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Abstract: Eucalyptus plantation forests in southern China provide not only the economic value of 
producing timber, but also the ecological value service of absorbing carbon dioxide and releasing 
oxygen. Based on the theory of spatial colonial modeling, this paper proposes a new method for 3D 
reconstruction of tree terrestrial LiDAR point clouds for determining the aboveground carbon stock 
of eucalyptus monocotyledons, which consists of the main steps of tree branch and trunk separation, 
skeleton extraction and optimization, 3D reconstruction, and carbon stock calculation. The main 
trunk and branches of the tree point clouds are separated using a layer-by-layer judgment and clus-
tering method, which avoids errors in judgment caused by sagging branches. By optimizing and 
adjusting the skeleton to remove small redundant branches, the near-parallel branches belonging to 
the same tree branch are fused. The missing parts of the skeleton point clouds were complemented 
using the cardinal curve interpolation algorithm, and finally a real 3D structural model was gener-
ated based on the complemented and smoothed tree skeleton expansion. The bidirectional Hausdoff 
distance, average Hausdoff distance, and F distance were used as evaluation indexes, which were 
reduced by 0.7453 m, 0.0028 m, and 0.0011 m, respectively, and the improved spatial colonization 
algorithm enhanced the accuracy of the reconstructed tree 3D structural model. To verify the accu-
racy of our method to determine the carbon stock and its related parameters, we cut down 41 euca-
lyptus trees and destructively sampled the measurement data as reference values. The R2 of the 
linear fit between the reconstructed single-tree aboveground carbon stock estimates and the refer-
ence values was 0.96 with a CV(RMSE) of 16.23%, the R2 of the linear fit between the trunk volume 
estimates and the reference values was 0.94 with a CV(RMSE) of 19.00%, and the R2 of the linear fit 
between the branch volume estimates and the reference values was 0.95 with a CV(RMSE) of 38.84%. 
In this paper, a new method for reconstructing eucalyptus carbon stocks based on TLS point clouds 
is proposed, which can provide decision support for forest management and administration, forest 
carbon sink trading, and emission reduction policy formulation. 

Keywords: TLS point clouds; aboveground carbon stocks; spatial colonization algorithm; tree  
structure; 3D reconstruction 
 

1. Introduction 
Traditional plot survey methods can obtain accurate forest carbon stocks. However, 

these methods are time consuming, labor intensive, and costly, making them difficult to 
apply on a large scale [1–3]. Remote sensing can accurately and rapidly provide infor-
mation on vegetation over large areas and has been widely used to estimate forest carbon 
stocks. Estimation of forest carbon stocks at different scales requires the application of 
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specific techniques, including field surveys at the individual tree and plot level, terrestrial 
laser scanning (TLS), airborne LiDAR or regional-level radar, and satellite remote sensing 
at the national or global level [4,5]. All techniques have their associated uncertainties, and 
these are transferred to the next level. Forest carbon stock measurements at any scale are 
deeply affected by the accuracy of the methods used to determine carbon stocks in indi-
vidual trees. Forest carbon stock estimates also require validation of ground survey prod-
ucts, and cuĴing and weighing trees is a direct method for accurately obtaining tree car-
bon stocks and biomass, which is commonly used to develop allometric growth models 
[5,6]. Allometric growth estimation is an indirect method for estimating carbon stocks and 
can verify the accuracy of remote sensing products at different spatial scales, but the un-
certainty of the results is difficult to quantify or even unknown. Once allometric growth 
models are selected or constructed, field measurements are often used to predict individ-
ual tree biomass. However, they do not provide spatial distribution of biomass on a large 
scale, especially in countries and regions without well-established national forest inven-
tory (NFI) or monitoring systems [7,8]. Remote sensing-based carbon estimates are often 
compared with field inventory-based assessments. However, almost all field-based car-
bon assessments are also estimates. Parameters such as survey data (i.e., tree diameter, 
height, wood density) are input into an isochronous growth model built by harvesting 
trees to predict biomass and carbon stocks [9]. The anisotropic growth equation provides 
the most probable value of statistically established biomass, rather than the actual biomass 
of the tree, which is standardized through destructive measurements. Large-scale map-
ping of forest carbon stocks requires validation and calibration of individual tree carbon 
stocks. Studies estimating biomass carbon stocks using Global Ecosystem Dynamics In-
vestigation GEDI, ICESat-2, GLAS, optical satellite imagery, SAR data, and airborne laser 
scanning (ALS) data, either alone or in combination with parametric and non-parametric 
techniques, have been developed at a range of spatial resolutions, forest types, and eco-
systems [8,10–13]. In addition, machine learning techniques can be combined to bring ac-
curate measurements of forest canopy height and carbon stocks to large-scale, more effi-
cient, and operational forest mitigation assessments. For example, airborne LiDAR has 
been shown to reduce errors in extrapolating aboveground biomass values to regional 
scales, but its calibration and validation still relies on ground-, individual-tree-level car-
bon stock data or products [13–16]. Therefore, accurate and non-destructive estimation of 
carbon stocks in individual tree level is important and challenging. 

Obtaining accurate and detailed forest structural information was revolutionized 
with the advent of TLS, which initially focused on measuring traditional structural metrics 
such as height and diameter at breast height (DBH) but eventually evolved into more ad-
vanced applications such as individual modeling of branches and stems, habitat assess-
ment, and tree species classification at both the single-tree and plot level of TLS [17,18]. 
TLS has been discussed as the preferred data source for forest aboveground biomass 
(AGB) validation and a potential new standard for assessing forest structure metrics [12]. 
Essentially, high-density point clouds are collected from the ground using TLS. From 
these point clouds, individual trees are segmented, and explicit geometric models are sub-
sequently built. These models are used to estimate the volume of wood in individual trees, 
which in combination with wood density allows for the estimation of AGB [19–22]. There-
fore, TLS is not a direct measure of tree AGB and should not be considered as such. Cur-
rent shortcomings of TLS-based AGB estimation include uncertainty in the within-tree 
variability of wood density trees, the estimation of the volume of small tree limbs (<10 cm 
in diameter), the variability in wood density within individual trees, and the variability 
in the estimation of the automated variability in processing chain estimates. TLS can pro-
vide high-quality and high-density point clouds with obvious advantages in measuring 
forest 3D structure, providing new ideas and methods for carbon stock determination in 
individual trees [17,23,24]. TLS-based point clouds allow quantitative reconstruction of 
tree 3D structural models and provide basic topological, geometric, and volumetric prop-
erties of trees. These properties also include the total number of branches and the order of 
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any branches, the parent–child relationships of branches, as well as the length, volume, 
and angle of individual branches, and the size distribution of branches. Theoretically these 
methods are independent of tree shape, size, and species, and allow direct reconstruction 
of tree volume, which in combination with wood density can be used to estimate tree 
biomass and carbon stocks. 

For example, TreeQSM is a QSM method developed by Raumonen et al. to recon-
struct the woody structure of trees (2013) and further developed by Calders, Newnham, 
and Raumonen et al. [20,25]. TreeQSM reconstructs the tree details using proximity rela-
tionships and geometric properties of the point set, which records the topological branch-
ing structure of the tree. The topology of the whole tree is fiĴed to the point clouds of a 
single tree by fiĴing cylindrical surfaces to it, and the volume of each cylindrical section 
is calculated, which in turn calculates the volume of the trunk and branches. Hackenberg 
et al. utilized the idea of pointing the point clouds of a tree through a spherical cut as a 
cylindrical section of a tree branch and further cylindrical fiĴing under the appropriate 
parameters of the center and radius of the circle [26]. Fan et al. updated and extended the 
AdTree method and proposed a new quantitative estimation method for tree aĴributes, 
AdQSM to extract DBH, tree height, volume, and AGB [19,27]. The calibration and vali-
dation of AGB products retrieved from satellite sensors requires accurate estimation of 
hectare (1 to 100 ha) AGB. Recent studies have recommended using non-destructive TLS-
based techniques for individual tree AGB estimation to provide unbiased AGB predictors. 
Individual tree geometric models constructed based on TLS point clouds are used to esti-
mate tree wood volume, which in combination with wood density can estimate AGB 
[28,29]. Some studies have shown that TLS can provide unbiased estimates of individual 
tree AGB with errors that are independent of tree size and low bias (±10%), while other 
studies show that the error increases with tree size [18,19,25,30]. In the absence of direct 
destructive measurements, TLS appears to be the best non-destructive estimate of indi-
vidual tree AGB. Therefore, the 3D modeling method of single trees based on TLS point 
clouds brings new ideas for us to determine the carbon stock. 

TLS point cloud reconstruction of tree 3D modeling is important for remote sensing 
estimation of aboveground carbon stock in single trees. By storing and displaying the real 
form of trees through computer modeling, it is possible to have a more comprehensive 
understanding of tree structure, growth, health status, and other aspects [31]. In general, 
the current computerized 3D reconstruction based on tree TLS point clouds mainly in-
cludes theories and methods such as clustering or segmentation, graph theory, iterative 
modeling, and spatial colonization [32]. The first three methods have now been proven to 
be used in TLS point clouds to measure tree biomass and carbon stock, while the spatial 
colonization algorithm originated from an algorithm proposed by Runions to solve leaf 
vein generation and was extended to tree modeling in subsequent studies, with the core 
idea of competing for the surrounding point clouds during the growth process and seĴing 
the deletion thresholds, influence radius, and step sizes to control the growth magnitude 
and direction, among other things [33]. The algorithm can utilize the principle of tree com-
petition for space to reflect the branch growth trend and generate a continuous skeleton. 
Shi yi et al. introduced angular constraints in the spatial colonization algorithm based on 
the characteristics of trees’ phototropic upward growth [34]. Each point cloud searches for 
the nearest skeleton and influences it, excluding the interference of point clouds outside 
the angular constraints, and the set of points within a certain range jointly influences the 
direction of the tree skeleton, which is in line with plant phototropism and the character-
istics of upward growth. The spatial colonization algorithm takes into account the com-
plex and variable structure of trees and can make full use of the principle of tree competi-
tion in space to more accurately generate a continuous skeleton reflecting the trend of 
branches and trunks, and the algorithm has a wider scope of application. However, the 
algorithm can cause some topological errors in the skeleton growth due to the limitation 
of the field of view, and it is also less capable of handling the separation phenomenon 
between branches caused by the missing point clouds [35,36]. When the missing part of 
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the point clouds is larger than the influence radius, the skeleton will stop growing in that 
direction, and, relying entirely on the Euclidean distance between the point clouds and 
expanding the influence radius, will result in topological or morphological errors. The 
skeleton growth process is more dependent on the field of view range; too large or too 
small field of view range will affect the accuracy of the skeleton, and the noise of fine 
branches inevitably occurs during the skeleton growth process [35]. Current spatial-colo-
nization-based tree modeling methods are poor at reconstructing missing parts of the 
point clouds when growth stops in that direction when it reaches the missing part. 

Our goal is to develop a single-tree-level aboveground carbon stock estimation 
method based on TLS point clouds. Specifically, we will propose a new method for 3D 
reconstruction of tree TLS point clouds for determining the aboveground carbon stock of 
Eucalyptus monocarps based on the idea of spatial colonial modeling, and develop a 
framework for reconstruction of Eucalyptus monocarps branches and trunks based on 
TLS point clouds, which includes the main steps of tree branch and trunk isolation, skel-
eton extraction and optimization, 3D reconstruction, and the calculation of carbon stock 
and related parameters. The reconstruction process generates a rough tree skeleton and 
then optimizes it and adjusts the unreasonable skeleton. It can reflect the structure and 
topological relationship of tree branches more accurately and propose effective strategies 
for the problem of incomplete tree skeleton due to the lack of point clouds. The main trunk 
and branches of the tree point clouds are separated using layer-by-layer judgment and 
clustering methods to avoid errors in judgment caused by sagging branches of trees. By 
optimizing and adjusting the skeleton to remove small redundant branches, near-parallel 
branches belonging to the same tree branch are fused. Curve interpolation algorithm will 
be used to complete the missing parts of the skeleton point clouds, generate a real 3D 
model of the tree based on the expansion of the smoothed tree skeleton, and realize the 
calculation of aboveground carbon stock based on the 3D model. We harvested 41 euca-
lyptus trees and used the measurement data of the felled trees to verify the accuracy of 
the calculation of carbon stock. For each tree, wood density values and carbon content 
were sampled and measured, combined with carbon stock calculations using tree 3D re-
construction. The aim of this study is to develop the utility of TLS in monitoring forest 
carbon stocks and to address the practical difficulties that limit the use of TLS for spatial 
colonization modeling of trees. This paper presents a new method for reconstructing eu-
calyptus carbon stocks based on TLS point clouds, which can provide decision support 
for forest management and management, forest carbon sink trading, and emission reduc-
tion policy formulation. 

2. Materials and Methods 
2.1. Terrestrial LiDAR Scanning of Eucalyptus Sample Trees 

In this paper, a Pentax S-3180V 3D laser scanner (PENTAX, Saitama, Japan) was used 
to scan the plots. The measurement distance is 187.3 m, the minimum measurement range 
is 0.3 m, the resolution is 0.1 mm, the maximum data acquisition rate is 1,016,027 points/s, 
and the linear error at 50 m is less than 1 mm. The vertical field of view is 320° and the 
horizontal field of view is 360 °. Vertical resolution is 0.0004° and horizontal resolution is 
0.0002°. The vertical accuracy and horizontal accuracy are 0.007°rms, and the scanning 
speed is less than 50 rps. A total of 41 eucalyptus sample trees were scanned in Guangxi 
Gaofeng State-Owned Forest Farm (22°49′–23°15′N, 108°8′–108°53′E). Among them, in the 
subordinate forest farms of Gaofeng Forest Farm, include Datang and Baise, 14 and 9 trees 
were scanned respectively, and 18 trees were scanned in the Wuming felling area of Nan-
ning arboretum. At the center of each small plot, we set up a scanning station (height of 
about 1.5 m), and uniformly inserted flower poles and pasted target paper to the bound-
aries of the plots and the unobstructed areas of the sample trees to ensure that neighboring 
stations could see at least three common points, which was convenient for data splicing 
(Figure 1). The scanning quality and resolution of each station were set to a high level, the 
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scanning time was approximately 3 min, and the density of the point clouds was approx-
imately 53,000 pixel/m2. The data were denoised by Z + F Laser control, and then imported 
into LiDAR 360 software (hĴps://www.lidar360.com/ (accessed on 1 May 2023))(Beijing 
GreenValley international, Ltd., Beijing, China) for pre-processing operations such as 
alignment and splicing, separation of ground points, and single-tree segmentation. 

 
Figure 1. Point clouds of sample trees using TLS (Terrestrial Laser Scanning). (The numbers in the 
figure are the target numbers). 

2.2. Felling and Measurement of Sample Trees 
To verify the accuracy of our method, felling was conducted after scanning the sam-

ple trees (Figure 2). First, the DBH and height of the felled trees were measured using 
circumference ruler and tape measure. The DBH measurements ranged from 6.3 cm to 
28.6 cm and the tree height measurements ranged from 11.10 m to 31.90 m. The branches 
of the felled trees were then weighed and resolved to determine the tree weights, tree 
volumes, wood densities, and carbon contents. To determine the wood density, the fresh 
volume of the tree core and branches was measured using the drainage method, and then 
the samples were dried in an oven at 65 °C for 72 h, while the dry volume was measured 
at regular intervals until a constant weight was optimal. To determine the carbon storage 
in the branch and trunk samples, the carbon content was determined using the potassium 
dichromate oxidation external heating method, which was repeated three times for each 
sample. 

 
Figure 2. CuĴing down of trees and the taking of destructive measurements. 
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2.3. Quantitative Reconstruction of Single-Tree Three-Dimensional Structure of Eucalyptus 
2.3.1. Tree Point Cloud Preprocessing and Branch–Trunk Separation 

The shape of the tree trunk is relatively regular, while the reconstruction of branches 
with complex structure requires more detailed information and will consume more com-
putational resources. Therefore, the trunk of the tree was separated from the branches, 
which reduces the computation during the search process of the spatial colonization algo-
rithm and also avoids the problem of the skeleton growing against the wall caused by the 
limitation of its field of view. After removing the outliers and noisy points of the trees, 
downsampling was performed using the neighborhood distance threshold homogeniza-
tion method. A plane was fiĴed around the point clouds neighboring each point, and the 
point was removed if it was too far from the plane. If too high a neighborhood radius (or 
too low an error threshold) was used, it removed sharp corner sections. Removing noise 
while preserving detailed features such as branch tips repeated the operation with a 
smaller radius and a relatively high error threshold. 

Based on the characteristic of compact growth of the trunk, the tree point clouds were 
segmented from boĴom to top according to the Z-axis direction of the point clouds and 
divided into multiple level sets for processing. Due to the irregularity of tree growth, the 
trunk cannot be completely separated by height, as other segments (e.g., drooping 
branches) other than the trunk appear in the same level set. Each segment was divided by 
clustering using the density-based DBSCAN clustering method. In the trunk, point clouds 
were clustered into one class and in the branches point clouds were divided into multiple 
classes. At the same time, to avoid misjudgment of branches caused by sagging tree 
branches, the distance between each class of point clouds and the previous segment of 
trunk point clouds were used as a test basis. The separation effect of single trunk and 
branches is shown in Figure 3. 

The specific process is as follows: 
(1) The tree point clouds are uniformly divided into n segments 𝑃𝑜𝑖𝑛𝑡𝑠ଵ…௡  in the 

order of Z-value from smallest to largest. 
(2) DBSCAN clustering method is carried out for a segment of point clouds 𝑃𝑜𝑖𝑛𝑡𝑠௜ 

according to the Z value from smallest to largest, clustered into k classes. 
(3) If k = 1, the segment point clouds are considered to still belong to the trunk part, 

step 2 is performed, and the judging of the next segment point cloud continues. If k > 1, 
the point clouds are divided into multiple classes according to the clustering of density, 
where the point clouds of class j in segment i is denoted as 𝑃𝑜𝑖𝑛𝑡𝑠௜

௝. 
(4) The closest distance 𝑑௜

௝
  between 𝑃𝑜𝑖𝑛𝑡𝑠௜ିଵ  and each point of 𝑃𝑜𝑖𝑛𝑡𝑠௜

௝
   point 

clouds are determined, as in Equation (1): 

𝑑௜
௝

= min(𝑝1, 𝑝2) (1)

where 𝑝1 ∈ 𝑃𝑜𝑖𝑛𝑡𝑠௜ିଵ, 𝑝2 ∈ 𝑃𝑜𝑖𝑛𝑡𝑠௜
௝ , and 1 ≤ 𝑗 ≤ 𝑘. 

If the nearest distance 𝑑௜
௝ is less than the point cloud neighbor threshold 𝑑௡௘௜௚௛௕௢௥ , 

then it is considered to be a branch caused by the extension of the trunk, and the number 
of branches is added to the 𝑏𝑟𝑎𝑛𝑐ℎ count by one; otherwise, it is considered to be caused 
by the sagging of the end of the tree branch, and it is not counted in the number of 
branches, and, at the same time, the point clouds of the pseudo-branching portion of the 
tree cloud caused by the situation are deleted in the 𝑃𝑜𝑖𝑛𝑡௜ to eliminate the influence of 
the subsequent steps. 

(5) If the number of branches 𝑏𝑟𝑎𝑛𝑐ℎ = 1, the branch has not been generated, the 
search is continued, and step 2 is implemented; if 𝑏𝑟𝑎𝑛𝑐ℎ > 1, then the branch has been 
generated at this time, at the end of the search, and 𝑃𝑜𝑖𝑛𝑡𝑠௜ିଶ is selected as the end of the 
trunk position. 
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Figure 3. Effect of separating the trunk and the branches. Red parts represent the trunk; Green 
parts indicate the separation points between the trunk and the crown; Blue and black parts repre-
sent branches. 

2.3.2. Improved Spatial Colonization Algorithm to Extract Tree Skeleton 
Runions proposed a spatial colonization algorithm with open vein sequences for leaf 

vein point extraction was used for 3D reconstruction [35]. The core idea comes from the 
competition for space during tree growth, which gradually generates skeleton points ac-
cording to the point cloud distribution. One cycle of the iteration of the spatial coloniza-
tion algorithm is shown in Figure 4. As shown in Figure 4a, the initial position of growth 
(i.e., the initial skeleton points) was first determined. Each point cloud in each iteration 
was associated with the skeleton point closest to it (Figure 4b), and each skeleton point 
finds the point clouds associated with it. These point clouds collectively influenced the 
growth of the next skeleton point by finding the normalized vectors from the skeleton 
point to these points (Figure 4c). The sum of these vectors was used as the growth direc-
tion of the next skeleton point (Figure 4d), and the distance of the next skeleton point is 
determined by the growth step. At the end of the growth phase, for newly grown skeleton 
nodes, the points within the radius of their deletion threshold were deleted (Figure 4e). 
The next loop, as shown in Figure 4f,g, was then performed until the specified number of 
iterations was reached or no more new skeleton points were generated. 
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Figure 4. (a–g) One cycle of skeleton growth of space colonization algorithm. Blue and orange 
indicate initial skeleton points and skeleton points to be searched, respectively. 

In process (b), since searching the entire point clouds to find the nearest skeleton 
point will reach 𝑂(𝑘𝑛) time complexity in each growth cycle, this paper uses a KD-Tree 
to establish the neighborhood relationship of the point clouds to achieve the effect of que-
rying the neighboring points faster. During the skeleton growth process, the original input 
point clouds P was unchanged, and so there was no need to repeatedly construct or up-
date the KD-Tree in each iteration. For the points to be deleted from P, an array of flag bits 
was used to record whether each point has been deleted or not, and the points marked for 
deletion were not used again in subsequent iterations. 

The effectiveness of the spatial colonization algorithm depends on important param-
eters such as the growth step 𝐷, the deletion threshold 𝑑௞ , and the influence radius 𝜌. 
The parameters can be adjusted appropriately if one expects to obtain skeleton points that 
accurately reflect the topology and direction of the tree’s branches and trunks. 𝜌 indicates 
the range of the field of view during the growth process, and when 𝜌 becomes smaller, 
the growth direction reflects the direction of the point clouds at the point closer to the 
current skeleton point. If the skeleton point slightly deviates from the main stem or the 
point clouds at that place are not uniformly distributed, it is easy to cause the problem of 
unstable growth direction. It is also possible that the point clouds in a certain part are 
sparse and the spacing is larger than the smaller influence radius leading to an early end 
of growth on that branch, which greatly increases the demand on the quality of the point 
clouds. When 𝜌 becomes large, the growth of the skeleton will prematurely encounter 
the bifurcation point of the branch, creating the problem of early bifurcation, which does 
not accurately reflect the structure of the skeleton. 

Usually, it is difficult for a field of view range to satisfy the above requirements at the 
same time; to obtain the skeleton points more accurately, a small and a large influence 
radius 𝜌ଵ, 𝜌ଶ  (𝑑௞ < 𝜌ଵ < 𝜌ଶ) are set, and the skeleton direction is predicted by using the 
field of view ranges of the two regions to affect the growth direction of the skeleton points 
together. In this paper, the main steps for extracting the tree skeleton based on the im-
proved spatial colonization algorithm are as follows: 
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(1) Initialization phase: input the tree branch point clouds from step 2.3.1 and specify 
the initial node at the growth location, add it to the skeleton point set S, and create a KD-
Tree for all point clouds sets P. 

(2) Finding the associated points: for each skeleton point 𝑠௜ in 𝑆, corresponding to 
two sets 𝐵௡௜  and 𝐵௙௜ , 𝐵௡௜ ⊂ 𝑃 and 𝐵௙௜ ⊂ 𝑃, denote the points associated with 𝑠௜ in the 
set P obtained by different influence radius 𝜌ଵ, 𝜌ଶ. For a point v in 𝐵௡௜  or 𝐵௙௜  satisfying 
Equation (2), 

𝑑𝑖𝑠𝑡(𝑣, 𝑠௜) = min(𝑑𝑖𝑠𝑡(𝑣 , 𝑣′)), 𝑣′ ∈ {𝑠ଵ, 𝑠ଶ, … 𝑠௖௨௥} (2)

where cur is the number of currently existing skeleton points. 
Search for points in P within the influence radius 𝜌ଵ and 𝜌ଶ, respectively, and record 

the corresponding distances. For each skeleton point 𝑠௜, find the point associated with it 
in P and add it to 𝐵௡௜ . Search for the points within the range of 𝜌ଶ, and add the associated 
point to 𝐵௙௜  . Furthermore, to avoid anomalous branches due to the large angle of 
branches, the points in 𝐵௡௜  and 𝐵௙௜ that do not deviate more than 60° from the direction 
of the original skeleton are retained, and the rest of the points are discarded. Let the orig-
inal growth vector formed by the skeleton point 𝑠௜ and its parent node be 𝑣௣, then the 
retained point u satisfies Equation (3), 

arccos ቆ
(𝑢 − 𝑠௜) · 𝑣௣

|𝑢 − 𝑠௜| ห𝑣௣ห
ቇ < 60 (3)

(3) Growing node phase: for each skeleton point 𝑠௜ in 𝑆, calculate the common in-
fluence of the points in 𝐵௡௜  on the next growth. The vectors of the points associated with 
it are normalized, and these vectors are summed up and normalized again to find the 
growth direction of the next skeleton node; when the set of the points associated with the 
corresponding 𝑠௜ is empty, the skeleton point ends its growth. 

For the points in 𝐵௡௜ , find the normalized vector 𝑛ఫሬሬሬ⃗ , as in Equation (4): 

𝑛ఫሬሬሬ⃗ =  
𝑝௝ − 𝑠௜

|𝑝௝ − 𝑠௜|
, 𝑝௝ ∈ 𝐵௡௜  (4)

For the points in 𝐵௙௜ , find the normalized vector 𝑛௞ሬሬሬሬ⃗  as in Equation (5): 

𝑛௞ሬሬሬሬ⃗ =  
𝑝௞ − 𝑠௜

|𝑝௞ − 𝑠௜|
, 𝑝௞ ∈ 𝐵௙௜  (5)

Add each vector 𝑛ఫሬሬሬ⃗  obtained from the computation to the set 𝑉௡௝, and similarly add 
𝑛௞ሬሬሬሬ⃗  to the set 𝑉௙௝. Use the normalized vector of the sum of the vectors in the sets 𝑉௡௝ and 
𝑉௙௝ as the growth direction of the skeleton points. The growth direction vectors 𝑣1 and 
𝑣2 , for the affected influence radius 𝜌ଵ  and 𝜌ଶ , respectively, are obtained, denoted as 
Equation (6): 

⎩
⎪
⎨

⎪
⎧𝑣1 =

∑ 𝑣௜௩೔∈௏೙೔

𝑙𝑒𝑛𝑔𝑡ℎ(𝑉௡௜)

𝑣2 =
∑ 𝑣௜௩೔∈௏೑೔

𝑙𝑒𝑛𝑔𝑡ℎ(𝑉௙௜)

 (6)

Determining the final growth direction by weighted averaging is expressed as equa-
tion (7): 

𝑣௚௥௢௪ =
𝑤1 ∗ 𝑣1 + 𝑤2 ∗ 𝑣2

𝑤1 + 𝑤2
 (7)

(4) Deletion of nodes: after the generation of new skeleton points in the range of the 
deletion threshold 𝑑௞ is considered to complete the impact on the skeleton growth, and 
therefore delete the point clouds in the range of the deletion threshold of the new skeleton 
points. 

(5) Repeat steps (2) through (4) until no newer skeleton points are generated. 
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2.3.3. Optimization and Adjustment of the Skeleton 
Due to the different seĴings of influence radius, growth step, and deletion threshold, 

the extraction of the skeleton will be different degrees of messy and unreasonable fine 
branches or near-parallel branches in the trunk (e.g., Figure 5), which affect the authentic-
ity and accuracy of the tree structure and need to be further optimized and adjusted. In 
this paper, the weight of each skeleton point was used as the basis for the retention and 
deletion of fine branches, and the weight of each node was calculated after extracting the 
skeleton points, indicating its importance in the whole tree. When the skeleton point was 
closer to the root node in the graph and has more child nodes, the point was more im-
portant and less likely to be deleted in the fine branch deletion process. If the distance 
between two neighboring points in the skeleton is equal, the weight of the point 𝑤௜  is 
represented by the number of child nodes it possesses. Using recursion, starting from the 
root node, the recursion ends with the condition of traversing to the leaf nodes, and find-
ing the weights of all the child nodes occurs before finding the weight of the parent node. 
To solve the unreasonable branching problem, this paper used the algorithmic strategy of 
reservation and pruning as follows: 

(1) For a branch node, iterate through all its child nodes. If the weight of the sub-node 
is less than reserve_threshold and the ratio of the weight of the sub-node to the weight of 
the current node is less than drop_ratio, it is considered to be a redundant extension branch, 
and so it is deleted from the sub-node. If the weight of this sub-node is less than the pend-
ing deletion threshold drop_threshold, then it belongs to the node to be deleted. If no other 
child nodes are reserved, the node with the maximum weight is reserved in the area to be 
deleted. This step is to prevent the original branch at the end of the branch from being 
deleted. In other cases, the skeleton points are directly retained, and the next round of 
processing is carried out. 

 
Figure 5. Near-parallel branches appearing during the growth of skeleton points. 

(2) After the removal of fine branches, there are also two skeleton lines extending 
approximately parallel in the thicker trunks due to field of view issues [27]. The AdTree 
modeling approach uses vertex fusion for skeleton simplification using a similarity metric 
α as a threshold for fusing vertices as in Equation (8): 

1 2

2 1

sin sin
min( , )

l l

r r

    (8)

In the case of multiple child nodes, 𝑙ଵ, 𝑙ଶ denote the distance from the current node 
C to the child nodes 𝑣ଵ, 𝑣ଶ, respectively, and 𝑟ଵ, 𝑟ଶ denote the radius values of 𝑣ଵ, 𝑣ଶ. 𝜃 
denotes the angle formed by the two child nodes and the current node. The algorithm can 
simplify the skeleton to a greater extent in the case of tighter skeleton points. Since the 
angles of the near-parallel branches at the bifurcation may be larger, seĴing a larger 
threshold using the above method will change the normal branching, and so special 
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treatment is needed. These near-parallel branches are characterized by the fact that the 
distance between the two lines always remains close in a longer distance of the skeleton 
bifurcation, based on which an algorithm is designed to solve the problem of near-parallel 
branches. The algorithm process is shown in Figure 6 as follows: 

① The branch to be filtered is found. 𝑣௥  is a skeleton branch point, two child nodes 
of a skeleton branch point must be found, and depth-first traversal is used to extend back-
ward to find two branches. If a branch is encountered again during depth traversal, the 
one with the closest Euclidean distance is chosen as the next node. 𝐿1, 𝐿2 denote the or-
dered point sets on the two branches found to be screened. It is denoted as: 

𝐿1 = (𝑛ଵ, 𝑛ଶ … 𝑛௟௘௡௚௧௛(௅ଵ)) 

𝐿2 = (𝑚ଵ, 𝑚ଶ … 𝑚௟௘௡௚௧௛(௅ଶ)) 

where 𝐿1 and 𝐿2 have the same initial node 𝑣௥ . 
② The branches to be screened are tested to see if they are subparallel branches. For 

true branches and near-parallel branches, the difference between the two is that near-par-
allel branches are usually close to each other over longer distances, and the change in 
distance is not significant as the points extend sequentially. Two criteria are set here, the 
number of neighboring points in two lines neighbor_num, and the maximum distance 
threshold of a branch d_threshold. If a point on a branch can see more points on another 
branch within the distance range of d_threshold, it is more likely to be a near-parallel 
branch. In addition, to beĴer exclude the effect of ordinary branching, the distance is cal-
culated for each point corresponding to a point on the two branches, and if the distance is 
basically gradually increasing, it is more likely to be a branch. The longest ascending sub-
sequence of the sequence of distances to the corresponding points in the two lines is com-
puted, and if the ratio of the length of this sequence to the minimum of the lengths of the 
two branches is too large, it is considered to be a branch. 

③ Treatment of skeleton deviation points and fusion of near-parallel branches: The 
fused branch is jointly influenced by two near-parallel branches. If a part of one branch 
deviates too much and is not within the d_threshold neighborhood of the other branch, i.e., 
there exists 𝑛௜ ∈ 𝐿1 and Equation (9) is satisfied for any point 𝑚௝ ∈ 𝐿2, 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒൫𝑛௜ , 𝑚௝൯ > 𝑑_𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 (9)

then the point 𝑛௜ is deleted so as not to affect the deviation of the skeleton after fusion. 
Assuming that the skeleton points that are consecutively deleted in a segment are 

{𝑛௞ , 𝑛௞ାଵ, 𝑛௞ାଶ, … 𝑛௞ା௟} 

then 𝑛௞ିଵ and 𝑛௞ା௟ାଵ are connected and interpolated uniformly with a step size D. Fi-
nally, the weighted average points of the corresponding points of L1 and L2 are taken and 
fused sequentially from the root to the tip. During the fusion process, to avoid the unrea-
sonable visual effect of excessive fusion resulting in too large an angle, the angle between 
the newly generated points and the points outside the L1 and L2 lines is judged until the 
last point that makes the angle less than or equal to 60 degrees, thus ensuring a reasonable 
trend in the growth of tree branches. 
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Figure 6. Algorithm flow chart. 

2.3.4. Completing the Missing Point Clouds of the Tree Skeleton 
We use the physiological and structural laws of trees to predict the position and di-

rection of the skeleton lines in the missing parts. Sections 2.3.1–2.3.3 complete the extrac-
tion of the main skeleton. Since the skeleton points will stop growing where the point 
clouds are missing, there are still part of the point cloud clusters that are not used. To 
obtain a more accurate and complete skeleton, the remaining point clouds were subjected 
to DBSCAN clustering. After clustering, each class of point cloud clusters corresponds to 
a portion of untraversed branches. Each point cloud cluster is processed individually, and 
one point is selected as the starting point (the point corresponding to the minimum value 
in the Z-axis direction due to the boĴom-up growth characteristic of trees) for skeleton 
extraction and optimization, and the skeleton is stored in the form of an undirected graph. 
The starting point selected above is not necessarily the root node of the branch; to deter-
mine the root node of the branch, the following method is used: for the branch with sub-
branches, start from the node with degree 1 at any point in the undirected graph, and sum 
up the angles of all the bifurcations. If the point of departure is not the root node of the 
branch, the angle of the angle formed by the points passing from that point is more likely 
to contain an obtuse angle, and the sum of the angles is biased. The node with the smallest 
sum of angles is most likely to be the root node of the independent branch, and if there is 
no branch, the point with the smallest z-value is taken as the root node of the independent 
branch. 

After establishing the root node of the independent branch, the skeleton extraction 
and adjustment process of the spatial colonization algorithm is redone with the root node. 
To connect the independent branch to the existing branch, the branch is gradually ex-
tended in the direction of the root node until it is within a certain distance threshold from 
the existing skeleton point, which is then selected for connection. To determine the exten-
sion direction of the branch at the root node, a polynomial function is fiĴed to the curve 
using the least squares method. Since the point clouds are three-dimensional, they are first 
projected onto the XOY plane. The number of fits is set as k. The polynomial is set to 
Equation (10): 

𝑦 = 𝑎଴ + 𝑎ଵ𝑥 + 𝑎ଶ𝑥ଶ + ⋯ 𝑎௞𝑥௞ (10)

The sum of squared errors is Equation (11): 

𝐹 = 𝑅ଶ = ෍[𝑦௜ − (𝑎଴ + 𝑎ଵ𝑥 + 𝑎ଶ𝑥ଶ + ⋯ 𝑎௞𝑥௞)]ଶ

௡

௜ୀଵ

 (11)
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To minimize the error squared, the partial derivative of 𝑎௜ is taken and డி

డ௔೔
  = 0; the 

matrix form is simplified and used to represent, as in Equation (12): 
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(12)

Solving the matrix equation, i.e., obtaining a curve fit, defines y versus x as 𝑦 = 𝑓(𝑥). 
Similarly, for XOZ plane solving for z versus x yields 𝑧 = 𝑔(𝑥). 

The obtained curve is extended along the direction of the root node, and, if an already 
existing skeleton point 𝑃஻ is searched within the distance threshold range 𝜃, the inde-
pendent branch 𝐿௦ is considered to be a new branch branch from the 𝑃஻ skeleton point. 
𝐿௦ and 𝑃஻ are connected using a curve smoothing and interpolation algorithm. 

In this experiment, the highest number of XOZ and XOY plane fiĴing functions were 
set to 1 or 2, respectively. The fiĴing results are shown in Figure 7. Since the points may 
be concentrated locally in the curves, there will be instability in fiĴing the quadratic curves 
when the direction of the branches deviates greatly from the original direction. Therefore, 
a fiĴing function with a maximum number of fits of 1, i.e., a more stable straight line, was 
chosen for judging the direction of the branch to determine the location of separation from 
the main branch. At the same time, the direction of the root extension must be obtained; 
in the obtained straight line to take a number of points 𝐶ଵ, 𝐶ଶ, … 𝐶௡, the root node of the 
independent branch 𝐿௦ is taken for 𝑅௟, and 𝑅௟ is set as the starting point of the branch in 
the direction of the vector in the 𝐿௦ as 𝑣௟ , to find the closest point on the straight line to 
𝑅௟ is recorded as 𝐶௠௜௡௟ , expressed in the Formula (13): 

𝑑𝑖𝑠𝑡(𝐶௠௜௡௟ , 𝑅௟) = min൫𝑑𝑖𝑠𝑡(𝐶௜ , 𝑅௟)൯ , 1 ≤ 𝑖 ≤ 𝑛 (13)

 
Figure 7. When fiĴing a conic curve, the trend of the branches deviates greatly from the original 
direction. The red area indicates instability at quadratic fit 

The vectors from 𝐶௠௜௡௟  to the points on both sides of the line are calculated as 𝑣௟௘௙௧  
and 𝑣௥௜௚௛௧, respectively, and the one vector whose angle deviates greatly from 𝑣௟  is se-
lected, i.e., as the extension direction of the root node 𝑣௕ , as in Equation (14): 

𝑣௕ = 𝑎𝑟𝑔𝑚𝑎𝑥௩೔∈{௩೗೐೑೟,௩ೝ೔೒೓೟}arccos (
𝑣௜ · 𝑣௟

|𝑣௜||𝑣௟|
) (14)

Taking 𝐶௠௜௡௟   as a point, in the direction of 𝑣௕ , taking points 𝑃௅ଵ, 𝑃௅ଶ, …  on the 
straight line with D as the spacing, until a point 𝑃௅௡  finds a point 𝑃௧  on the already 
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existing branch in the θ-neighborhood for the first time, it is considered that 𝐶௠௜௡௟  is a 
branch extending from the skeleton point of 𝑃௧, and 𝐶௠௜௡௟  is connected to 𝑃௧. Meanwhile, 
combined with the characteristics of continuous growth of trees, to ensure the reasonable-
ness of the connection process with the main trunk, the curve smoothing interpolation 
algorithm is used to interpolate at the original missing branches to achieve a more reason-
able skeleton model. 

We use cardinal curves to interpolate the skeleton points for the missing part of the 
point clouds, and, for the independent variable t, the interpolation points are as in Equa-
tion (15): 

1

3 2

1

2

( ) 1

i

i
c

i

i

P

P
p t t t t M

P

P







 
 
      
 
 

 
(15)

where 𝑝(𝑡) denotes the point after cardinal curve interpolation and 𝑀௖ is the cubic car-
dinal matrix with the expression as in Equation (16): 

c

-s 2 2

2 3 3 2
M

0 0

0 1 0 0

s s s

s s s s

s s

  
    
 
 
 

 
(16)

where s is a parameter indicating the looseness or tightness of the shape of the control 
curve, expressed as Equation (17): 

𝑠 =
(1 − 𝑢)

2
 (17)

u is called the tension parameter. Two points are taken at each end of the missing 
point clouds as input points to the cardinal curve; the coordinates of the insertion points 
are computed and sequentially connected to generate new skeleton points, which connect 
the two parts of the point clouds that are segmented due to the missing point clouds. 
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2.3.5. Reconstructing the Three-Dimensional Structure of Trees 
Cylinders proved to be robust for fiĴing tree-branch geometry elements. The skeleton 

and trunk point cloud portions of the tree branches were further processed to obtain real-
istic 3D structural models of single tree branches using cylinder fiĴing based on the skel-
eton line expansion radius and fiĴing. 

Reconstructing the Trunk Structure 
The morphology of tree branches and trunks is complex and irregular, but the trunk 

part is usually more regular. To beĴer analyze and study the morphology of trees, a more 
stable cylindrical fiĴing algorithm is usually used, which can accurately reflect the mor-
phological characteristics of trees, as well as simple and fast numerical calculations and 
related processing of tree trunks. The parameters of the cylinder can be divided into a 
point 𝐶(𝑥଴, 𝑦଴, 𝑧଴) on the axis of the cylinder and the vector 𝑣 = (𝑣௫ , 𝑣௬ , 𝑣௭) representing 
the direction of the axis, as well as the radius r totaling seven parameters. Segmentation 
in the direction of the z-axis was used in the main trunk section of the tree, and the least 
squares method was used to fit the columns to each segment of the point clouds (Eberly, 
1999). The upper and lower bounds of the Z value of a segment of the point clouds were 
set to be 𝑍௨௣ and 𝑍ௗ௢௪௡, respectively, and the intersections of the straight line formed by 
v through the point 𝐶(𝑥଴, 𝑦଴ , 𝑧଴) with z = 𝑍௨௣ and z = 𝑍ௗ௢௪௡ were the two endpoints of 
the center axis of the column. The cylindrical model of the multi-segment point clouds is 
obtained sequentially. The expression of the equation of each segment of the cylindrical 
surface is shown in Equation (18): 

0 0 02 2 2 2
0 0 0 2 2 2

0

( ) ( ) ( )
( ) ( ) ( ) - = x y z

x y z
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v x x v y y v z z
x x y y z z r
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      

  

 
(18)

Reconstructing the Branches Structure 
The structure of the branches is more complex and the point clouds in the fine branch-

ing section are not enough to fit the cylinder stably. Sections 2.3.2 and 2.3.3 have extracted 
the skeleton of the tree branches, and so it is not necessary to use the surrounding point 
clouds for each section of the skeleton line to fit the cylinder. The radius of the tree 
branches is an important factor that affects the modeling results. This chapter obtains the 
radius of tree branches based on the allometric growth theory [37]. This theory considers 
that the radius of the parent node is equal to the sum of the radii of all child nodes, which 
is expressed as in Equation (19): 

( )i

j

c k
c p

cj

w
r r

w



 (19)

where 𝑟௖  denotes the radius of the current node, 𝑟௣ denotes the radius of the parent node, 
and 𝑤௖೔

 is the value of a node weight indicating the importance of that node in the whole 
tree. The method used in this paper provides relatively fixed distances between skeleton 
nodes, using the number of a node with all its children to indicate that node’s weight. 

2.4. Visualization of Single-Wood Branching Structures 
We use python language in PyCharm 2018.3.7 for development and open-source al-

gorithm libraries and mathematical toolkits such as VTK8.1.2 and NetworkX 2.2 for mod-
eling. This section shows the tree geometry and topology, including the location of 
branches, extension direction, and the relationship between parent and child branches. 
We use a directed graph to store the coordinates and topological relationships of the skel-
eton points generated by the algorithm, and a round table to represent each segment of 
branches. The directed graph stores information about each node (including positional 
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coordinates, weights, radii, and other aĴributes), and each edge is regarded as the center 
axis of the circular table. The center positions of the two boĴom surfaces of the circular 
table correspond to the coordinates of the two points constituting this edge, and the radius 
of the two boĴom surfaces corresponds to the radii of the points in the middle of these 
two points. At this point, the skeleton line composed of points and lines expands into a 
3D model. Directly connecting multiple circular platforms results in a break at the con-
nection, where a segment of connected points can be connected to form a non-breaking 
pipe. Since there are bifurcation points in the directed graph and only parent and child 
relationships between nodes are stored, there is no information about all sequentially con-
nected points that can be used to generate a pipe, the algorithm is designed to extract the 
set of all sequentially connected points in the directed graph. When the search does not 
encounter a bifurcation point, the traversed points can be directly added to the array; 
when a bifurcation point P is encountered, the array is saved, and the search is repeated 
with P as the starting point. The effect before and after processing is shown in Figure 8. 

 
Figure 8. Comparison of the effect before (a) and after (b) treatment. 

The processed model solves the fracture problem at the joint, and the final 3D geo-
metric reconstruction of the single tree is shown in Figure 9. 

The 3D geometric reconstruction of a single tree is shown in Figure 10a, comparing 
the method with AdTree (Figure 10b) and PypeTree (Figure 10c) modeling, respectively. 
It can be seen that the reconstructed branches of PypeTree are rough, which cannot reflect 
the complex structure, and the branches at the end of the branches are thicker, while Ad-
Tree can reflect the relatively complex branching structure, but it cannot guarantee the 
stability of the trunk, and there are some redundant small branches and inaccurate repre-
sentation of the trunk trend. From the visual effect point of view, the improved algorithm 
proposed in this paper can reflect more details under the premise of maintaining the sta-
bility of the trunk. 
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Figure 9. Modeling effect. 

 
Figure 10. Different methods of single-tree model reconstruction. (a) The 3D geometric reconstruc-
tion of a single tree. (b) AdTree method. (c) PypeTree modeling method. 
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2.5. Single-Tree Parameter Extraction Based on 3D Geometric Structural Modeling 
2.5.1. Tree Height and DBH 

DBH and tree height are important single-tree factors that can be input into the equa-
tion as important parameters for carbon stock calculation. Although we developed a vol-
ume reconstruction method to directly calculate tree branch volume in Section 2.3, these 
two important factors are still extracted in this paper for subsequent applications. In this 
paper, the difference between the maximum value and the minimum value of the Z-axis 
in the single-tree point clouds are selected as the tree height. In Section 2.3.1, the trunk 
point clouds were obtained by segmentation, and the cylinder diameter was obtained as 
the DBH at the position of 1.3 m above the ground in the trunk model. 

2.5.2. Determination of Carbon Stocks in Single Wood Based on Volumetric Reconstruc-
tion 
Development of Tree-Volume 3D Reconstruction Algorithms 

The tree volume in this paper includes the volume of branches and trunks; the vol-
ume of the main trunk part and branch part of the tree are taken at the same time and 
summed up to obtain the total volume of a single tree on the ground. The two points of 
each skeleton line in the tree model reconstructed in Section 2.3 have different radius at-
tribute values. After expanding each skeleton line, the volume is calculated using a frus-
tum as the abstract model. The volume of the tree branch is derived from Equation (20), 
where 𝑟ଵ, 𝑟ଶ represent the radius of the 𝑣ଵ, 𝑣ଶ skeleton points, respectively: 

1 2

2 2
1 2 1 2 1 2

, .

1
( , ) ( )

3branch
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V dist v v r r r r


       (20)

For the trunk, a segmented cylindrical fiĴing is used to find the volume for each seg-
ment of the cylinder, which is summed to obtain the volume of the trunk, as shown in 
Equation (21): 

1 2

2
1 2

, .

( , )trunk
v v trunk edges

V dist v v r


    (21)

Summing the volumes of the trunk and branch sections yields the volume of the en-
tire single log, as in Equation (22): 

total trunk branchV V V   (22)

Calculation of Aboveground Carbon Stocks in Individual Trees 
The most significant difference between the direct calculation of tree volume from 

the reconstructed single-tree model and the allometric growth equation is that there is no 
need to use tree height and DBH as parameter inputs to estimate volume. The above-
ground carbon stocks of eucalyptus single trees studied in this paper consisted mainly of 
trunk and branch with carbon stocks. The average density of the trunk and branches 
(g/cm3) was obtained by combining the drainage method with weighing on a balance, and 
the volume of the trunk and branches of eucalyptus monocarps (cm3) was obtained by 
using Section 2.5.1 and multiplying the density of the trunk and branches with the volume 
to obtain the total dry volume of the branches and trunk of a monocarps (g), i.e., the bio-
mass, and finally combining with the organic carbon stock in the samples of the tree cores 
and branches (g/kg) to obtain the carbon stock of the aboveground carbon in monocarps 
branches and trunks. The aboveground carbon stock of a single tree branch was finally 
combined with the organic carbon stock (g/kg) in the tree core and branch samples. 
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2.6. Accuracy Assessment 
2.6.1. Evaluation of the Accuracy of 3D Structural Reconstruction of a Single Tree 

The extracted skeleton line is an object representation of the topology, connectivity, 
and integrity of the original data, and the evaluation methods for it have not yet formed a 
universally uniform standard. Most of the studies on point clouds-based tree skeleton ex-
traction are based on the analysis of visual effects, and there are also scholars who use the 
unidirectional Hausdoff distance or the bidirectional Hausdoff distance and the average 
Hausdoff distance as the judging standard of the skeleton [38]. We use a combination of 
visual effects and quantitative evaluation indexes to evaluate the skeleton accuracy. 
Hausdoff distance is used to describe the similarity or polygonal distance between two 
sets of point sets, which is expressed as the maximum value of the distance between the 
two points in the two sets of point sets that are closest to each other. The algorithm output 
of the skeleton point set is set to 𝑆௢ and the point set to 𝑆௦௧ௗ of the standard skeleton, and 
the quantitative evaluation metrics are used, as in Equations (23)–(28). The one-way 
Hausdoff distances of the skeleton point sets 𝑆௢ and 𝑆௦௧ௗ are denoted as Equations (23) 
and (24), respectively: 

ℎ(𝑆௢, 𝑆௦௧ௗ) = max
ୱଵ∈ୗ౥

min
௦ଶ∈ௌೞ೟೏

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑠1, 𝑠2) (23)

ℎ(𝑆௦௧ௗ , 𝑆௢) = max
ୱଵ∈ୗ౩౪ౚ

min
௦ଶ∈ௌ೚

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑠1, 𝑠2) (24)

The bidirectional Hausdoff distance is expressed as Equations (3)–(19): 

std( , ) max( ( , ), ( , ))o std o o stdH S S h S S h S S  (25)

The average Hausdoff distance is expressed as Equations (3)–(20): 

( , ) ( , )

1
( , ) ( )

| | | | std o o stdavg o std sum S S sum S S
o std

H S S d d
S S

 


 (26)

where 

2( , ) 2min ( , ))
std o o

t std

sum S S s S t
s S

d dist s s


   (27)

The position of the edges in the skeleton is important. Based on the extraction of the 
skeleton, the distance from the point to the line of the skeleton is used as an evaluation 
criterion. First, the distance from the point to the line segment is defined: the line segment 
AB and a point P are known, the point P is projected to the line where AB is located, and 
the projection point is 𝑃′. When 𝑃′ is outside the line segment AB, the distance between 
the point P and the line segment AB is the minimum value of the distance between the 
point P and the two end points. When 𝑃′ falls on AB, the distance between P and the line 
segment AB is the distance from P to the line AB. The formula for calculating the indicator 
of the setup is as follows (28): 

1 1min 2 ( , )

( , )
| |

std

o o

e S o
s S

o std
o

p e s e

F S S
S





 (28)

where 𝑝2𝑒(𝑠௢ , 𝑒ଵ) denotes the distance from point 𝑠௢ to edge 𝑒ଵ in the above method. 

2.6.2. Accuracy Assessment of Single-Tree Parameters 
Tree height, DBH, trunk volume, and carbon stock measured after we felled the trees 

were used as reference values to validate the accuracy of our method. Bias, rBias, RMSE 
and RMSE% were used as metrics to evaluate the accuracy of our method for determining 
single-tree DBH, tree height, branch trunk volume, and aboveground carbon stock. 
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Bias =
1

𝑛
෍(𝑦௜ − 𝑦௥௜)

௡

௜ୀଵ

 (29)

RMSE = ඨ
∑(𝑦௜ − 𝑦௥௜)ଶ

𝑛
 (30)

rBias% =
Bias

౯ೝ

× 100% (31)

rRMSE% =
𝑅𝑀𝑆𝐸

y௥

× 100% (32)

𝑦௜  represents the estimated value from the ith tree of our method, 𝑦௥௜  represents the 
reference measurements, 𝑦ത represents the average of the reference measurements, and n 
represents the number of trees. 

3. Results 
3.1. 3D Structure Reconstruction of Tree Level 

To validate the effectiveness of the improved spatial colonization algorithm for ex-
tracting the tree skeleton, it was evaluated from two perspectives, including the visual 
effect and the proportion of the original point clouds being used for skeleton growth. The 
part of the extracted tree skeleton is demonstrated in Figures 11 and 12 (black indicates 
the original point clouds and green indicates the skeleton points). A larger influence ra-
dius caused the growth to show changes in the branches earlier, especially at the forks 
(Figure 11), while a smaller influence radius caused some of the point clouds to stop grow-
ing in a certain direction due to the restricted growth field (Figure 12). 

 
Figure 11. Comparison between (a) larger influence radius and (b) the improved method. Black 
points are the point clouds, green points are the skeleton points. 
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Figure 12. Comparison between (a) smaller influence radius and (b) the improved method. Black 
points are the point clouds, green points are the skeleton points. 

For this experiment, we set the deletion threshold 𝑑௞ = 0.05 m, the influence radius 
𝜌1 = 0.12 m, and 𝜌2 = 0.20 m, to determine the proportion of preprocessed point clouds 
used in the growth process of this algorithm. 

From the results in Table 1, it can be seen that the improved method used essentially 
the same number of point clouds or sacrifices only a small portion of them when com-
pared with the original method using a larger influence radius. More points can be ab-
sorbed for growth compared with the original method using a smaller influence radius. 
The improved method in our study ensured the integrity of the branches to a certain ex-
tent, and, at the same time, it can achieve more accurate topology in the subsequent mod-
elling process. 

Table 1. The proportion of single-tree point clouds used for spatial colonization growth. 

Tree Number 𝝆 = 0.12 𝝆 = 0.20 
The Improved Method 

𝝆𝟏 = 0.12, 𝝆𝟐 = 0.20 
1 0.9250 0.9880 0.9880 
2 0.9226 0.9746 0.9746 
3 0.8552 0.9851 0.9777 
4 0.9556 0.9952 0.9964 

(2) Analysis of experimental parameters 
The influence radius 𝜌 is an important parameter in the spatial colonization algo-

rithm, which has a large impact on the extraction and modelling of the tree skeleton. In 
this paper, we set up controlled experiments to explore the role and influence of each pa-
rameter in the modelling process through the visual effects of modelling multiple branch-
ing sections of multiple trees. The improved algorithm used 𝜌1 and 𝜌2 to influence the 
radius, and so a controlled experiment was set up to determine the influence of the change 
of 𝜌1 on skeleton extraction (Figure 13). 
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Figure 13. Effect of different influence radius 𝜌1  on skeleton growth. Black points are the point 
clouds, green points are the skeleton points. 

From Figure 13, when the influence radius 𝜌2 remains unchanged, the smaller the 
value of 𝜌1, the more aĴention will be paid to the point cloud distribution in closer dis-
tance during the search of point clouds. In the process of growth, it is easy to be affected 
by the nearby point cloud, which produces unstable branches in the branches of the 
branches or the regions where the point cloud distribution is relatively scaĴered. The in-
crease in 𝜌1 will contain a large range of point clouds, and it is difficult to fit the branch 
direction at the fork. 

The effect of different influence radius 𝜌2 on the skeleton extraction is shown in Fig-
ure 14, where the skeleton aligns with 𝜌 = 0.12 m in the original method and with 𝜌2 
taking the values of 0.2 m, 0.3 m, and 0.4 m in the improved method were taken for com-
parison, respectively. 

In the skeleton optimization and adjustment step, the effects of different skeleton 
edge removal ratios drop_ratio and to-be-removed thresholds drop_threshold on skeleton 
growth are explored, as shown in Figures 15 and 16. As the threshold increased, more 
short edges were removed, ranging from initially discarding small noise-induced edges 
to erroneously excluding short edges belonging to genuine branches. By controlling the 
parameters appropriately, it was possible to preserve the correct skeleton points as much 
as possible while simultaneously removing small noise branches within the skeleton, 
achieving further optimization of the skeleton. 
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Figure 14. Effect of different influence radius 𝜌2  on skeleton extraction. Black points are the point 
clouds, green points are the skeleton points. 

 
Figure 15. Effect of different drop ratio on skeleton growth. 
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Figure 16. Effect of different drop threshold on skeleton growth. 

To verify the effectiveness of the improved algorithm on skeleton extraction, a con-
trolled experiment was used to verify the accuracy of the skeleton. The improved algo-
rithm was compared with PypeTree and AdTree. The results of the comparison experi-
ments with the standard skeleton in terms of unidirectional Hausdoff distance, bidirec-
tional Hausdoff distance, average Hausdoff distance, and 𝐹(𝑆௢, 𝑆௦௧ௗ) distance are shown 
in Tables 2–5. 

Table 2. The unidirectional Hausdoff distance of the skeleton extracted by different modeling. 

Tree ID AdTree PypeTree Original Method Improved Methods 
 𝒉(𝑺𝒐, 𝑺𝒔𝒕𝒅) 𝒉(𝑺𝒔𝒕𝒅, 𝑺𝒐) 𝒉(𝑺𝒐, 𝑺𝒔𝒕𝒅) 𝒉(𝑺𝒔𝒕𝒅, 𝑺𝒐) 𝒉(𝑺𝒐, 𝑺𝒔𝒕𝒅) 𝒉(𝑺𝒔𝒕𝒅, 𝑺𝒐) 𝒉(𝑺𝒐, 𝑺𝒔𝒕𝒅) 𝒉(𝑺𝒔𝒕𝒅, 𝑺𝒐) 

1 0.7203 0.3782 0.7295 1.2536 0.6422 1.3144 0.2997 1.2818 
2 0.2328 0.1116 0.2291 0.3292 0.1993 0.6746 0.1390 0.6758 

Table 3. The bidirectional Hausdoff distance of the skeleton extracted by different methods (m). 

Tree Number AdTree PypeTree Original Method Improved Methods 
1 0.7204 1.2536 1.3144 1.2818 
2 0.2328 0.3292 0.6746 0.6758 

Table 4. The average Hausdoff distance of the skeleton extracted by different methods (m). 

Tree ID AdTree PypeTree Original Method Improved Methods 
1 0.1137 0.1734 0.0906 0.0874 
2 0.0541 0.0860 0.0438 0.0420 

Table 5. The 𝐹(𝑆௢, 𝑆௦௧ௗ) distance of the skeleton extracted by different methods (m) 

Tree ID AdTree PypeTree Original Method Improved Method 
1 0.0759 0.0900 0.0359 0.0348 
2 0.0334 0.0312 0.0163 0.0121 

According to the comparison of experimental results from Tables 2–5, and in combi-
nation with the relevant evaluation indexes, the accuracy of skeleton extraction was im-
proved by the improved algorithm proposed in this paper compared with the primitive 
spatial colonization algorithm. The average Hausdoff distance and F distance were re-
duced by 0.0025 and 0.0027 on average compared with the standard skeleton. The average 
Hausdoff distance and F distance were reduced by 0.065 and 0.0372 on average compared 
with PypeTree. The average Hausdoff distance and F distance were reduced by 0.0192 and 
0.0312 on average compared with AdTree. The average Hausdoff distance and F distance 
were reduced by 0.0192 and 0.0312 on average compared with PypeTree. The unidirec-
tional Hausdoff distance and bidirectional Hausdoff distance still had high errors because 
they reflected individual points rather than the whole, and a small number of discrete 
points can significantly increase the error values indicated by the above two metrics. Pos-
sibly due to the absence of skeleton points in the missing portion of the point clouds, com-
plementary skeleton points would further improve the accuracy of the skeleton. The 
method in Section 3.3 was used to improve the algorithm based on the complete skeleton. 
The effect of skeleton complementation is shown in Figure 17 (red color indicates the com-
plementary part of the skeleton). 
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Figure 17. Skeleton completion effect. Red parts are the skeleton repair effect; green parts are the 
skeleton points. 

From the experiments, the bidirectional Hausdoff distance, the average Hausdoff dis-
tance, and the F-distance were found to be reduced by 0.9741, 0.0034, and 0.0019, respec-
tively, for the first tree, and by 0.5166, 0.0023, and 0.0002, respectively, for the second tree. 
The two trees’ three metrics were reduced by an average of 0.7453, 0.0028, and 0.0011. 
Thus, the accuracy of the complemented skeleton was improved under the evaluation of 
several different metrics. The experimental results compared with the standard skeleton 
are shown in Figure 18. 
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Figure 18. Distance between standard skeleton and generated skeleton of tree. 

The skeleton line extraction effect of different methods is shown in Figure 19. The 
skeleton extracted by AdTree based on the original point clouds had more noise of fine 
branches on the trunk, while PypeTree belongs to the clustering based on the level set, 
and the skeleton was in obvious segmentation, which was not natural and accurate 
enough. Our method can beĴer show the natural bending state of tree branches and re-
moved the noise of fine branches to a certain extent, which was beĴer in the visual effect. 
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Figure 19. Results of skeleton line extraction with different modeling methods: (a) our method; (b) 
original method; (c) AdTree; (d) PypeTree. 

3.2. DBH and Tree Height 
The DBH and tree height of 41 eucalyptus trees measured after felling will be used 

as reference values for reconstruction of our method. The DBH estimates of the recon-
structed eucalyptus trees ranged from 6.7 cm to 30.9 cm, and the tree height estimates 
ranged from 10.19 m to 32.03 m. Figure 20a shows a linear fit of R2 of 0.9 from the 3D tree 
reconstruction to the reference value, and its slope was 0.83. The reconstructed DBH did 
not change significantly with the increase in DBH, and the estimated DBH fiĴed well with 
the reference value. Figure 20b shows that the R2 of the linear fit between the estimated 
height of the reconstructed tree and the reference value was 0.76, with a slope of 0.84. The 
reconstructed tree height underestimates the actual tree height. Overall, the TLS point 
clouds-based modelling approach did not have a large bias in estimating the DBH and 
tree height for tree size. 

 
Figure 20. Comparison of DBH and tree height based on 3D reconstruction of trees with reference 
values: (a) DBH; (b) tree height. 

Figure 21a shows the distribution of residuals for DBH. Most of the residuals for DBH 
were between −3.0 cm and 3.0 cm, the range of residual distribution was not significantly 
different with increasing DBH, and they were uniformly distributed on both sides of the 
line y = 0. Figure 21b illustrates that most of the residuals for tree height were between −2 
m and 2 m. There was no significant difference in the distribution range of residuals with 
increasing tree height, and the residuals were evenly distributed on both sides of the y = 
0 line. The point cloud-based reconstruction of DBH and tree height performed similarly 
in all tree samples. 
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Figure 21. Residual distribution of DBH and tree height.(a) the distribution of residuals for DBH. 
(b) the distribution of residuals for tree height. 

The accuracy of point cloud-based reconstruction of eucalyptus trees for DBH and 
tree height is shown in Table 6. The Bias and RMSE of the breast diameter calculated by 
least squares were −0.56 cm and 2.38 cm, respectively. Among the 41 trees with DBH ref-
erence values ranging from 6.3 cm to 28.6 cm, the absolute value of DBH deviation less 
than 2.38 cm accounted for 70.7% of the total trees. The bias and RMSE of tree height were 
−2.24 m and 3.68 m, respectively. Among all the trees whose reference height ranges from 
11.10 m to 31.90 m, 75.6% of the trees with absolute deviation of tree height was less than 
3.68 m. 

Table 6. Comparison of the accuracy of DBH and tree height of eucalyptus determined based on 
point cloud reconstruction and destructive sampling. 

Category Bias rBias(%) RMSE rRMSE(%) 
DBH(cm) −0.56 −3.16 2.38 13.34 
Height(m) −2.24 −10.03 3.68 16.42 

3.3. Volume of Trunk and Branches 
We used trunk and branch volumes from 41 trees sampled destructively as reference 

values for reconstructed trunk and branch volumes. The reference values for trunk vol-
ume from eucalyptus ranged from 0.01312 m3 to 0.80380 m3, and the reference values for 
branch volume ranged from 0.00047 m3 to 0.13049 m3. The estimates of the point cloud 
reconstructed trunk volume ranged from 0.00280 m3 to 0.79793 m3, and the estimates of 
the branch volume ranged from 0.00153 m3 to 0.17500 m3. Figure 22 shows the R2 of the 
linear fit of the estimates and reference trunk volumes of the point cloud reconstruction, 
respectively, was 0.94. Its slope was 0.95, indicating a slight underestimation of the trunk 
volume. The RMSE was 0.06222 m3, while the mean trunk volume was 0.32741 m3, result-
ing in a CV(RMSE) of 19.00%. The R2 of the linear fit of the estimated and reference values 
of the branch volume was 0.95. Its slope was 0.97, indicating an underestimation of the 
branch volume. The RMSE was 0.01615 m3 and the CV(RMSE) was 38.84%. 
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Figure 22. Comparison of trunk and branch volume based on 3D reconstruction of trees with refer-
ence values: (a) trunk volume; (b) branch volume. 

Figure 23 shows the residual distributions for the reconstructed trunk and branch 
volumes. Most of the trunk volume residuals were more evenly distributed on both sides 
of the y = 0 line and most of the residuals were between −0.1 m3 and 0.1 m3, with no sig-
nificant difference in the range of residual distributions as the volume of the reference tree 
increases. Figure 23b provides the distribution of the residuals for the volume of the 
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reconstructed tree branches. Most of the volume residuals were more evenly distributed 
on both sides of the y = 0 line, and most of the residuals were between −0.02 m3 and 0.02 
m3. The range of residual distributions was not significantly different with increasing ref-
erence tree volume. 

 
Figure 23. Residual distribution of (a) trunk volume and (b) branch volume. 

Table 7 provides the accuracy of the reconstructed trunk and branch volumes for the 
method in this paper. The Bias and rBias of the reconstructed trunk volume of the point 
clouds calculated by the least squares method were −0.00996 m3 and −3.04%, respectively. 
Of the 41 trees with trunk volume reference values ranging from 0.01312 m3 to 0.80380 m3, 
the absolute value of trunk volume deviation was less than 0.06222 m3 for 95.1% of the 
total number of trees. The Bias and rBias of branch volume were 0.00749 m3 and 18.02%, 
respectively, and the absolute value of branch volume deviation was less than 0.01615 m3 
for 85.4% of the total number of trees. 

Table 7. Comparison of accuracy of eucalyptus branch and trunk volumes determined based on 
point clouds reconstruction and destructive sampling. 

Category Bias rBias (%) RMSE rRMSE (%) 
Trunk _Volume (m3) −0.00996 −3.04 0.06222 19.00 

Branches _Volume (m3) 0.00749 18.02 0.01615 38.84 

3.4. Aboveground Carbon Stocks 
We used trunk and branch carbon stocks from 41 trees from destructive sampling as 

reference values for point cloud-based reconstruction of trunk and branch carbon stocks. 
The aboveground carbon stock reference values for a single tree from eucalyptus ranged 
from 4.98976 kg to 230.97258 kg, the trunk carbon stock reference values ranged from 
4.82425 kg to 198.86840 kg, and the branches’ carbon stock reference values ranged from 
0.16551 kg to 32.10418 kg. The point clouds reconstructed aboveground carbon stock esti-
mates for single trees ranged from 7.14801 kg to 238.26647 kg, the estimated trunk carbon 
stock ranged from 1.03140 kg to 192.61373 kg, and the estimated branch carbon stock 
ranged from 0.51283 kg to 45.16920 kg. Figure 24 shows separately that the R2 of the linear 
fit of the point clouds reconstructed aboveground carbon stock estimates for single trees 
and the reference value was 0.96. Its slope of 0.98 indicated a slight underestimation of the 
aboveground carbon stock in individual trees. The RMSE was 14.94391 kg, while the av-
erage aboveground carbon stock in individual trees was 92.06388473 kg, resulting in a 
CV(RMSE) of 16.23%. The R2 of the linear fit of the trunk carbon stock estimate and the 
reference value was 0.94. Its slope was 0.94 indicating an underestimation of the trunk 
carbon stock. The RMSE was 15.03535 kg and the CV(RMSE) was 18.35%. The R2 of the 
linear fit of the estimated and reference values of the branch carbon stock was 0.95. Its 
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slope was 0.97, indicating a slight underestimation of the branch carbon stock. The RMSE 
was 3.90454 kg and the CV(RMSE) was 38.39%. 

 
Figure 24. Comparison of tree-level, trunk, and branch carbon stocks based on 3D reconstruction of 
trees with reference values: (a) tree-level; (b) trunk; (c) branches. 

Figure 25 shows the distribution of residuals for the reconstructed carbon stocks for 
single trees, trunks, and branches, respectively. Most of the single-tree aboveground car-
bon stock residuals were more evenly distributed on either side of the y = 0 line, and most 
of the residuals were between −20 kg and 20 kg, with the range of residual distributions 
not differing significantly with increasing carbon stock in the reference trees. Figure 25b 
provides the distribution of carbon stock residuals for reconstructed tree branches. Most 
of the carbon stock residuals were more evenly distributed on both sides of the y = 0 line, 
and most of the residuals were between −5 kg and 5 kg, with no significant difference in 
the range of residual distributions as the reference tree carbon stock increases. Figure 25c 
provides the distribution of carbon stock residuals for the reconstructed tree trunks. Most 
of the carbon stock residuals were more evenly distributed on both sides of the y = 0 line 
and most of the residuals were between −20 kg and 20 kg, with no significant difference 
in the range of residual distributions as the reference tree carbon stock increases. 

Table 8 provides the accuracy of the reconstructed single-tree aboveground carbon 
stocks, and single-tree trunk and branch carbon stocks by the method in this paper. The 
Bias and rBias of the point cloud reconstruction of single-tree aboveground carbon stocks 
calculated by the least squares method were −0.09636 kg and −0.11%, respectively, and the 
absolute value of the deviation of single-tree aboveground carbon stocks was less than 
14.94391 kg for 73.17% of the total number of trees. The Bias and rBias of trunk carbon 
stock were −2.33848 kg and −2.85%, respectively. Among the 41 trees in the range of the 
reference value of trunk carbon stock, the absolute value of the deviation of trunk carbon 
stock was less than 15.03535 kg for 75.6% of the total number of trees. The Bias and rBias 
of branch carbon stocks were 1.83295 kg and 18.02%, respectively, and the absolute value 
of the deviation of branch carbon stocks was less than 3.90454 kg for 87.8% of the total 
trees. 
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Table 8. Comparison of the precision of aboveground, branch, and trunk carbon stocks of eucalyp-
tus monocarps. 

Category Bias rBias (%) RMSE rRMSE (%) 
Total tree (kg) 0.60972 0.66 14.94391 16.23 

Trunk (kg) −2.33848 −2.85 15.03535 18.35 
Branches (kg) 1.83295 18.02 3.90454 38.39 

 
Figure 25. Residual distribution of (a) tree-level, (b) trunk, and (c) branch carbon stocks. 

4. Discussion 
4.1. Analysis of Results 

The carbon sequestration capacity of forests plays an important role in offseĴing car-
bon emissions and regulating climate change, and accurate measurement of carbon stocks 
in trees is essential for modelling the carbon dynamics of forest ecosystems [39–42]. Car-
bon stock estimation at the regional level involves continuous quantitative modelling at 
different scales. The development of aerial and satellite remote sensing has greatly re-
duced the uncertainty in scaling up plot-level biomass and carbon stock estimates to re-
gional or national estimates [22]. When estimating carbon stocks per tree in a plot based 
on the establishment of allometric growth equation, a large amount of uncertainty is in-
troduced into the system [18,43–45]. Currently, TLS point cloud reconstruction methods 
allow for direct determination of tree structure and are important for calibrating airborne 
and satellite-based remote sensing carbon stock estimates [46]. In this study, a method for 
reconstruction of eucalyptus carbon storage based on TLS point clouds was proposed, 
which mainly included steps such as branch separation, skeleton extraction, structural 
reconstruction, and carbon storage determination of eucalyptus single-tree point clouds 
based on an improved spatial colonization algorithm. In addition, 41 eucalyptus trees 
were felled for destructive measurement to verify the accuracy of our method. 

During the process of eucalyptus tree structure reconstruction, a solution was pro-
posed to address the limitations caused by the spatial colonization algorithm’s influence 
radius. This improvement method, which utilized dual perspectives, effectively resolved 
issues such as unstable growth direction due to a small field of view, premature termina-
tion of growth, and the premature impact of tree branching on skeleton point growth 
caused by an excessively large field of view. Simultaneously, adjustments and 
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optimizations were made to the skeleton containing noisy branches, and a solution was 
proposed for the issue of nearly parallel branches on the skeleton, enhancing the correct-
ness and rationality of the skeleton’s topological representation [23,32–34]. Furthermore, 
a completion strategy for the missing parts of the skeleton was designed. For point cloud 
data with partial scanning defects, the original branches were complemented by roughly 
predicting the direction of the branches. The root node of independent branches was de-
termined based on the sum of bifurcation angles, and neighboring nodes were found 
through the extension of branches. The missing parts of the point clouds were interpolated 
using the Cardinal curve smoothing algorithm, resulting in the reconstruction of a realistic 
and detailed eucalyptus tree structure model [36]. Accuracy in eucalyptus tree structure 
reconstruction was evaluated based on visual effects and quantitative indicators. The re-
sults showed that the improved algorithm achieved higher accuracy compared with the 
original skeleton. Moreover, it exhibited significant improvements in accuracy compared 
to other methods. The average Hausdorff distance and F-distance were reduced by 0.0025 
and 0.0027, respectively, compared with the standard skeleton. Compared with PypeTree, 
the average Hausdorff distance and F-distance were reduced by 0.065 and 0.0372, respec-
tively. Compared with AdTree, the average Hausdorff distance and F-distance were re-
duced by 0.0192 and 0.0312, respectively. In the process of validating our method for de-
termining carbon storage, we conducted an analysis of trees under destructive measure-
ment conditions and measured the wood density and carbon content values of the sam-
ples in the laboratory. 

Therefore, the carbon stock estimated by destructive measurements was estimated 
with minimal assumptions and was therefore used as a reference for comparing the per-
formance of other methods [47,48]. Statistical results showed high agreement between the 
reconstructed carbon stock estimates and destructive measurements, with an R2 of 0.96 for 
the linear fit between the point cloud reconstructed single-tree aboveground carbon stock 
estimates and the reference values, an RMSE of 14.94391 kg, and a CV(RMSE) of 16.23%. 
The R2 of the linear fit of the trunk carbon stock estimate and the reference value was 0.94, 
the RMSE was 15.03535 kg, and the CV(RMSE) was 18.35%. The R2 of the linear fit of the 
branch carbon stock estimate to the reference value was 0.95, the RMSE was 3.90454 kg, 
and the CV(RMSE) was 38.39%. The biggest difference between this method and allome-
tric equation is that it does not depend on DBH or tree height. We experimentally showed 
that the reconstruction results did not systematically overestimate or underestimate breast 
diameter, tree height, tree volume, and aboveground carbon stocks for tree size and shape. 

4.2. Limitations and Application Potential 
Our method needs to be made more robust to different raw point clouds in terms of 

eucalyptus structure reconstruction. Typically, the point clouds obtained by the LiDAR 
scanner are noisy, and subsequent optimization work can incorporate a more robust point 
cloud pre-processing function so that it can handle most of the noise problems [49,50]. In 
this paper, the skeleton-based modelling idea is used to reconstruct the tree structure, and 
so the accuracy of skeleton extraction affects the accuracy of the subsequent carbon stock 
determination. In addition, trees have different morphologies in nature, and there are few 
trees that do not exhibit universal growth paĴerns [51]. The modelling algorithm pro-
posed in this paper is effective in reconstructing the sample trees, but there may be differ-
ences in the modelling results for trees with very complex branches, obscure branching, 
and branches with abnormal orientations. The algorithm in this paper needs to extract the 
skeleton points step by step in several iterations, which consumes more memory and com-
putation time although accuracy is guaranteed. Whether it is for the structurally simple 
or complex part of a single-tree point clouds, it needs to iterate gradually according to 
fixed parameters (step size, influence radius, etc.). In the future, we can try to add a mech-
anism that can dynamically judge the current position and dynamically adjust the field of 
view, which can not only simplify calculation and improve efficiency, but also express the 
topological structure and branch direction of trees more concisely. Our approach has the 
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potential to be applied to stand carbon stock calculations and to validate carbon stock 
monitoring by drones and satellites. However, we need to meet the forest TLS processing 
process, such as single-wood segmentation and ground filtering steps. Our current meth-
ods only support accurate calculations of carbon stock at tree level. In large-scale scenar-
ios, if the computer memory and efficiency are guaranteed, the information of each tree in 
the stand level, including the location, species, and other parameters of the tree, our 
method will have the ability to calculate the carbon storage at the stand level. In this paper, 
our method was not able to estimate the carbon stock of tree leaves in terms of carbon 
stock estimation. Even though relevant studies have shown that the carbon stock in leaves 
is approximately 2–6% of the aboveground carbon stock in trees [19,52,53], reconstructing 
the carbon stock in leaves based on point clouds may require the development of new 
algorithms and models as well as the need for accuracy and validation with a large num-
ber of ground samples. When single values such as carbon content and wood density are 
applied to a particular tree, these values are assumed to be consistent across different parts 
of the tree’s branches. However, these values vary not only within a tree but also between 
trees. Assuming that these values are constant creates uncertainty in the final estimate. It 
is common to use local or global allometric growth equation to estimate the carbon content 
of a specific tree species [3,54]. Our method has the advantage of determining carbon 
stocks for different geographical locations and different tree species, with good generali-
zability and potential for wide application to different tree species, and is the same for all 
tree species. Our method determined aboveground carbon stocks in a single tree by re-
constructing the 3D structure, and it also did not rely on a limited number of tree param-
eters. Our study specifically focuses on the accurate determination of single-tree above-
ground carbon stocks, which is important for larger-scale carbon stock estimation and 
calibration based on aerial and satellite remote sensing. Our research is essential for the 
development of effective forest management strategies, providing new methods and tech-
niques for high-precision, non-destructive measurements of aboveground carbon stocks 
in single trees in response to REDD+ policies aimed at reducing emissions from deforesta-
tion and forest degradation, sustainable management of forests and trading of conserva-
tion, enhancement of forest carbon stocks, and forest carbon sink projects in developing 
countries. 

5. Conclusions 
This study proposes a method to accurately determine the aboveground carbon stock 

of Eucalyptus monocarps from TLS point clouds, which develops an algorithmic framework 
for branch–trunk separation, skeleton extraction and optimization, 3D reconstruction, and 
carbon stock determination through an improved spatial colonization algorithm. The 
problem of different geometries and complexities of tree branches was solved during the 
method development process, effectively avoiding the problem of tree sagging branches 
leading to misjudgment. An accurate representation of the branch topology was estab-
lished by optimizing and adjusting the modeling algorithm to remove small redundant 
branches. Function fiĴing was used to predict the direction of the branches in the inde-
pendent branching part to complete the skeleton, and finally a smooth and realistic tree 
structure model was obtained. Destructive sampling experiments and laboratory meas-
urements were carried out to validate the accuracy of the method and model in determin-
ing the aboveground carbon stock of eucalyptus monocarps, and this study provides a 
new method for non-destructive estimation of aboveground carbon stock in eucalyptus 
monocarps based on the TLS LiDAR point clouds, which provides technical support for 
forest carbon sink trading. To beĴer evaluate the potential application of our method, we 
will use it for different tree species as much as possible in the future and optimize the 
modelling process to improve the accuracy of the method. 
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