on quantifying the standing timber volume within
these plots, we meticulously measured the DBH and tree height for all trees within the
sample plots. These measurements, summarized in Table 1, provide a detailed snapshot
of the forest’s structural attributes. By leveraging advanced remote sensing technologies
and rigorous field measurements, this study seeks to enhance our understanding of for-
est carbon dynamics and inform sustainable forest management practices in Hainan’s
tropical rainforests.
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Figure 1. Schematic diagram of study area and sample plot. (a) Hainan Island Tropical Rainforest
National Park (red border) and red stars represent the locations of two plots; (b) schematic diagram
of plot 2; (c) schematic diagram of plot 1.

Table 1. Field survey structural data of sample plots.

Plot Tree Count
DBH (cm) Tree Height (m)

Average Min Max Average Min Max

1 109 21.00 8.14 51.6 13.43 5.069 21.75
2 97 26.78 7.8 75.16 13.73 3.283 28.658

Note: Tree count is total number of trees measured in each plot. DBH is the diameter at breast height, Min is
Minimum, Max is maximum.

2.2. Handheld Laser Scanning Data

The HLS data for this study were collected on 15 December 2024, under optimal
conditions of clear weather and moderate afternoon breeze (2:00–2:45 p.m.) to ensure high-
fidelity 3D point cloud acquisition. The Feima SLAM100 handheld laser scanner (Feima
Robotics Co., Ltd., Shenzhen, China), featuring a 360◦ rotating head, light-independent
operation, and SLAM-based GPS-free navigation, was deployed to capture the 50 × 50 m
sample plots with 5 cm absolute accuracy and a 120 m max measurement range. Scanning
each plot required approximately 25 min, including initialization, structured grid-like paths
with overlapping coverage, and real-time quality checks via the SLAM Go APP, followed
by 10 min of post-processing for data registration and export. The resulting point cloud for
plot 1 (Figure 2a) demonstrates dense reconstruction of tree trunks, understory vegetation,
and ground topography with minimal occlusion artifacts, validating the SLAM100’s suit-
ability for complex tropical rainforest environments and providing a robust foundation for
subsequent wood-leaf separation, tree segmentation, and volume estimation analyses.
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Figure 2. The point cloud data of plot1, (a) The point cloud data acquired by Feima SLAM100
handheld laser scanner; (b) The point cloud data acquired by DJI UAV combined with Zenith
L2 equipment.

2.3. UAV-LS Data

The UAV-LiDAR data were acquired using a DJI M300 RTK multi-rotor UAV (Da-Jiang
Innovations Science and Technology Co., Ltd., Shenzhen, China) paired with a Zenith L2 Li-
DAR sensor (Da-Jiang Innovations Science and Technology Co., Ltd., Shenzhen, China), cho-
sen for its robust performance in challenging tropical rainforest environments. The UAV’s
integrated RTK module ensures sub-centimeter geospatial accuracy (≤10 mm + 1 ppm
horizontal, ≤15 mm + 1 ppm vertical), critical for aligning LiDAR returns with ground
control points and HLS datasets. The Zenith L2 sensor operates efficiently across a −20 ◦C
to 50 ◦C temperature range and achieves a maximum point cloud data rate of 1.2 million
points/s under multi-echo conditions, enabling rapid and dense 3D reconstruction. At
a 150 m relative flight altitude, the system achieves ≤5 cm planar accuracy and ≤4 cm
elevation accuracy, facilitating detailed topographic and canopy structure mapping. To
maximize ground point extraction in dense vegetation, flights were conducted at 100 m
altitude with a 5-echo maximum setting, balancing penetration depth and data density.

UAV missions were timed to coincide with handheld LiDAR (HLS) surveys to en-
sure temporal consistency. Flight plans were pre-programmed using DJI Terra (V4.2.5)
software, optimizing route overlap (70%) and scan angle (±15◦ from nadir) for uniform
coverage. Each 50 × 50 m sample plot required 15 min for data collection, including system
initialization, automated flight execution, and real-time monitoring via the DJI Pilot 2 app.
Post-processing with DJI Terra (V4.2.5) software involved: (1) RTK-corrected trajectory
alignment to minimize drift, (2) multi-echo point cloud classification to separate ground
and vegetation returns, and (3) noise filtering to remove atmospheric artifacts. This work-
flow yielded a high-precision point cloud dataset in ~30 min per plot, ensuring seamless
integration with HLS data for multi-sensor fusion.

3. Methods
The overall workflow of this study is shown in the Figure 3 below. Initially, the UAV-LS

and HLS datasets are fused. Subsequently, the fused point cloud data is segmented to
extract individual tree-level point clouds. In the final stage, individual tree models are
constructed and relevant parameters are extracted.

3.1. Point Cloud Registration and Noise Removal

To achieve a seamless and multi-scale representation of forest structure, the inte-
gration of HLS and UAV-LS point clouds was anchored in a GNSS-centric registration
framework during data acquisition, ensuring both datasets were inherently aligned to the
China Geodetic Coordinate System 2000 (CGCS2000). For UAV-LS data, the DJI M300
RTK’s IMU-GNSS (Da-Jiang Innovations Science and Technology Co., Ltd., Shenzhen,
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China) integration provided RTK corrections, achieving sub-centimeter horizontal accuracy
(<1 cm) and vertical precision (<1.5 cm) by fusing inertial measurements with satellite-
derived positions. This system captured dense canopy returns while anchoring trajectories
to the CGCS2000 grid. For HLS data, the Feima SLAM100 scanner (Feima Robotics Co.,
Ltd., Shenzhen, China) combined SLAM-based pose estimation with intermittent GNSS
fixes (when canopy gaps permitted), enabling ground-level structural mapping with 5 cm
absolute accuracy. The dual-GNSS approach ensured that both datasets shared a com-
mon coordinate reference, eliminating the need for post-hoc spatial transformations and
minimizing registration errors.

 

Figure 3. Overview of the research workflow.

The CloudCompare platform [31] was employed for final validation and fusion of the
datasets, leveraging iterative algorithms to refine alignment. Key steps included: (1) coarse
alignment verification using common control points (e.g., plot boundaries, exposed ground
markers) to confirm sub-meter agreement; (2) Iterative Closest Point (ICP) [32] optimiza-
tion to minimize point-to-point distances in overlapping regions, achieving registration
RMSE values < 10 cm; and (3) quality checks via visual inspection of canopy-ground
continuity and statistical analysis of point density distributions. The resulting merged
point cloud (Figure 4) fused dense UAV-LS canopy returns (e.g., leaf area density, crown
shape) with detailed HLS ground-level data (e.g., stem diameters, understory biomass),
enabling holistic analysis of forest vertical structure. The schematic in Figure 4 illustrates
the seamless overlay of HLS (red) and UAV-LS (green) datasets, demonstrating <10 cm
registration accuracy in overlapping zones and highlighting the synergy between airborne
and terrestrial LiDAR systems for tropical rainforest structural monitoring. This workflow
ensures methodological rigor, supporting robust carbon stock estimation and ecological
research in complex forest ecosystems.

Figure 4. Schematic diagram of fused HLS and UAV-LS point cloud data. Red represents HLS data,
green represents UAV-LS data (The image on the right is an enlarged view of the black box on the left).

After data registration, the aligned data underwent resampling to reduce the point
cloud data volume and eliminate some noise points. A random downsampling method
was initially employed to reduce the number of points by specifying a sampling rate.
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Considering the high point density in the study area, a sampling rate of 10% was adopted
in this study based on the results of multiple experimental trials. Subsequently, a statistical
filtering method [32] was applied to the resampled data to remove noise points. This method
calculated the mean (µ) and standard deviation (σ) of global distances, treating neighboring
points outside the interval defined by the mean and standard deviation (µ ± 3σ) as noise.
This method effectively removed isolated outliers while preserving critical structural details
such as fine branches and understory vegetation. After resampling and noise removal,
the number of points was reduced to approximately 30 million for plot 1 and 37 million
for plot 2. The optimized dataset provides a computationally efficient foundation for
subsequent individual tree segmentation, modeling, and volume estimation in the Hainan
tropical rainforest.

3.2. Feature Parameters Extraction

The CSP point cloud segmentation algorithm [33] is used to segment the registered
point cloud into individual trees before parameter extraction. The CSP algorithm employs
the shortest path approach and the theory of metabolic ecology, which can effectively
address the individual tree segmentation problem under various forest conditions with
strong adaptability and robustness.

The CSP method initially identifies seed points at the base of tree trunks, then proceeds
with individual tree segmentation based on these seed points. The presence of low shrubs
within the sample plot can significantly affect seed point extraction accuracy. Therefore,
during seed point acquisition, we strategically elevated the position of seed point extraction
to minimize interference from low vegetation. Furthermore, following the automated
individual tree segmentation process, any remaining shrubs and vines that could not be
automatically filtered were manually removed from the dataset. It is important to note
that the CSP algorithm requires normalization of the sample plot based on ground point
elevations. Ground point identification was accomplished using an improved progressive
triangulated irregular network (TIN) filtering algorithm [34]. Subsequently, point cloud
normalization was achieved by subtracting the Digital Elevation Model (DEM) height
values from the corresponding point cloud height values.

During the individual tree segmentation process using the CSP algorithm, key parame-
ters were set to enhance segmentation accuracy: the minimum number of clustering points
was set to 500, the minimum tree height to 3 m, and the trunk height to 2 m. These thresh-
olds were selected to reduce interference from low-lying shrubs and non-tree vegetation.
The algorithm initially extracted approximately 1000 individual tree point clouds from
both plot 1 and plot 2. However, the raw results included substantial noise and numerous
small-sized plants. After manual screening and the exclusion of trees with a DBH less than
7 cm, a total of 109 individual tree point clouds were retained for plot 1 and 97 for plot 2.

DBH and Tree Height (Ht) Acquisition

After completing individual tree segmentation, the next pivotal step entailed extracting
pertinent parameters, namely the DBH and tree height. To mitigate the impact of local
shape irregularities and gaps in the point cloud data on measurement accuracy, we began by
isolating two distinct horizontal slices from each individual tree’s point cloud. These slices
were positioned at heights of 1.0–1.15 m and 1.25–1.40 m, respectively. For trees exhibiting
a divergent base structure, the slice heights were judiciously adjusted downward following
a manual selection process. Once the slices were extracted, they were projected onto the
XY plane. A least-squares circle fitting algorithm was then applied to these projections to
determine the best-fit circles. Subsequently, the diameters corresponding to these circles
were calculated. The final DBH value for each tree was obtained by averaging the diameters
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derived from the two projected point cloud slices. It is worth noting that the least-squares
circle fitting method is widely regarded as one of the most precise techniques for DBH
extraction, outperforming alternatives such as the Hough transform circle detection and
cylinder fitting algorithms, as evidenced by reference [16]. A schematic diagram illustrating
the DBH acquisition process is presented in Figure 5 below.

Figure 5. Simulation of DBH extraction (the image is generated by the Python (v3.10) matplotlib
library (v3.5.0)). On the left is a demonstration image of a single tree point cloud, with a fitted cylinder
in the middle (red) and a top view on the right, with the fitted circle in red.

In this research, we registered the point cloud data with both the HLS point cloud and
the UAV-LS point cloud. This integration facilitated a more comprehensive representation
of each individual tree’s morphology. Furthermore, prior to analysis, the plot point cloud
data underwent a normalization process. Consequently, the tree height for each individual
in our study was defined as the maximum value of the Z-coordinate component within its
respective point cloud. Mathematically, this can be expressed using the following formula:

Ht = Zmax (1)

Here, Ht denotes the tree height of the individual tree, and Zmax denotes the maximum
value of the Z component of individual tree point cloud in the point cloud coordinate.

3.3. Model Construction and Volume Calculation
3.3.1. Automatic Branch Modeling (ABM)

The ABM approach for tree structure analysis comprises four principal stages, as
visually outlined in Figure 6. The initial step involves the segmentation of individual trees
from the registered point cloud data, a process that has been elaborated upon in prior
sections. The second stage focuses on extracting branch points and deriving the skeletal
structure from the point cloud data corresponding to each individual tree. This step is
crucial for understanding the branching pattern and overall architectural framework of the
tree. In the third phase, we employ a segmented cylinder fitting technique on the branch
point cloud to construct a detailed trunk model. This modeling is achieved through the
integration of the AdTree and AdQSM algorithms, which together offer a sophisticated and
adaptable approach to capturing the trunk’s geometric intricacies. Finally, the fourth step
involves calculating volume statistics for the fitted cylindrical sections of each individual
tree’s trunk. These volume measurements serve as the basis for estimating the timber
volume of each tree, a key metric in forestry and ecological assessments. The subsequent
sections of this discourse will predominantly center on the methodologies and outcomes
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associated with Steps 2, 3, and 4, providing in-depth insights into the technical procedures
and analytical findings.

 
Figure 6. Flowchart for timber volume estimation using ABM.

3.3.2. Branch Point Cloud Segmentation

Given the sheer volume and inherent complexity of raw point cloud data, this study
employs a preprocessing strategy to streamline the dataset, thereby reducing noise and
computational burden. Initially, we construct a KDTree from the original point cloud
data of each individual tree. This spatial indexing structure is instrumental in optimizing
subsequent search perations. We then identify the point with the lowest Z component
value within the tree’s point cloud, which serves as our starting reference point (i.e., the
point located at the lowest position on the trunk). Leveraging the radius nearest-neighbor
search method, we locate points within a predefined radius of this reference point. Taking
into account the typical spacing between branches and leaves, as well as our objective
to minimize point cloud complexity, we set the search radius to 0.1 m. Once the points
within the specified radius are identified, we compute the mean coordinates of these points.
This mean point effectively encapsulates the structural essence of the cluster, acting as a
simplified representative. Following this, we eliminate the original point cloud cluster
from our dataset to reduce computational overhead. We repeat this simplification process
iteratively, progressing from the base of the tree upwards. Ultimately, we obtain a simplified
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point cloud dataset that captures the complete morphology of the individual tree with
reduced complexity and noise. Mathematically, the simplified point expression is as follows:

C =
1
n

n

∑
i = 1

ci (2)

where, C represents the coordinates of the simplified point, and n represents the number of
neighboring points searched through the radius nearest neighbor search mothed.

When the simplified points are determined, the well-known Dijkstra shortest path
algorithm is used to calculate the shortest paths from the start point to other points in the
individual tree point cloud. Then the individual tree branch points will be extracted based
on the following two conditions:

(1) For each shortest path, seed points that exclude the start and end points are obtained
from the points on the path. Generally, the distance from the start point to a branch
point on the same shortest path is less than the distance from the start point to a leaf
point. Therefore, a radius nearest-neighbor search is employed to find neighboring
points near each seed point. Subsequently, the shortest paths from the start point to
the seed point and from the start point to its neighboring points are determined. If
the distance of the former is greater than the latter, the neighboring point is added
to the set of non-leaf points. Based on this condition, a portion of the leaf points can
be eliminated.{

pi ∈ {non − leaf}, if dis(begin, pi) < dis
(
begin, pseed

i
)

pi ∈ {other}, otherwise
(3)

pi represents the neighboring points of the seed points pseed
i , dis(begin, pi) and

dis
(

begin, pseed
i

)
represents the shortest path distance from the start point to the

neighboring points and seed point, respectively.
(2) Branch points characteristically exhibit high visit frequency in the shortest paths from

the root start point to t various leaf points. By leveraging this distinctive feature, we
record the traversal frequency of each point during shortest path calculations. Through
comparative analysis of these frequency values, we can effectively distinguish branch
points from other point types.{

pi ∈ {wood}, iflog(freq(pi)) ≥ σ·log(max (freq(p))), i = 1, 2, 3. . ., n
pi ∈ {other}, otherwise

(4)

pi represents the points in the point cloud of individual tree, f req(pi) represents the
access frequency of point pi, σ is the set threshold, log(max ( f req(p))) denotes the
logarithmic value of the highest value of the access frequency in the point cloud, and
n represents the number of point clouds.

Following the application of the aforementioned filtering conditions, both simplified
branch points and optimized shortest paths are obtained. Subsequently, these simplified
branch points are used to recover the corresponding points from the original point cloud,
resulting in the complete branch point cloud of the individual tree. This recovery pro-
cess ensures that while the identification method leverages simplified representations for
efficiency, the final branch point cloud maintains fidelity to the original data structure
(Figure 7).
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Figure 7. Schematic diagram of simplified point and branch and leaf separation. (a) Original tree
point cloud; (b) simplified tree structure; (c) simplified point cloud after branch-leaf separation (Green
represents leaves, orange represents branches); (d) reconstructed point cloud with separated branches
and leaves(Green represents leaves, orange represents branches).

3.3.3. Model Building and Volume Estimation

Following branch point cloud segmentation, the shortest path of simplified branch
points is derived, establishing the initial skeleton for model construction. With both the ini-
tial skeleton and branch point clouds available, trunk modeling proceeds using cylindrical
fitting techniques as referenced in the AdTree approach. AdTree is a precise, automated
modeling methodology that achieves tree model construction from laser-scanned data
through point cloud segmentation and cylindrical fitting (Figure 8). The modeling process
follows this sequence: initially, beginning at the tree trunk’s root, a branch point cloud
segment of predetermined height is extracted, after which a cylinder is fitted using iter-
ative nonlinear least squares to accurately simulate the actual trunk morphology based
on this point cloud segment. Subsequently, for upper branch sections with sparse point
clouds, allometric growth rules [35] are applied to determine the radius of the fitted cylin-
der. Figure 8 illustrates the model construction process, while Figure 9 displays selected
modeling results. The radius estimation is determined by the following expression:

rc = rp ×
(

lc

lp

)γ

(5)

where, rc is the radius of current node, rp represents the radius of its parent node, lc and lp

is the total branch length supported by the current node and parent node. γ denotes the
radius coefficient.

Figure 8. Model construction diagram, the point cloud in the black box is finally fitted as a green cylinder.
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Figure 9. Tree modeling based on the ABM algorithm.

Following the completion of cylinder fitting, the entire individual tree model forms a
complete and closed convex polyhedron. The tree volume calculation is performed using
the method from AdQSM, with the volume calculation expression as follows:

volume =
m

∑
i = 1

n

∑
j = 1

(
|(p × q)·r|

6

)
(6)

where volume represents the total volume including both trunk and branches, m denotes
the number of all convex polyhedra constituting the tree model, and n represents the
number of all triangular pyramids forming the convex polyhedron. The variables p, q, and
r represent the three vectors passing through the vertices of the triangular pyramid.

3.4. Validation

In order to evaluate the performance of the ABM method, this paper evaluates the
accuracy of both individual tree parameters and individual tree volume estimation. The
true value of individual tree volume is calculated using the formula of the binary volume
model with the following expression:

V = fD2Ht (7)

where V denotes the volume of the individual tree, D denotes the DBH of the individual
tree, Ht denotes the height of an individual tree, f is the fitting parameter. According to the
paper of Cheng et al. [36]. f differ between tree species and regions, the authors conducted
numerous data experiments on different tree species in different regions. As the study area
is situated in southern China and the sample plots comprise both needle-leaved and broad-
leaved trees, the needle-leaved model and the broad-leaved model for the southern region
in the paper were employed for the calculation of individual tree volume in this study.
The specific values of the f are presented in Table 2. The individual tree timber volume
calculated by the binary volume model was used as the reference value and compared with
that obtained by re-modeling the individual tree with the ABM method.
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Table 2. Binary volume model parameters and related indicators.

Model f R2 Sum of Squared Residuals (m3)

needle-leaved 3.5606 × 10−5 0.991 0.05
broad-leaved 3.4099 × 10−5 0.993 0.04

Root Mean Squared Error (RMSE), Root Mean Squared Error Percentage (RMSE%)
and Coefficient of Determination (R2) were used to evaluate the accuracy of DBH, tree
height and timber volume, the RMSE and R2 were expressed as follows:

RMSE =

√
∑n

i = 1
(
yi − yr

i
)2

n
(8)

RMSE% =
RMSE

y
(9)

R2 = 1 − ∑n
i = 1

(
yi − yr

i
)2

∑n
i = 1(yi − y)2 (10)

where n denotes the number of samples, yi denotes the calculated value of the correlation
parameter for the ith tree, yr

i denotes the actual observed value of the correlation parameter
for the ith tree, and y denotes the average of the actual observed values of the correlation
parameter for all trees in the plot.

In addition to the RMSE and the R2, the Concordance Correlation Coefficient (CCC)
was employed to assess the timber volume estimated by the ABM method, as demonstrated
in the following expression:

CCC =
2ρσxσy

σ2
x + σ2

y +
(
µx − µy

)2 (11)

where ρ denotes the correlation coefficient, σ denotes the variance of the input data, and µ

denotes the mean of the input data.

4. Results
4.1. Precision Analysis of Individual Tree Parameters
4.1.1. DBH Accuracy

Figure 10 presents a comparative analysis of DBH estimates derived from our method-
ology against their field-measured reference values in two distinct plots, alongside the
corresponding residual distributions. The Y-axis in each plot represents the reference values,
obtained through meticulous in-field manual measurements. In plot 1, the linear regression
model examining the relationship between the extracted DBH and the reference values
demonstrates exceptional accuracy. The R2 for this model is 0.89, indicating a strong linear
correlation. The slope of the fitted regression line is 0.98, suggesting minimal deviation from
the ideal 1:1 relationship. Furthermore, the RMSE is 2.93 cm, and the RMSE% is 13.95%,
reflecting a relatively low average discrepancy between the predicted and actual DBH
values. As depicted in Figure 10b, the residuals (the differences between predicted and
actual values) are confined within a narrow range of −6 cm to 6 cm. Notably, the estimation
accuracy remains consistent across the full spectrum of tree sizes, with no evident pattern
of error increasing or decreasing with DBH.
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Figure 10. Comparison of extracted DBH values with field-measured reference data for two plots,
and the distribution of calculated DBH for plot 1 (e) and plot 2 (f). (a,b) show the extracted DBH
values versus the reference values and the corresponding residuals for plot 1; (c,d) present the same
comparison for plot 2.
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In plot 2, the linear regression model assessing the consistency between the extracted
DBH and the reference values yields an R2 of 0.90, still indicative of a robust linear rela-
tionship. The slope of the fitted line is 0.96, slightly lower than that of plot 1 but remaining
close to the ideal. However, the RMSE in plot 2 is higher at 3.95 cm, the RMSE% is higher
at 14.75%, and the residuals span a broader range of −10 cm to 10 cm, as illustrated in
Figure 10d. This suggests that, while the model maintains a high level of accuracy, there is
slightly greater variability in the DBH estimates compared to plot 1.

As shown in Table 1, the mean DBH of trees in plot 1 is 21 cm, whereas that in plot
2 is 26.78 cm. Combined with Figure 10f, trees in plot 2 generally exhibit larger DBH
values than those in plot 1. Due to the complexity of the measurement environment and
potential human measurement errors, larger tree diameters inherently introduce greater
variability and measurement errors, potentially contributing to the higher RMSE and a
relatively wider residual range for DBH measurements in plot 2. In plot 1, trees are more
densely distributed and smaller in size, which may lead to denser foliage. Occlusion and
overlapping branches can affect the quality of point cloud acquisition, thereby reducing the
accuracy of DBH calculations. Overall, given the relatively large number of trees in both
plots (109 in plot 1 and 97 in plot 2) and the application of the same estimation method,
the difference in DBH estimation accuracy between the two plots is negligible, and both
exhibit high estimation performance.

4.1.2. Ht Accuracy

Figure 11 presents a comparative assessment of tree height (Ht) estimates derived
from individual tree point clouds against their field-measured reference values in two
distinct plots, accompanied by the corresponding residual distributions. The linear re-
gression analysis conducted on these datasets offers valuable insights into the accuracy
and consistency of our height estimation methodology. In Figure 11a, the R2 value for the
relationship between extracted tree heights and reference values is 0.89, indicating a robust
linear correlation. The slope of the fitted regression line is 0.93, closely approximating
the ideal 1:1 relationship. The RMSE for this plot is 1.26 m, with a RMSE% of 9.41%,
suggesting a low average deviation between predicted and actual tree heights. Similarly, in
Figure 11c, the R2 value is even higher at 0.94, with a fitted regression slope of 0.95. The
RMSE is 1.81 m, and the RMSE% is 13.2%. These results underscore the high accuracy of
tree height estimates obtained through our integrated approach, which leverages both HLS
and UAV-LS point cloud data.

Examining the residual plots provides further nuance to these findings. In plot 1
(Figure 11b), the majority of tree height calculation residuals fall within a narrow range of
−2 to 2 m, with only a few outliers beyond this interval. In contrast, plot 2 (Figure 11d)
exhibits a slightly wider residual distribution, with most residuals ranging between −3
and 3 m and a few instances of larger discrepancies. Notably, higher residual values tend to
occur in taller trees across both plots, likely due to the increased complexity and variability
associated with measuring larger canopies. However, in plot 2, smaller trees also occasion-
ally produce larger residuals, which may be attributed to data acquisition challenges.

As illustrated in Figure 11f, trees in sample plot 2 are generally taller than those in
plot 1. According to Table 1, combined with the observation in Figure 10e, trees in plot 2
have larger DBH values, suggesting a potential occlusion effect. Larger and taller trees may
obscure smaller ones, particularly in dense canopies, thereby impeding the collection of
accurate UAV point cloud data for these smaller trees. This occlusion could contribute to
the larger residuals observed in both taller and, in some cases, smaller trees within plot 2.
Overall, the tree height estimations for both plots achieved satisfactory results, highlighting
the advantages of integrating HLS and UAV-LS data for tree height estimation.
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Figure 11. Comparison of extracted Ht with field-measured reference values for two plots, along
with the distribution of calculated tree heights for plot 1 (e) and plot 2 (f). (a,b) show the extracted
Ht values versus the reference values and corresponding residuals for Plot 1; (c,d) present the same
comparison for plot 2.
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4.1.3. Accuracy Analysis of Timber Volume

Figure 12 presents a detailed comparative analysis of timber volume estimates derived
from the ABM method against the reference timber volume values calculated using the
binary volume model for all individual tree point cloud datasets across two distinct plots.
This evaluation provides critical insights into the precision and reliability of our ABM-based
timber volume estimation approach. In plot 1 (Figure 12a), the RMSE for the estimated
timber volume is 0.10 m3, with the RMSE% of 34.65%, indicating a relatively low average
discrepancy between predicted and actual volumes. The linear regression model yields a R2

of 0.90, suggesting a strong positive linear correlation. Moreover, the CCC, which measures
the agreement between the two datasets beyond mere correlation, is 0.95, reflecting a
high degree of concordance. The slope of the fitted regression line is 0.83, indicating a
slight underestimation trend relative to the reference values, though remaining within an
acceptable range for practical applications.

Figure 12. Cont.
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Figure 12. Comparison of timber volume estimates derived using the ABM method with those
obtained from the binary volume model across two plots. (a,b) show the estimated individual tree
volumes versus reference values and corresponding residuals for plot 1; (c,d) present the same compar-
ison for plot 2. (e,f) illustrate the estimated individual tree volumes for plot 1 and plot 2, respectively.

In plot 2 (Figure 12c), the RMSE for the estimated timber volume increases to 0.18 m3,
with an RMSE% of 32.33%, suggesting a slightly higher average discrepancy compared to
plot 1. However, the linear regression model still demonstrates a strong correlation, with
an R2 value of 0.94. The CCC for this plot is even higher at 0.97, indicating an exceptional
level of agreement between the estimated and reference values. The slope of the fitted
regression line is 1.01, closely approximating the ideal 1:1 relationship, which suggests that,
on average, the ABM method provides accurate timber volume estimates in plot 2.

Examining the residual plots for both samples provides further nuance. In plot 1
(Figure 12c), the residuals (differences between estimated and reference values) range
predominantly between −0.3 and 0.3 m3, with only a few outliers beyond this interval. In
plot 2 (Figure 12d), the residuals are slightly wider, spanning between −0.4 and 0.4 m3,
though still within a relatively narrow range. Notably, the residual values for timber
volume estimation in both plots tend to increase as the timber volume itself increases. This
trend may be attributed to the inherent challenges in accurately measuring larger volumes,
where even minor errors in height or diameter estimates can have a more pronounced
impact on the final volume calculation.

5. Discussion
5.1. DBH Estimation Accuracy and Influencing Factors

The DBH estimation accuracy in this study (R2 = 0.89, RMSE% = 13.95% for plot 1;
R2 = 0.90, RMSE% = 14.75% for plot 2) was comparatively lower than previous research
findings (R2 up to 0.99) [14]. This discrepancy may be attributed to several factors. In our
study, tree trunk DBH estimation primarily relied on circular fitting, which is sensitive
to point cloud completeness. While some studies achieved R2 values of 0.95–0.99 using
ground-based point clouds alone [14,28], these were typically conducted in plantations
or sparse forests with favorable conditions, enabling high-quality point cloud acquisition.
Several factors may account for this discrepancy. In DBH estimation within forest plot, the
estimation primarily relies on circular fitting of tree trunks. Some studies have established
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that forest plot DBH estimation does not depend on fused point cloud data but rather on
ground-based point cloud data [28,37]. In previous studies, the plots for data acquisition
were mostly located in natural or plantation forests with favorable environmental condi-
tions, which allowed for the collection of high-quality point cloud data. In contrast, the
plots in the present study were located in primary tropical rainforest on Hainan Island,
characterized by a dense understory of shrubs and liana vegetation. These structural
complexities posed challenges for ground-based LiDAR data acquisition, limiting visibility
and reducing the completeness of trunk point clouds. Although both automated and
manual noise removal procedures were applied after individual tree segmentation, residual
occlusions and noise remained, ultimately reducing the accuracy of DBH estimation.

5.2. Tree Height Estimation and Multi-Source Data Integration

Tree height is a critical parameter for estimating volume of individual trees. Prior
research has shown that tree height derived from a single point cloud source tends to be un-
derestimated due to instrument limitations and environmental occlusion effects [14,38,39].
Integrating multi-source point cloud data effectively alleviates this problem. Since tree
height is calculated from the highest normalized point after removing ground elevation,
DEM accuracy directly impacts height estimation. In UAV-LS data acquisition, canopy
occlusion often limits ground point detection, leading to DEM errors and tree height un-
derestimation. Other influencing factors include point cloud sampling density, ground
point extraction algorithms, terrain ruggedness, and vegetation type [40]. In regions with
flat terrain and sparse vegetation, UAV-LS alone can typically capture sufficient ground
points to generate highly accurate DEMs, however, this is not the case in more complex
environments. On the other hand, using only ground-based equipment makes it difficult
to accurately detect the highest point of individual trees. Study [14] indicated that using
terrestrial LiDAR data alone yielded a maximum R2 of only 0.39 for tree height estimation.
According to Study [39], the R2 values for individual tree height estimation using a hand-
held LiDAR scanner were 0.35 in subtropical secondary forests and 0.52 in primary forests.
Therefore, in the study area of this research, the integration of multi-source point cloud
data can effectively leverage the strengths of different systems and substantially improve
the accuracy of tree height estimation.

In our experiments, R2 values for tree height estimation reached 0.89 and 0.94 for
plots 1 and 2, respectively. While slightly lower than results reported in plantations
(R2 = 0.96–0.98) [28] or sparse natural forests (R2 = 0.98) [41], the performance demon-
strates that meaningful estimation accuracy is achievable through multi-source data fusion,
even in structurally complex rainforest environments.

5.3. Volume Estimation Bias and Modeling Limitations

Using the proposed method, individual tree volumes were estimated for both plots.
The results revealed a strong correlation between the volumes computed using the ABM
and those predicted by the binary volume model, indicating the reliability of the proposed
approach (R2 > 0.9). But there are some issues that exist, analysis of the residuals from
tree volume estimation revealed that deviations increased proportionally with tree volume.
Several factors contribute to this phenomenon. First, although the AdTree-based method
is capable of effectively modeling trees, discrepancies remain between the reconstructed
models and the actual tree morphology. In reality, tree trunks are rarely perfectly cylindrical,
introducing more significant biases for larger trees [42]. Moreover, complete reconstruc-
tion of tree branches remains challenging [43]. As branch length increases, point cloud
completeness diminishes along the growth direction, and reconstruction becomes nearly
impossible at branch tips [43]. Previous studies have indicated that cylinder-fitting-based
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approaches are able to reconstruct only about 50% of the total branch length [44]. In tropical
rainforests, trees—especially large individuals—tend to have more complex branching
patterns, further amplifying modeling errors. Consequently, modeling larger trees tends to
produce greater deviations in volume estimation.

5.4. Methodological Limitations and Uncertainty Sources

Our volume estimation method was validated against a binary volume model rather
than through destructive sampling, introducing potential uncertainties. Since the study
area is located in Hainan Tropical Rainforest National Park, destructive sampling is prohib-
ited, preventing direct comparison between predicted and actual tree volumes. Previous
studies have highlighted that only destructive sampling can provide a reliable ground-truth
reference for validating tree volume estimates [45]. Even in previous studies, destructive
sampling has rarely been conducted, as it is time-consuming, costly, and, in some cases, not
permitted due to conservation policies [46,47].

Additionally, this study did not collect detailed species-level information, which
introduces an additional limitation. Although the binary volume model used in this study
has been validated with a large dataset, discrepancies may still exist for certain species with
atypical growth patterns, where model-estimated volumes may deviate from actual tree
volumes. Lastly, due to the highly complex environment of tropical rainforests, inevitable
measurement errors may occur during field data collection. In particular, both systematic
and random errors may arise during DBH and tree height measurements, caused by
vegetation interference, canopy occlusion, and other environmental factors [48].

Nevertheless, despite these uncertainties, individual-tree-based modeling and volume
estimation provide more precise and informative insights than area-based methods [49],
thereby offering greater potential for carbon stock assessment, ecological monitoring, and
forest management.

5.5. Challenges and Future Work

Previous studies on automated individual-tree parameter extraction have primarily
focused on plantations or temperate coniferous forests, where homogeneous structures,
regular spacing, and minimal canopy overlap facilitate data acquisition and processing.
In contrast, tropical rainforests exhibit extreme structural complexity, including dense
vegetation, overlapping canopies, irregular spacing, and diverse species compositions,
which limit LiDAR penetration and accuracy. These challenges complicate downstream
tasks such as ground point extraction and individual tree segmentation, highlighting the
urgent need for more advanced, adaptive, and robust algorithms.

Future research should focus on several key directions to further improve the robust-
ness and accuracy of individual-tree parameter estimation in complex tropical rainforest
environments. First, the current study relies on positioning device outputs for dataset
fusion and registration. However, in highly cluttered forest environments, positioning
failures may occur, potentially reducing registration accuracy. To address this challenge,
future studies should investigate feature-based registration approaches that utilize the
intrinsic geometric and radiometric characteristics of multi-source point cloud data, thereby
reducing dependence on external positioning devices.

Second, the modeling process in this study depends on individual tree point clouds
obtained through segmentation of plot-level point clouds. However, existing individual
tree segmentation algorithms often perform poorly under the structural complexity of
tropical rainforests, where dense understory vegetation and canopy overlap hinder ac-
curate boundary delineation. Future work should focus on developing more advanced,
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adaptive, and robust segmentation algorithms specifically designed for heterogeneous
forest structures.

Finally, the ground-truth tree volumes used in this study were derived from a binary
volume model, which inevitably introduces some degree of estimation bias. To further
validate the applicability and accuracy of the proposed method, future studies should
incorporate field experiments in sample plots where true tree volumes can be directly
obtained through controlled destructive sampling or alternative high-precision techniques.

6. Conclusions
This study employs a 3D reconstruction approach (ABM) that synergizes AdTree and

AdQSM algorithms to enable direct, non-destructive estimation of individual tree timber
volumes from fused point cloud datasets. By integrating HLS and UAV-LS technologies,
the methodology overcomes structural data acquisition challenges in complex tropical
rainforest ecosystems, as demonstrated through field experiments in two natural forest
plots on Hainan Island, China. The ABM approach achieves high-fidelity extraction of key
structural parameters of DBH and tree height with RMSE of 2.93 cm and 1.26 m in plot
1, and 3.95 cm and 1.81 m in plot 2. Notably, the direct volumetric modeling from point
clouds eliminates reliance on allometric equations, yielding RMSE values of 0.10 m3 and
0.18 m3 against binary volume model references, with R2 of 0.90 and 0.94 for the two plots.

The fusion of HLS and UAV-LS data addresses critical limitations of single-source
LiDAR systems, particularly in capturing below-canopy trunk details and above-canopy
crown architecture, thereby enhancing structural data completeness and reducing occlusion-
related inaccuracies. The ABM method demonstrated robust performance, even in plot 2,
characterized by taller, more dispersed trees with larger diameters, despite higher residual
variability attributed to measurement challenges in dense foliage. These findings highlight
the method’s adaptability to heterogeneous forest structures, where traditional survey
techniques struggle with data incompleteness and labor intensity.
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