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Abstract: The rapid and precise acquisition of forest stand parameters is a key challenge
in forest resource assessment. Terrestrial laser scanning (TLS) provides a fast and accu-
rate method, but its accuracy is influenced by factors like tree segmentation parameters.
This study focuses on Pinus tabuliformis plantations in the Caijiachuan watershed, Jixian,
Shanxi, on the Loess Plateau. Based on field survey data, including tree number, height
(H), diameter at breast height (DBH), and biomass, high-precision point cloud data were
acquired using TLS. A comparative shortest path (CSP) algorithm was used for individual
tree segmentation to investigate the effect of parameter selection on measurement accuracy.
The results show that minimum tree height has a significant impact on segmentation accu-
racy. As the minimum tree height increased from 3.0 to 5.5 m, the recall rate (R) decreased
while the precision (P) increased. The highest precision (F-score = 0.9470) and biomass
estimation accuracy (0.9066) were obtained with a minimum tree height of 4.5 m, and
the best extraction accuracies for H and DBH (0.9677 and 0.9518) were obtained at 5.0 m.
Optimizing the minimum tree height parameter improves segmentation accuracy, thereby
enhancing the use of TLS for soil and water conservation on the Loess Plateau.

Keywords: Pinus tabuliformis forest; stand parameters; terrestrial laser scanning; individual
tree segmentation; the minimum tree height

1. Introduction
Forests are the backbone of terrestrial ecosystems [1] and a fundamental resource for

human survival [2]. Forest inventories are a vital means of assessing forest resource quantity,
quality, and distribution [3]. Stand parameters, such as diameter at breast height (DBH),
tree height (H), and biomass, are the main content during forest resource surveys and are
also key indicators reflecting the spatial structure of forests, the health of forest growth, and
the stability of forest ecosystems [4]. Traditional forest stand parameter surveys often rely
on manual field measurements, which is not only time-consuming and labor-intensive but
also presents challenges to ensuring the timeliness of the data, especially when rapid and
accurate monitoring of large areas of forests is required; the limitations of the traditional
methods are more significant [5]. Consequently, obtaining forest stand parameters quickly
and accurately has become a substantial challenge in forest resource surveys.
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With the rapid advancement of remote sensing technology, various methods and
equipment, such as optical remote sensing [6,7], microwave remote sensing [8,9], and
LiDAR [10,11], have been widely applied in extracting forest stand parameters. Optical
remote sensing is currently the most commonly used method; however, its signals struggle
to penetrate clouds, water vapor, and diverse atmospheric conditions, significantly affecting
the acquisition of optical remote sensing imagery. Additionally, in densely forested areas,
where optical remote sensing data may become saturated, accurately capturing information
about ground-level or understory vegetation is challenging [12]. In contrast, microwave
remote sensing is unaffected by weather conditions and can operate effectively under
various climatic conditions [13]. However, the complex terrain found in forests can interfere
with the microwave signals, making it difficult to mitigate this disruption altogether [14].
In this context, LiDAR has emerged as a crucial tool for remote sensing applications in
extracting forest stand parameters. Its strong penetration capabilities, rapid acquisition of
high-precision 3D data, and adaptability to complex terrains make it especially useful [15].

In recent decades, various LiDAR technologies, including satellite-borne [16], air-
borne [17], vehicle-mounted [18], and terrestrial laser scanning (TLS) [19], have been
increasingly used to analyze and extract parameters of forest stands. Each type of LiDAR,
however, faces unique challenges in its application. Satellite-borne LiDAR offers global
coverage but has low resolution, making it difficult to obtain detailed information about
the ground, particularly in dense forests [20]. Airborne LiDAR can cover vast areas, but
accurately capturing information from the lower layers of the forest canopy is difficult
due to shading from the canopy itself [21]. Vehicle-mounted LiDAR depends on road
infrastructure, making it difficult to use in rugged or untraveled forested areas [22]. TLS
employs a bottom–up static scanning method through fixed stations, enabling it to accu-
rately capture the three-dimensional structures of forests and provide high-resolution data.
Its deployment is also less restricted by terrain conditions [23]. As a result, TLS has become
increasingly beneficial for researching, managing, and planning forest resources, making it
a central focus of ongoing studies in the field [24].

Biomass is a crucial parameter for evaluating forest ecosystems’ productivity, carbon
sink function, and health. It is essential in developing sustainable forest management and
utilization strategies [25]. As key stand parameters, DBH and H not only directly reflect
tree growth and forest structure but also provide essential data for biomass estimation [26].
Consequently, the swift and precise measurement of DBH and H, along with biomass
estimation based on these measurements using TLS, has become a key area of research
in forest resource surveys. Accurate tree segmentation is crucial for extracting stand
parameters due to forests’ dense and complex nature [27].

Recent studies have made significant advances in individual tree segmentation, both
nationally and internationally. In terms of data structure, most existing studies have used
methods based on rasterization [28,29], voxelization [30,31], and point cloud data [32,33]
for individual tree segmentation. Point cloud rasterization enhances analysis efficiency
and visualization by converting 3D data into 2D [34]. However, the rasterization process is
resolution-dependent, which may result in the loss of point cloud details, thereby impacting
the accuracy of individual tree segmentation [35]. When compared to rasterization, vox-
elization is more effective at preserving 3D information, minimizing noise, and enhancing
adaptability and accuracy in complex forest structures [36]. However, this method can be
computationally demanding and may result in boundary blurring and loss of detail if the
voxel size is not chosen correctly [37]. Segmentation that directly utilizes point cloud data
retains the original 3D coordinate information, avoids the resolution limitations associated
with rasterization, and eliminates accuracy loss from inappropriate voxel sizes during
voxelization, thereby maximizing the precision of individual tree segmentation [38].
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In terms of segmentation algorithms, Huang [39] et al. used a voxel-based labeled
neighborhood search method to segment roadside trees with high accuracy, which may not
apply to forests with intersecting and irregular canopy shapes because roadside trees have
more uniform canopy shapes and usually do not have intersecting canopies. Yu [40] et al.
proposed an improved region-growing algorithm, and the results of the study showed that
the algorithm can effectively handle the case of intersecting and irregularly shaped tree
crowns, showing better robustness and accuracy. However, the algorithm may be sensitive
to the selection of initial seed points, which leads to unstable segmentation results and
limits its applicability under different environmental conditions. Mu et al. [41] proposed
a multi-scale spatial enhancement network and rectangular convolution self-attention
fusion method, which can enhance feature saliency and improve segmentation accuracy in
complex forest environments. However, these methods usually rely on large-scale training
data for optimization, and in sample-scale studies with limited labeled data, deep learning
methods may be difficult to generalize, leading to unstable segmentation results. Tao
et al. [42] proposed a comparative shortest path (CSP) algorithm inspired by ecological
theory, which starts with density-dependent spatial clustering using the density-based
spatial clustering of applications with noise (DBSCAN) method to identify tree trunks. In
contrast, the CSP method does not rely on large-scale training data but is based on density-
dependent spatial clustering (DBSCAN) combined with the shortest path calculation from
the crown point to the trunk, which can effectively deal with complex situations, such as
overlapping crowns and irregular crown morphology at the sample plot scale. In addition,
the CSP method can optimize the canopy segmentation in a local range in the sample scale
high-resolution LiDAR data, improve the accuracy, and reduce the dependence on the
initial seed points, which improves stability.

Based on research area, most of the studies on forest stand parameter extraction
through TLS are concentrated in tropical rainforests [43,44], subtropical forests [45,46],
urban forests [47,48], and other areas with flat topography. In contrast, relatively few
studies have been conducted on the Loess Plateau region, which is a region of large
topographic undulations, fragile ecological environments, and severe erosion, and most
of the existing studies have been focused on the monitoring of soil erosion in the Loess
Plateau [49,50]. Pinus tabuliformis has become a dominant tree species for afforestation
in the Loess Plateau region due to its high survival rate, strong germination capacity,
well-developed root system, and drought resistance [51]. Rapid and accurate extraction
of forest stand parameters of P. tabuliformis forests is conducive to assessing its growth
status, optimizing forest management, promoting ecological restoration, and providing a
scientific basis for local vegetation management measures, thus promoting the construction
of a sustainable environment.

In conclusion, this study focuses on an artificial P. tabuliformis forest in the Caijiachuan
watershed of Jixian, Shanxi, in the southeastern section of the Loess Plateau. TLS was used
to collect remote sensing data, while the CSP algorithm was used to segment individual
trees. This study intends to achieve the following objectives. (1) TLS point cloud data
were segmented into individual trees using the CSP algorithm, with a focus on examining
how the minimum tree height parameter influences segmentation accuracy. The aim is
to identify the optimal segmentation under varying minimum tree height settings and
enhance the precision and stability of individual tree segmentation. (2) By analyzing the
impact of various minimum tree height settings on the extraction of DBH and H, the
accuracy of parameter extraction was optimized, providing a reference for the precise
extraction of forest stand parameters. (3) To verify the effects of different minimum tree
height settings on the accuracy of biomass estimation, to determine the optimal method for
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biomass estimation in the region, and to provide fast and accurate technical support for
forest resource investigation and ecological management in the area.

2. Materials and Methods
2.1. Study Area

The study area is located in the Caijiachuan watershed of Jixian County, Shanxi, in the
southeastern part of the Loess Plateau. The geographic coordinates range from 110◦39′45′′

to 110◦47′45′′E and from 36◦14′27′′ to 36◦18′23′′N. The terrain is characterized by higher
elevations in the west and lower elevations in the east. The watershed covers an area
of 39.33 km2, with elevations ranging from 900 to 1500 m above sea level. The average
annual temperature is 10.0 ◦C, and the average annual precipitation is 575.9 mm. Most
of the rainfall occurs between July and September, accounting for approximately 80% of
the total annual precipitation. The average potential evaporation each year is 1730 mm,
and the annual frost-free period lasts 172 days. This area has a continental climate typical
of the warm temperate zone. The soil consists of brown, loamy parent material and has
a thick layer; however, it is weakly resistant to erosion due to its loose structure. The
main land use types in the watershed include forest land, shrubland, grassland, and
farmland, with a forest coverage rate exceeding 80%. The upper reaches of the watershed
are primarily covered by natural secondary forests composed of Quercus wutaishanica,
Populus davidiana, Betula dahurica, and Syringa pekinensis. The middle-upper reaches mainly
consist of plantations dominated by Pinus tabuliformis, Robinia pseudoacacia, and Platycladus
orientalis, while the lower reaches are characterized by grasslands and farmlands [52]. The
study area is presented in Figure 1.
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Figure 1. Location of the study area and location of sample plots. (a) Location of the Caijiachuan
watershed in the Loess Plateau; (b) distribution of 30 sample plots in the Caijiachuan watershed;
(c) sample plots of the plantation forest of P. tabulaeformis.
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2.2. Survey Data of Sample Plots

In March 2024, 30 plantation plots of P. tabulaeformis in the Caijiachuan watershed,
with a stand age of 30 years and similar stand conditions, were selected for the study. The
plant density in the plots ranged from 1250 to 5900 plants per hectare. None of the sample
plots contained dead or fallen trees, with a total of 3501 trees. Each tree was measured
within the plots; DBH was recorded using a circumference tape, and H was calculated
using the fish pole method [53]. Based on the average H and DBH measured at each site, a
standard tree was selected from each location. In total, 30 standard trees were harvested,
excavated, and divided into four components: leaves, branches, trunk, and roots. The fresh
mass of each element was weighed and recorded (denoted as M). Subsequently, 1 kg of
samples from each component was taken back to the laboratory, where the samples were
placed in an oven set at 75 ◦C to dry until a constant weight was achieved. After drying,
the dry mass of each component (denoted as m) was recorded.

The moisture content (ω) of each element was calculated using the following equation:

ω =
1 − m

m
× 100% (1)

where ω represents the water content of each organ and m is the dry mass of 1 kg of each
organ sampled.

The biomass (B) of each standardized wood component was then determined as

B =
M

(1 + ω)
(2)

where M indicates the fresh mass of each organ, and B refers to the biomass of each
component of the standard wood.

The total biomass (BT) of standardized wood was obtained using

BT = Bl + Bb + Bt + Br (3)

where BT is the total biomass of the standard wood. Specifically, Bl , Bb, Bt, and Br represent
the biomass of the leaves, branches, trunk, and roots of the standard wood.

Additionally, the basic conditions of the sample plots were assessed using a geological
compass and a Real-Time Kinematic (RTK) surveyor, as shown in Table 1.

Table 1. Basic information of sample plots.

Plot ID Altitude
/m

Aspect
/◦

Slope
/◦

Density
/(Tree/hm2)

H/m
Avg. ± SD

DBH/cm
Avg. ± SD B/kg

1 1098 90 30 1250 8.22 ± 1.07 14.04 ± 2.08 45.73
2 1403 270 18 2175 9.57 ± 1.86 14.51 ± 3.92 53.22
3 1075 140 25 2475 8.76 ± 2.04 10.69 ± 4.54 29.01
4 1354 60 25 2600 9.72 ± 1.52 13.27 ± 3.57 54.46
5 1340 180 34 2875 6.52 ± 1.41 9.13 ± 3.75 18.31
6 1337 23 30 2950 10.16 ± 1.76 11.92 ± 4.24 41.12
7 1368 75 20 3000 8.94 ± 1.74 10.9 ± 4.11 30.13
8 1374 120 30 3000 8.21 ± 1.57 10.74 ± 3.34 36.77
9 1284 60 25 3150 8.00 ± 1.61 10.64 ± 3.80 26.59

10 1370 60 20 3289 10.13 ± 1.79 11.90 ± 3.44 25.77
11 1350 300 38 3400 7.21 ± 1.86 10.43 ± 4.25 24.00
12 1215 300 16 3575 9.72 ± 1.74 10.68 ± 3.97 37.34
13 1304 305 16 3650 7.97 ± 1.39 11.04 ± 3.66 36.89
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Table 1. Cont.

Plot ID Altitude
/m

Aspect
/◦

Slope
/◦

Density
/(Tree/hm2)

H/m
Avg. ± SD

DBH/cm
Avg. ± SD B/kg

14 1275 60 27 3650 8.25 ± 1.59 10.42 ± 3.66 27.83
15 1350 300 38 3822 7.33 ± 1.63 9.90 ± 3.60 31.11
16 1290 171 29 4000 9.19 ± 1.26 10.92 ± 3.54 26.84
17 1240 118 26 4000 7.01 ± 1.31 10.81 ± 2.56 33.74
18 1199 185 31 4000 6.56 ± 1.33 9.49 ± 2.72 20.38
19 1301 60 22 4000 10.31 ± 1.79 11.00 ± 3.72 42.14
20 1357 120 30 4100 8.15 ± 1.66 9.48 ± 3.91 20.72
21 1279 67 22 4200 8.27 ± 1.47 10.64 ± 3.36 26.95
22 1410 90 28 4225 9.44 ± 2.25 10.98 ± 3.98 57.08
23 1366 240 30 4425 6.78 ± 1.58 8.88 ± 3.18 14.45
24 1252 200 36 4475 10.12 ± 1.99 10.67 ± 3.73 29.26
25 1340 180 14 4500 7.13 ± 1.36 10.29 ± 3.47 31.46
26 1277 60 21 5050 9.43 ± 1.56 10.22 ± 3.70 27.19
27 1333 303 25 5250 8.42 ± 2.37 8.67 ± 4.30 38.63
28 1307 180 25 5550 8.82 ± 2.09 8.86 ± 3.72 26.42
29 1277 120 20 5800 7.40 ± 1.26 7.97 ± 3.64 14.69
30 1273 192 24 5900 6.64 ± 1.17 7.51 ± 3.37 20.74

Notes: Slope direction is measured clockwise from due north. Avg. ± SD denotes the mean ± standard deviation.

2.3. Standard Tree Biomass Modeling

Developing anisotropic growth models based on the regression relationship between
H, DBH, and biomass is a practical approach for estimating the biomass of individual trees
and stands. Most equations for biomass anisotropic growth utilize H and DBH as separate
explanatory variables or in combination [54]. Equations in the form of univariate linear,
quadratic, and power functions were used to establish regression relationships. In this
analysis, the H and DBH of standard trees from 30 sample plots served as explanatory
variables, while biomass was the response variable. A total of 12 equations were developed,
as shown in Table 2. All models were fitted using the lm() function in R 4.4.2 programming
language [55].

Table 2. Biomass models of P. tabulaeformis.

Number Equation Form Parameters Number Equation Form Parameters

1 lnB = lna + blnH a, b 7 B = aH + bD + c a, b, c
2 lnB = lna + blnD a, b 8 B = aHb a, b
3 lnB = lna + bln(D2H) a, b 9 B = aDb a, b
4 lnB = lna + blnH + clnD a, b, c 10 B = a(D2H)

b a, b
5 B = aH + b a, b 11 B = aDbHc a, b, c
6 B = aD + b a, b 12 B = a(D3/H)

b a, b

Notes: B, D, and H are standard wood biomass, diameter at breast height, and tree height.

2.4. Terrestrial Laser Scanning Data
2.4.1. Data Acquisition and Processing

To ensure temporal consistency between the TLS point cloud data and the ground-
truthing data, data collection was carried out under clear, windless weather conditions
in March 2024. To acquire the TLS point cloud data, 30 sample plots were scanned using
the RIEGL VZ-2000i system (RIEGL Laser Measurement Systems GmbH, Horn, Austria).
Table 3 presents the key performance specifications of the RIEGL VZ-2000i system.
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Table 3. Main performance indicators of RIEGL VZ-2000i.

System Parameter RIEGL VZ-2000i

Emission frequency 1200 KHz
Wavelength (NIR)1550 nm

Accuracy/repeatability 5 mm/3 mm
Maximum range 2500 m

Minimum distance 1 m
Scanning field ofview 100◦ × 360◦

Scanning speed 1,200,000
Input voltage 11–34 VDC

Power Standard-70 W Max-87 W
Weight 9.8 KG

Operating temperature 0–40 ◦C

To minimize tree occlusion during sampling, a 9-station scanning mode was used,
scanning trees consecutively in a clockwise direction to collect point cloud data. Transmitter
spheres were evenly placed along the plot boundaries and in unobstructed areas around the
sample trees. This ensured that at least three identical transmitter spheres were visible from
neighboring scan locations, facilitating the stitching of the TLS point cloud data. Figure 2
illustrates the scanning of the sample plots and the specific layout of the scanning stations.
The scanning sequence follows an S-shaped pattern across three elevation levels (upper,
middle, and lower slopes), with a scanning time of approximately 1–2 min per station
and a total measurement time of around 20 min for the nine-station process, including the
repositioning time between stations.
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Figure 2. TLS of sample plots (left); deployment program of TLS (right). Notes: 1⃝– 9⃝ is the
scanning order.

After data acquisition, supporting RiSCAN PRO 2.0 software registered the TLS data
from the multi-station scanning into a common coordinate system, ensuring coordinate
alignment with an error of less than 1 cm. This process met the accuracy requirements for
forestry applications, and the stitched point cloud data were then imported into LiDAR
360 V 5.2.2 software. A detailed description of the LiDAR 360 V 5.2.2 software is provided
in Appendix A.
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2.4.2. Pre-Processing

The neighborhood point algorithm [56] was utilized in LiDAR 360 V 5.2.2 software
for the denoising process. This method examines each point to find neighboring points
within a specified range. The algorithm calculates the mean distance from the point to its
neighboring points and the median and standard deviation of these distances. If the mean
distance of a point exceeds the maximum allowable distance—defined as the median plus a
multiplier of the standard deviation—the point is classified as noisy and removed from the
dataset. According to the study area, this study used 10 points as domains with a standard
deviation set to 5 for denoising, as shown in Figure 3a,b.
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On this basis, an improved progressive encrypted triangular mesh filtering algo-
rithm [57] was used to classify the ground points (Figure 3c); Kriging Interpolation [58]
was used to generate the digital elevation model (DEM) for the filtered ground points;
and the point cloud was normalized based on the DEM to remove the influence of terrain
undulation on the height of the point cloud data (Figure 3d).

2.4.3. Individual Tree Segmentation and Accuracy Evaluation

Based on the normalized processing of point cloud data, point cloud segmentation is
carried out to obtain single wood point cloud data by using the direct point-cloud-oriented
CSP algorithm, which is based on the principle of using the DBSCAN density-based
clustering algorithm [59] for the detection of tree trunks, detecting the path distances of
the crown points to reach the roots of the trunks and separating the different single wood
according to the shortest path distances of the crown points to the origins of the trunks to
crown points, realizing the segmentation of the crown point cloud, and, finally, realizing
the overall segmentation of the point cloud of single wood (Figure 4, Appendix B).
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The individual tree positions measured using RTK were compared with the positions
obtained from the individual tree segmentation. A detected position was considered correct
if it uniquely matched an actual measured tree. It was categorized as under-detected if
multiple actual measured trees were present for that position and as over-detected if no
actual measured tree could be found [60].

To evaluate the precision of individual tree segmentation, the actual count of plants
in each sample plot was used as the actual value. The performance of the algorithm in
segmenting trees was evaluated using three metrics: recall rate (R), precision (P), and the
F-score (F) [61].

R =
TP

Tp + Fn
(4)

P =
TP

Tp + Fp
(5)

F =
2(R × P)

R + P
(6)

where R represents the ratio of correctly segmented plants in individual tree segmentation
to the actual number of plants. P denotes the ratio of correctly segmented trees in individual
tree segmentation to the total number of trees identified through the segmentation process.
F is the weighted harmonic mean of R and P. Tp represents the number of correctly seg-
mented trees. Fn represents under-segmentation, referring to the number of trees present
in the actual sample plot but not successfully segmented, that is, the number of missed
segments. Fp refers to over-segmentation, which indicates the number of trees that were
incorrectly segmented in the actual sample plot, the number of falsely detected trees.

2.4.4. Sensitivity Tuning of Individual Tree Segmentation Parameters

During individual tree segmentation operations in LiDAR 360 V 5.2.2 software, the
parameter settings included height above ground level, clustering threshold, trunk height,
height at minimum and maximum DBH, the minimum points in the cluster, and mini-
mum tree height, and the above parameters were independently gradient adjusted within
the range of 0.5–1.5 times the system default values, with only a single parameter being
changed at a time and the rest of the parameters remaining at the system default values.
The precision of the segmentation results was calculated using Equation (5) to analyze the
effect of each parameter variation on individual tree segmentation (Figure 5). Under the
default parameter settings of the system, height above ground level, clustering thresholds,
and trunk height have the highest accuracy rates and the best segmentation results. The
precision remained constant as height at the minimum and maximum DBH and the mini-
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mum number points of the cluster were varied. As the minimum tree height varied, the
precision also exhibited a corresponding trend of change.

Remote Sens. 2025, 17, 1228 10 of 32 
 

 

thresholds, and trunk height have the highest accuracy rates and the best segmentation 
results. The precision remained constant as height at the minimum and maximum DBH 
and the minimum number points of the cluster were varied. As the minimum tree height 
varied, the precision also exhibited a corresponding trend of change. 

Accordingly, the parameters were set as follows: above ground level at 0.3 m, 
clustering threshold at 0.2 m, trunk height at 1.6 m, minimum DBH height at 1.2 m, 
maximum DBH height at 1.4 m, and the minimum number points of in cluster at 500. The 
minimum tree height was determined based on the actual growth conditions of the local 
tree population. 

 

Figure 5. Sensitivity analysis of individual tree segmentation parameters for 30 sample plots. 

According to the minimum tree height data from the field survey of the sample plots 
(Figure 6), the minimum tree heights of the 30 sample plots in this study area ranged from 
3.0 to 5.5 m. Therefore, six groups of minimum tree heights of 3.0, 3.5, 4.0, 4.5, 5.0, and 5.5 
m were set up in sequence for point cloud segmentation in this study. 

By comparing the segmentation results with the actual conditions of the sample plots, 
the optimal minimum tree height setting for point cloud segmentation in the study area 
was analyzed. This optimization aimed to improve the accuracy of individual tree 
segmentation and the subsequent extraction of stand parameters, providing a new 
technical approach for forest resource investigations in the region. 

Figure 5. Sensitivity analysis of individual tree segmentation parameters for 30 sample plots.

Accordingly, the parameters were set as follows: above ground level at 0.3 m, cluster-
ing threshold at 0.2 m, trunk height at 1.6 m, minimum DBH height at 1.2 m, maximum DBH
height at 1.4 m, and the minimum number points of in cluster at 500. The minimum tree
height was determined based on the actual growth conditions of the local tree population.

According to the minimum tree height data from the field survey of the sample plots
(Figure 6), the minimum tree heights of the 30 sample plots in this study area ranged from
3.0 to 5.5 m. Therefore, six groups of minimum tree heights of 3.0, 3.5, 4.0, 4.5, 5.0, and
5.5 m were set up in sequence for point cloud segmentation in this study.
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By comparing the segmentation results with the actual conditions of the sample plots,
the optimal minimum tree height setting for point cloud segmentation in the study area was
analyzed. This optimization aimed to improve the accuracy of individual tree segmentation
and the subsequent extraction of stand parameters, providing a new technical approach for
forest resource investigations in the region.

2.4.5. Stand Parameter Extraction and Accuracy Evaluation

Point cloud slices with a thickness of 5 cm (ranging from 1.27 to 1.32 m) were extracted
from the segmented point cloud data to obtain the individual tree DBH using the least
squares circle fitting method [62]. After normalization, the height of the ground point in the
point cloud is set to 0 m. The z-coordinate of the highest point of an individual tree is then
extracted to determine the vertical elevation of the tree [63]. Please refer to Appendix B
for details. Equation (7) was utilized to calculate the extraction accuracy (φ) of the stand
parameters across various sites.

The measured values of the stand parameters for each sample site were used as the
control, and the coefficient of determination (R2) was calculated using Equation (8). This
coefficient tests the goodness-of-fit of the regression line, with larger values of R2 indicating
a stronger correlation between the dependent and independent variables. Equation (9) is
used to calculate the root mean square error (RMSE) between the actual and predicted
values. A smaller RMSE indicates better prediction accuracy [64]. The specific formula is
as follows:

φ = 1 − 1
n

n

∑
i=1

|Ti − Pi|
Ti

(7)

where n is the number of correctly separated stands; Ti is the estimated value of the
separated stand parameters; and Pi is the measured value corresponding to the separated
stand parameters.

The measured values of the stand parameters for each sample site were used as the
control, and the coefficient of determination (R2) was calculated using Equation (8). This
coefficient tests the goodness-of-fit of the regression line, with larger values of R2 indicating
a stronger correlation between the dependent and independent variables.

R2 = 1 −

n
∑

i=1
(Ti − Pi)

2

n
∑

i=1
(Pi − P)2

(8)

where n is the number of correctly separated stands; Ti is the estimated value of the
separated stand parameters; and Pi is the measured value corresponding to the separated
stand parameters. P is the arithmetic mean of the measured values corresponding to the
separated stand parameters.

Equation (9) is used to calculate the root mean square error (RMSE) between the actual
and predicted values. A smaller RMSE indicates better prediction accuracy. The specific
formula is as follows:

RMSE =

√√√√√ n
∑

i=1
(Ti − Pi)

2

n − 1
(9)

where n is the number of correctly separated stands; Ti is the estimated value of the
separated stand parameters; and Pi is the measured value corresponding to the separated
stand parameters.
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3. Results
3.1. Accuracy of Individual Tree Segmentation

By comparing the segmented TLS point cloud data with the field-measured data, the
results of individual tree segmentation and accuracy for six sets of minimum tree height
settings (3, 3.5, 4, 4.5, 5, and 5.5 m) are shown in Table 4. For the sets with minimum tree
heights of 3, 3.5, and 4 m, the total number of identified trees was 3920, 3727, and 3556,
respectively, which is significantly over-segmented compared to the field-measured total
of 3501 trees. In contrast, for the sets with minimum tree heights of 4.5, 5, and 5.5 m, the
total number of identified trees was 3406, 3261, and 3114, respectively, which shows a clear
under-segmentation compared to the measured values. The R decreases as the minimum
tree height increases, while the P increases with the height. According to the F, the highest
individual tree segmentation accuracy of 0.9475 is achieved when the minimum tree height
is set to 4.5 m.

Table 4. The results of individual tree segmentation of P. tabulaeformis.

Minimum Tree
Height/m

Estimated/Trees Measured/
Trees

R P F
Tp Fp SUM Fn

3.0 3321 599 3920 180

3501

0.9486 0.8472 0.8950
3.5 3319 408 3727 182 0.9480 0.8905 0.9184
4.0 3317 239 3556 184 0.9474 0.9328 0.9401
4.5 3275 131 3406 232 0.9338 0.9615 0.9475
5.0 3180 81 3261 321 0.9083 0.9752 0.9406
5.5 3065 49 3114 436 0.8755 0.9843 0.9267

3.2. Assessing the Accuracy of Diameter at Breast Height Extraction

The results for the extraction accuracy of the average DBH for each sample plot ob-
tained through TLS are presented in Table 5. Across the 30 sample plots divided into
six groups, with minimum tree heights set at 3, 3.5, 4, 4.5, 5, and 5.5 m, the average extrac-
tion accuracy was consistently above 0.9247. This indicates that the extraction accuracy
of the average DBH for the sample plots using TLS is generally high. The lowest average
extraction accuracy recorded was 0.9247 for the shortest tree height of 3 m, while the highest
accuracy was 0.9677 for the minimum tree height of 5 m.

Table 5. The extraction accuracy of DBH at different minimum tree heights.

Plot ID
Minimum Tree Height/m

3.0 3.5 4.0 4.5 5.0 5.5

1 0.9240 0.9292 0.9381 0.9554 0.9969 0.9577
2 0.8995 0.9139 0.9057 0.9615 0.9651 0.9137
3 0.8560 0.8898 0.9476 0.9993 0.9680 0.9845
4 0.9075 0.9048 0.9140 0.9202 0.9328 0.9352
5 0.8958 0.9280 0.9388 0.9556 0.9698 0.9093
6 0.9193 0.9501 0.9674 0.9903 0.9935 0.9707
7 0.9526 0.9731 0.9820 0.9909 0.9897 0.8792
8 0.9030 0.9241 0.9267 0.9499 0.9583 0.9522
9 0.8518 0.8830 0.9058 0.9233 0.9302 0.9137

10 0.9429 0.9634 0.9711 0.9711 0.9902 0.9584
11 0.9564 0.9469 0.9388 0.9388 0.9410 0.9237
12 0.8453 0.8850 0.9111 0.9069 0.9231 0.9054
13 0.9770 0.9798 0.9842 0.9994 0.9966 0.9643
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Table 5. Cont.

Plot ID
Minimum Tree Height/m

3.0 3.5 4.0 4.5 5.0 5.5

14 0.9143 0.9402 0.9539 0.9623 0.9716 0.9263
15 0.9595 0.9785 0.9874 0.9874 0.9954 0.9597
16 0.8625 0.8777 0.9006 0.9006 0.9227 0.9068
17 0.9041 0.9041 0.9240 0.9240 0.9240 0.9761
18 0.8871 0.8871 0.9266 0.9021 0.9230 0.9216
19 0.9769 0.9866 0.9978 0.9918 0.9918 0.9799
20 0.9947 0.9982 0.9842 0.9843 0.9677 0.9576
21 0.9407 0.9427 0.9531 0.9558 0.9631 0.9241
22 0.9314 0.9532 0.9768 0.9840 0.9952 0.9896
23 0.9627 0.9754 0.9859 0.9995 0.9882 0.9980
24 0.9653 0.9922 0.9891 0.9858 0.9999 0.9181
25 0.9539 0.9609 0.9609 0.9722 0.9722 0.9408
26 0.9435 0.9658 0.9731 0.9776 0.9827 0.9618
27 0.9123 0.9241 0.9425 0.9619 0.9810 0.9911
28 0.9446 0.9318 0.9312 0.9280 0.9266 0.9222
29 0.9803 0.9803 0.9847 0.9918 0.9738 0.8788
30 0.8769 0.9251 0.9516 0.9606 0.9961 0.9782

Average 0.9247 0.9398 0.9518 0.9611 0.9677 0.9433

The results of the linear fit between the extracted and measured values of the mean
breast diameter at the minimum tree height of 5 m are shown in Figure 7a, with R2 of 0.9275
and RMSE of 0.3916 cm, which is less than 0.5 cm in general, indicating that the extracted
DBH of an individual tree correlates well with the measured values when the minimum
tree height is set at 5 m. The variation in extraction accuracy of DBH exhibited a general
trend of initially increasing (7.5430–8.4922 cm) and then decreasing (8.4922–14.0880 cm) as
the average DBH increased. The average DBH for each sample site ranged from 7.5430 to
14.0880 cm for extracted values and from 7.5140 to 14.5120 cm for measured values.

Remote Sens. 2025, 17, 1228 14 of 32 
 

 

 

Figure 7. (a) Results of linear fitting of estimated and measured values of average DBH; (b) 
comparison of estimated and measured values of average DBH for each sample plot. 

3.3. Assessing the Accuracy of Tree Height Extraction 

The results of the average H extraction accuracy of each sample plot using TLS are 
shown in Table 6, and the average extraction accuracy of all sample plots reached more 
than 0.8791, which indicates that while the accuracy of H extraction based on TLS is lower 
than that of DBH extraction, the performance of H estimation remains satisfactory. The 
groups with the lowest and highest extraction precision were the same as those for DBH; 
the group with the shortest tree height of 3 m (0.8791) and the group with the shortest tree 
height of 5 m (0.9518), respectively. 

Table 6. The extraction accuracy of average H at different minimum tree heights. 

Plot ID 
Minimum Tree Height/m 

3.0 3.5 4.0 4.5 5.0 5.5 
1 0.7372 0.7519 0.7934 0.8730 0.8600 0.8873 
2 0.8468 0.8567 0.8866 0.9227 0.9145 0.9279 
3 0.7760 0.8372 0.8942 0.9786 0.9714 0.9411 
4 0.9006 0.8572 0.8652 0.8926 0.8973 0.9134 
5 0.9596 0.9957 0.9789 0.9649 0.9430 0.9098 
6 0.8291 0.8634 0.8796 0.9275 0.9238 0.9295 
7 0.8704 0.9237 0.9450 0.9849 0.9721 0.9455 
8 0.9234 0.8978 0.9106 0.9449 0.9477 0.9701 
9 0.8584 0.8794 0.9146 0.9724 0.9665 0.9360 

10 0.7860 0.8501 0.8634 0.8791 0.8886 0.8886 
11 0.9048 0.9892 0.9960 0.9889 0.9734 0.9519 
12 0.8255 0.8559 0.8970 0.9211 0.9255 0.9319 
13 0.8889 0.9049 0.9031 0.9350 0.9529 0.9158 
14 0.8775 0.9109 0.9282 0.9595 0.9581 0.9653 
15 0.9085 0.9585 0.9903 0.9745 0.9756 0.9636 
16 0.8106 0.8526 0.8862 0.9187 0.9424 0.8988 
17 0.9482 0.9482 0.9751 0.9688 0.9931 0.9931 
18 0.8759 0.9084 0.9084 0.9415 0.9398 0.9857 
19 0.8804 0.8924 0.9166 0.9476 0.9386 0.9330 
20 0.8491 0.9347 0.9515 0.9652 0.9754 0.9427 
21 0.9849 0.9647 0.9698 0.9933 0.9936 0.9700 
22 0.9742 0.9451 0.9957 0.9828 0.9811 0.9637 
23 0.9346 0.9374 0.9510 0.9700 0.9851 0.9803 
24 0.9204 0.9395 0.9544 0.9856 0.9844 0.9993 

Figure 7. (a) Results of linear fitting of estimated and measured values of average DBH; (b) compari-
son of estimated and measured values of average DBH for each sample plot.

As shown in Figure 7b, approximately 63% (19 sample plots) of the extracted mean
diameter at breast height (DBH) values were underestimated compared to the measured
values, while 37% (11 sample plots) were overestimated.
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3.3. Assessing the Accuracy of Tree Height Extraction

The results of the average H extraction accuracy of each sample plot using TLS are
shown in Table 6, and the average extraction accuracy of all sample plots reached more
than 0.8791, which indicates that while the accuracy of H extraction based on TLS is lower
than that of DBH extraction, the performance of H estimation remains satisfactory. The
groups with the lowest and highest extraction precision were the same as those for DBH;
the group with the shortest tree height of 3 m (0.8791) and the group with the shortest tree
height of 5 m (0.9518), respectively.

Table 6. The extraction accuracy of average H at different minimum tree heights.

Plot ID
Minimum Tree Height/m

3.0 3.5 4.0 4.5 5.0 5.5

1 0.7372 0.7519 0.7934 0.8730 0.8600 0.8873
2 0.8468 0.8567 0.8866 0.9227 0.9145 0.9279
3 0.7760 0.8372 0.8942 0.9786 0.9714 0.9411
4 0.9006 0.8572 0.8652 0.8926 0.8973 0.9134
5 0.9596 0.9957 0.9789 0.9649 0.9430 0.9098
6 0.8291 0.8634 0.8796 0.9275 0.9238 0.9295
7 0.8704 0.9237 0.9450 0.9849 0.9721 0.9455
8 0.9234 0.8978 0.9106 0.9449 0.9477 0.9701
9 0.8584 0.8794 0.9146 0.9724 0.9665 0.9360

10 0.7860 0.8501 0.8634 0.8791 0.8886 0.8886
11 0.9048 0.9892 0.9960 0.9889 0.9734 0.9519
12 0.8255 0.8559 0.8970 0.9211 0.9255 0.9319
13 0.8889 0.9049 0.9031 0.9350 0.9529 0.9158
14 0.8775 0.9109 0.9282 0.9595 0.9581 0.9653
15 0.9085 0.9585 0.9903 0.9745 0.9756 0.9636
16 0.8106 0.8526 0.8862 0.9187 0.9424 0.8988
17 0.9482 0.9482 0.9751 0.9688 0.9931 0.9931
18 0.8759 0.9084 0.9084 0.9415 0.9398 0.9857
19 0.8804 0.8924 0.9166 0.9476 0.9386 0.9330
20 0.8491 0.9347 0.9515 0.9652 0.9754 0.9427
21 0.9849 0.9647 0.9698 0.9933 0.9936 0.9700
22 0.9742 0.9451 0.9957 0.9828 0.9811 0.9637
23 0.9346 0.9374 0.9510 0.9700 0.9851 0.9803
24 0.9204 0.9395 0.9544 0.9856 0.9844 0.9993
25 0.9392 0.9482 0.9567 0.9704 0.9769 0.9878
26 0.9110 0.9474 0.9602 0.9873 0.9865 0.9786
27 0.8473 0.8652 0.8904 0.9126 0.9304 0.9472
28 0.9144 0.9407 0.9551 0.9735 0.9796 0.9895
29 0.8477 0.8561 0.8701 0.9020 0.9262 0.8628
30 0.8436 0.8827 0.9046 0.9192 0.9492 0.9349

Average 0.8791 0.9032 0.9231 0.9486 0.9518 0.9448

The linear fitting results based on the average H extracted values and measured values
at the minimum tree height of 5 m are shown in Figure 8a, with R2 of 0.9017 and RMSE of
0.3235 m, which is less than 0.5 m in general, indicating that the average H extracted values
of the sampled plots still correlate well with the measured values when the minimum
tree height is set to 5 m. The accuracy of H extraction gradually decreased as the average
H increased. The extracted mean H values for each sample site ranged from 6.1613 to
9.9593 m, while the measured values ranged from 6.5248 to 10.3091 m.
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Figure 8b shows that the extracted values of the average tree height of each sample
site were underestimated in about 87% (26 sample sites) and overestimated in about 13%
(4 sample sites) of cases compared to the measured values.

3.4. Biomass Modeling and Accuracy Evaluation

Regression relationships between standard tree biomass, H, and DBH were developed
for 30 sample plots. Calculation of R2 and RMSE values for logarithmic, univariate linear,
multivariate linear, and power functions allowed for the selection of the best equation
form (Table 7). The equation B = a(D3/H)b produced the best R2 value of 0.9141 and the
smallest RMSE of 8.8055 kg. The biomass estimation model that performed the best was
B = 0.927(D3/H)0.7327, which was determined by combining the R2 and RMSE values.

Table 7. The results of the model fit for the biomass of P. tabulaeformis.

Equation Form
Coefficient

R2 RMSE/kg
a b c

lnB = lna + blnH 1.1441 1.5462 0.2795 0.4489
lnB = lna + blnD 1.2202 1.4134 0.6733 0.3023

lnB = lna + bln(D2H) 0.5521 0.5962 0.6758 0.3012
lnB = lna + blnH + clnD 0.7626 0.3260 1.3080 0.6820 0.2983

B = aH + b 7.0100 −23.9295 0.1499 27.6950
B = aD + b 7.6899 −45.2242 0.8309 12.3530

B = aH + bD + c −1.4235 8.0544 −36.1230 0.8321 12.3070
B = aHb 1.8349 1.3941 0.1416 27.8280
B = aDb 0.3456 1.9373 0.9045 9.2816

B = a(D2H)
b 0.1234 0.8089 0.8403 12.0030

B = aDb Hc 0.7079 2.1299 −0.5351 0.9134 8.8378

B = a(D3/H)
b 0.9270 0.7327 0.9141 8.8055

Notes: B represents standard tree biomass, D represents standard tree diameter at breast height, and H represents
standard tree height.

Table 8 shows the precision of total biomass estimation for each sample site. The
average precision across all six groups exceeded 0.8794, indicating that the precision of
total biomass estimation was generally high for each sample site. The lowest precision was
observed in the shortest tree height 3 m group, with a value of 0.8794, while the highest
precision was found in the shortest tree height 4.5 m group, with a value of 0.9066.
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Table 8. The extraction accuracy of biomass at different minimum tree heights.

Plot ID
Minimum Tree Height/m

3.0 3.5 4.0 4.5 5.0 5.5

1 0.9730 0.9808 0.9935 0.9836 0.8922 0.9973
2 0.9201 0.9384 0.7599 0.9955 0.9935 0.9841
3 0.8353 0.8670 0.9443 0.9266 0.8918 0.9405
4 0.9212 0.9171 0.9296 0.9353 0.9530 0.9966
5 0.8004 0.8310 0.8489 0.8643 0.8310 0.7587
6 0.9860 0.9755 0.9501 0.9222 0.9185 0.9497
7 0.9159 0.9326 0.9431 0.9549 0.9373 0.6662
8 0.9398 0.9607 0.9587 0.9870 0.9982 0.9650
9 0.7568 0.8043 0.8319 0.8378 0.8037 0.7716

10 0.9291 0.9533 0.9621 0.9621 0.9591 0.9448
11 0.9483 0.9235 0.9187 0.9187 0.9889 0.9470
12 0.7916 0.8467 0.8724 0.8634 0.8697 0.9344
13 0.9975 0.9712 0.9847 0.9182 0.8575 0.8000
14 0.9236 0.9553 0.9723 0.9786 0.9991 0.9687
15 0.8812 0.9031 0.9140 0.9028 0.8796 0.9676
16 0.7121 0.7280 0.7514 0.7514 0.7724 0.7526
17 0.6669 0.6669 0.6870 0.6870 0.6440 0.7915
18 0.8679 0.8679 0.8600 0.8901 0.9215 0.8854
19 0.8254 0.8376 0.8472 0.8632 0.8571 0.8715
20 0.9415 0.9376 0.9106 0.8793 0.8946 0.9777
21 0.8715 0.8718 0.8741 0.8579 0.8373 0.7985
22 0.9428 0.9742 0.9933 0.9963 0.9871 0.8385
23 0.8827 0.8987 0.9133 0.9077 0.8552 0.8289
24 0.8806 0.9261 0.9077 0.9027 0.9268 0.8512
25 0.9639 0.9711 0.9711 0.9820 0.9820 0.9853
26 0.9321 0.9577 0.9683 0.9732 0.9778 0.9519
27 0.8084 0.8217 0.8433 0.8132 0.7851 0.8261
28 0.8915 0.8973 0.9178 0.9797 0.9941 0.9753
29 0.7735 0.7735 0.7763 0.7667 0.7055 0.8292
30 0.9018 0.9667 0.9939 0.9969 0.9047 0.7382

Average 0.8794 0.8952 0.9000 0.9066 0.8939 0.8831

Figure 9a shows the linear fitting results between the estimated and measured total
biomass for each sample site at the minimum tree height of 4.5 m, with an R2 of 0.9567
and an RMSE of 375.2482 kg, indicating a strong correlation between the estimated and
measured values. The estimated total biomass for each sample site ranged from 985.7 to
6566.4 kg, while the measured values ranged from 1290.7 to 6715.6 kg.
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As illustrated in Figure 9b, 73% (22 plots) of the total biomass estimates were lower
than the actual values, while 27% (8 plots) were higher than the actual values.

4. Discussion
4.1. Analysis of the Accuracy of Diameter at Breast Height Extraction

Currently, Hough transform [65,66], the RANSAC algorithm [67], the ensemble deep
convolutional neural network [68], and the least squares circle fitting method [69] are
often used to extract the diameter of the chest, etc. Hough transform usually needs to
rasterize the data first, and this process may lead to the loss of detailed information [70].
The RANSAC algorithm in the complicated environment has strong robustness to noise
and anomalies, but its computational complexity is high, and the number of iterations
rises significantly with the increase in data complexity and noise level, resulting in low
computational efficiency [71]. Ensemble deep convolutional neural networks can achieve
higher estimation accuracy through deep feature fusion, but they usually require a large
amount of labeled data, complex network design, and higher computational resources, and
they are more sensitive to hyperparameters [72]. In contrast, the least squares circle fitting
method directly uses the point cloud data for fitting without rasterization, so it can retain
more detailed information, and, at the same time, in the complex iterative process of the
RANSAC algorithm, the least squares circle fitting method can quickly converge to the
optimal solution, so it has high computational efficiency in most cases [73].

Approximately 63% of the sample plots in this study yielded underestimated mean
chest diameter values, while 37% showed overestimated values compared to the actual
measurements. The main reason for the underestimation of DBH is likely to be due to
the point cloud data collection process. Trees with smaller DBH have fewer point cloud
points due to their smaller cross-sectional area, resulting in insufficient feature support
for the fitted model. This lack of data contributes to the underestimation of DBH, which
is particularly pronounced in dense forest stands or complex terrain. Additionally, the
least squares circle fitting method assumes a circular cross-section. However, in practice,
the trunk cross-section may deviate from the ideal shape due to factors like tree species
characteristics, the growing environment, and other influences. Trees with either very small
or huge DBH may lead to underestimation [74].

The overestimation of DBH in individual samples may be due to certain scanning
angles where neighboring scaly epidermal layers shadow each other, creating an artifact
in the scan data that appears as a “bulge” in some areas of the trunk, leading to extracted
DBH values higher than the actual measured values.

4.2. Analysis of the Accuracy of Tree Height Extraction

Errors in H extraction mainly stem from trunk point cloud quality and forest type [75].
Multi-station scanning (nine sites in this study) improved data coverage and reduced
occlusion errors, achieving an accuracy of up to 0.9677, outperforming single-station results
in previous studies [76].

Forest complexity also affects accuracy [77]. Our results were higher than those in
tropical rainforests [78], likely due to the simpler forest structure and minimal understory
vegetation at our site. Compared to broadleaf forests, where canopy overlap and self-
shading hinder H extraction, our method performed better [79].

The extracted mean H values for each sample in this study were underestimated in
approximately 87% of the sample plots (26 plots) and overestimated in about 13% (4 plots)
compared to the true values, which aligns with the findings of previous studies [80,81].
Because TLS operates from the bottom–up, dense upper canopy layers may cause the laser
to be reflected multiple times as it passes through, preventing some of the laser pulses from
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reaching the top of the tree. Such conditions can result in point cloud data not covering the
highest points, leading to an underestimation of H.

4.3. Analysis of the Accuracy of Biomass Estimation

In this study, the average biomass estimation accuracies of each site under the six
groups of minimum tree height parameter settings reached more than 0.8794, with the
highest accuracy of 0.9066 in the 4.5 m minimum tree height group. Compared to the QSM
model of Dong et al. [82], the TLS-based biomass estimation method of the present study
demonstrated higher accuracies in evergreen coniferous forests. This may be due to the fact
that although QSM can construct detailed 3D tree structure models to improve the accuracy
of biomass estimation, it is more applicable to mature deciduous trees and usually works
best under leaf shedding conditions [83,84]. For evergreen coniferous forests, especially
creosote pine forests, the QSM method has challenges in removing needle point clouds,
resulting in limited biomass estimation accuracy [85]. Although the TLS-based method in
this study outperformed QSM in terms of accuracy, QSM still has a unique advantage in 3D
tree structure modeling. Future studies may consider combining the TLS and QSM methods
in order to fully utilize the high-precision point cloud data of TLS and at the same time
conduct detailed tree structure analysis with the help of QSM modeling to achieve more
accurate biomass estimation. In addition, the introduction of multi-scale fusion methods
may help to improve modeling accuracy under heterogeneous forest structures and make
biomass estimation more stable and reliable.

Biomass estimates were underestimated in 73% (22 samples) and overestimated in 27%
(8 samples) of cases compared to the actual values. The underestimation may be attributed
to the fact that most samples had underestimated DBH and H, which likely led to biomass
estimates based on DBH and H also being underestimated.

4.4. Correlation Analysis of Factors Affecting Biomass

In this study, the highest precision of individual tree segmentation was in the group
with the minimum tree height of 4.5 m, the highest precision of DBH extraction was in the
group with the minimum tree height of 5 m, the highest precision of H extraction was in
the group with the minimum tree height of 5 m, and the highest precision of sample plot
biomass extraction was in the group with the minimum tree height of 4.5 m.

According to the correlation analysis in Table 9, a highly significant positive correlation
was found between individual tree biomass and both DBH and H, with DBH showing a
stronger correlation than H, which is consistent with the findings of Zhao et al. [85]. Tree
DBH is closely related to the volume of internal xylem and biological tissues, which not only
provide structural support to the tree but also play a critical role in biomass accumulation
and significantly influence biomass composition. In contrast, while an increase in H also
contributes to biomass growth, its impact is relatively minor in magnitude [86].

Table 9. Correlation analysis of biomass, H, and DBH.

Biomass DBH H Number

Single-timber scale 0.796 ** 0.359 **
Sample scale 0.336 ** 0.620 ** 0.884 **

Note: ** indicates a significant correlation at the 0.01 level (two-sided).

Sample-scale biomass, plant number, DBH, and H all showed a highly significant
positive correlation. However, the factors differed from single-tree-scale biomass, with the
degree of impact following the order single-tree plant number > H> DBH. The influence
of single-tree plant number was more significant than that of DBH and H. This may be
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because accurate tree segmentation is fundamental to biomass estimation, and inaccuracies
in individual tree segmentation affect the extraction of DBH and H data, further increasing
the error in biomass estimation [87]. This explains why tree height and DBH exhibited the
highest precision at a minimum tree height of 5 m, while biomass estimation and individual
tree segmentation achieved the highest precision at a minimum tree height of 4.5 m. The
highest precision for tree height and DBH was attained at a minimum tree height of 4.5 m.

H had a greater influence on sample-scale biomass than DBH, which differs from
the findings of Li et al. [88]. This discrepancy may be attributed to the fact that the
minimum tree heights measured across several sample plots ranged from 3 to 5.5 m. As
the minimum tree height for individual tree segmentation increased, the distribution of
trees in some sample plots likely became more concentrated on those with larger DBH and
more mature individuals, thereby reducing the influence of diameter at breast height on
biomass estimation. As the minimum tree height increased, the biomass distribution of the
tree changed; the proportion of biomass in the crown portion (e.g., leaves and branches)
increased, while the proportion in the trunk portion relatively decreased, thus highlighting
the importance of tree height in biomass accumulation [89].

4.5. Research Limitations and Future Prospects

In this study, the neighborhood point algorithm in LiDAR 360 V 5.2.2 software is used
for denoising, which removes isolated noise based on neighborhood statistical features
and achieves better denoising results under the conditions of the study area. However, the
definition of noise points in this method depends on preset parameters (e.g., neighborhood
size and standard deviation multiplicity), and the generalization ability in different datasets
still needs to be further verified. In addition, the method mainly targets outlier denoising
and may have some limitations for more complex noise patterns (e.g., dense background
noise or dynamic noise) [90]. In recent years, some more advanced denoising methods,
such as sharpness assessment methods combining time–frequency domain analysis (e.g.,
wavelet transform, Fourier transform), have been proposed, which are able to retain the
edge and structural information of the point cloud more efficiently in the denoising process
and improve data quality. Meanwhile, lightweight multi-target detection algorithms (e.g.,
optimized YOLO variants) can also be used for subsequent point cloud target identification
to enhance the applicability of the data [91]. Future research can combine deep learning
methods (e.g., PointNet, SparseCNN) and time–frequency domain sharpness assessment
to optimize the denoising strategy for point cloud data in order to further improve the
processing accuracy and generalization capability.

In point cloud segmentation, self-attention mechanisms, which can adaptively capture
long-range dependencies between different regions, have achieved significant results in
tasks like scene classification and object detection in recent years [92]. By strengthening the
correlation between local and global features, self-attention mechanisms can enhance the
model’s understanding of complex scenes, which is expected to improve the accuracy of
individual tree segmentation [93]. In the future, it is planned to combine the self-attention
mechanism with existing segmentation algorithms to further validate its application in
single-tree segmentation, especially when dealing with complex relationships between
trees in dense forest stands.

In recent years, multi-layer fusion network (MLFN) methods have made some progress
in addressing errors caused by complex tree canopy occlusion. These methods mainly
rely on (1) multi-scale feature extraction, capturing both local and global information to
compensate for the lost structural details in occluded regions; (2) hierarchical feature fusion,
combining shallow high-resolution features and deep semantic information to improve the
resolution of complex occluded areas; and (3) enhancement of model robustness, enabling



Remote Sens. 2025, 17, 1228 20 of 30

the model to maintain high accuracy in the presence of noise and occlusion [94]. Although
multi-layer fusion networks show potential in remote sensing imagery and point cloud pro-
cessing, their application in forest stand parameter estimation still faces challenges, such as
the high demand for high-quality labeled data and high computational resource consump-
tion [95]. Future research could try to combine multi-layer fusion network methods with
traditional rule-based segmentation algorithms, such as using deep learning methods for
occlusion region compensation and optimizing them with lightweight algorithms like CSP,
in order to strike a balance between computational efficiency and accuracy. At the same
time, future research should focus on improving the resolution and quality of point cloud
data acquisition. In terms of data collection, using more accurate laser scanning equipment
can significantly enhance point cloud coverage, reducing the risk of underestimation. Re-
garding algorithms, incorporating dynamic fitting techniques, such as elliptical or other
more adaptive models, can help reduce the bias introduced by cross-sectional assumptions.

As shown in Figure 10, the biomass inversion results of this study were limited to
30 sample plots and could not cover the entire Caijiachuan watershed. Due to limitations in
data acquisition and research methodology, biomass data could only be interpolated based
on the measurements from these 30 sample plots, generating biomass distribution maps
for local areas. Large-scale biomass inversion across the entire watershed was not feasible.
The absence of remote sensing data (e.g., unmanned aerial LiDAR, aerial LiDAR, or high-
resolution satellite imagery) covering the whole watershed is a key limitation of this study.
Future research should combine large-scale remote sensing data with advanced modeling
techniques (such as data extrapolation or remote-sensing-based biomass estimation models)
to expand the spatial coverage of biomass inversion and enhance the accuracy and reliability
of the results.

Furthermore, the Caijiachuan watershed encompasses various land use types. The
current allometric growth model for P. tabuliformis biomass is based solely on standard
logging measurements and lacks empirical data for other vegetation types. While relevant
allometric growth models exist, their limited validation data restrict their broader appli-
cation. Future studies should focus on collecting and validating biomass equations for
different vegetation types to improve the accuracy and applicability of biomass estimation.

Finally, relying solely on terrestrial laser scanning technology presents challenges
in accurately estimating biomass at the watershed scale. Given the absence of biomass
equations applicable to all vegetation types, this study was confined to analyses within
the available sample plot data. Combining remote sensing and terrestrial laser scanning
techniques in future research will help improve the accuracy and reliability of biomass
inversion at the watershed scale.
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5. Conclusions
The artificial P. tabuliformis forest planted in the Caijiachuan watershed of Jixian County,

Shanxi, located in the southeastern part of the Loess Plateau, was selected as the research
subject. TLS was used for remote sensing image acquisition, and CSP algorithms were
applied for individual tree segmentation, enabling the rapid and accurate extraction of
stand parameters (DBH and H) and precise biomass.

By comparing the TLS data after individual tree segmentation with the measured data,
R decreases as the minimum tree height increases, while P increases with the minimum
tree height. According to the F, the highest individual tree segmentation precision of 0.9475
is achieved when the minimum tree height is set to 4.5 m.

Overall, the accuracy of H and DBH, as well as biomass estimation using TLS, was
high in this study. The average accuracies for DBH and H extraction and biomass estimation
across 30 sample plots in six groups with minimum tree heights of 3, 3.5, 4, 4.5, 5, and 5.5 m
were all above 0.9247, 0.8791, and 0.8794, respectively. When the minimum tree height
was set to 5.0 m, the highest extraction accuracies for DBH and H were achieved, with
values of 0.9677 and 0.9518, respectively. According to the linear fitting results between
the extracted and measured values, the R2 for average DBH was 0.9275, and the RMSE
was 0.3916 cm. The average H had an R2 of 0.9017 and an RMSE of 0.3235 m. The highest
biomass estimation accuracy of 0.9066 was achieved when the minimum tree height was
set to 4.5 m. Based on the linear fitting of the extracted values to the measured values, R2

was 0.9567, and RMSE was 375.2482 kg.
This study offers a fast and efficient technical approach for forest resource surveys

in the Loess Plateau region. The next step will be to further optimize the algorithms
and explore the integration of multi-source data to provide reliable support for forest
resource management in the Loess Plateau region. Further research will focus on refining
algorithmic efficiency to enhance classification accuracy and computational performance
while integrating diverse data sources—including UAV imagery, satellite optical, and
radar data—to improve monitoring precision. Additionally, future studies will emphasize
validating the proposed approach across various ecological regions, ensuring its robustness
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and scalability. Efforts will also be directed toward facilitating its practical implementation
in forest resource management, contributing to more effective and data-driven decision
making for sustainable environmental conservation.
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Appendix A. Introduction to LiDAR360 V 5.2.2 Software
LiDAR360 V 5.2.2 is a powerful professional LiDAR data processing software devel-

oped by GreenValley International widely used in forest resource surveys, topographic
mapping, smart city construction, power line inspection, and other fields. The software
integrates a full set of functions for point cloud preprocessing, classification, modeling, and
analysis, enabling efficient processing and analysis of large-scale LiDAR data. LiDAR360 V
5.2.2 supports various common data formats, such as LAS, LAZ, TXT, and PLY, and features
parallel computing and automated batch processing capabilities, significantly improving
the efficiency of large-scale data processing.

In terms of point cloud processing, LiDAR360 V 5.2.2 utilizes advanced algorithms
for ground point extraction and point cloud classification, supporting individual tree
segmentation, tree height, and diameter at breast height (DBH) extraction for forest pa-
rameter analysis. It can also calculate tree canopy features, including tree crown width,
canopy depth, and more, helping to analyze the structure and health of forests. Addition-
ally, the software uses Kriging Interpolation to generate high-precision digital elevation
models (DEM) and digital surface models (DSM), providing accurate data support for
topographic analysis.

LiDAR360 V 5.2.2 is also widely used in power line inspection and 3D building mod-
eling. It can automatically extract power lines, towers, and cable sag curves and perform
accurate analysis of power facilities. In urban modeling, LiDAR360 V 5.2.2 supports 3D
building modeling, providing detailed cityscape reconstruction particularly suitable for dig-
ital twin and smart city development. Through its comprehensive point cloud processing
and analysis capabilities, LiDAR360 V 5.2.2 offers a complete and precise data processing
solution to meet the needs of various industries [96].

You can visit the official LiDAR360 V 5.2.2 website for more information and feature-
related instructions: https://www.greenvalleyintl.com, accessed on 1 January 2024.

https://www.greenvalleyintl.com
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Appendix B. Detailed Methodology for Individual Tree Segmentation
and Parameter Extraction
Appendix B.1. Denoising

In Lidar360 V 5.2.2, the denoising algorithm uses two key parameters: the number
of neighborhood points and the standard deviation multiplier to identify and remove
noise points. First, the number of neighborhood points (the default is 10) determines the
range for calculating the neighboring points of each point. The algorithm selects a certain
number of neighboring points (the default is 10) around each point and calculates the
average distance (D) from these points to the given point. Then, the global average distance
(mean D) is calculated based on the average distances of all points. If a point does not
have enough neighboring points to perform the calculation, it will be skipped and not
involved in the denoising process. Next, the standard deviation multiplier (the default
is five) is a factor that controls the strictness of noise point identification. The algorithm
compares the average distance D of each point with the global average distance (mean
D) [97]. If the average distance of a point is greater than mean D×mean K (where mean K
is the standard deviation multiplier), that point is considered a noise point. The smaller the
standard deviation multiplier, the stricter the algorithm, and more points will be identified
as noise; conversely, fewer points will be regarded as noise. Therefore, adjusting these
two parameters helps users fine-tune the denoising effect according to the actual data. For
this study, we used 10 neighborhood points and a standard deviation multiplier of five for
denoising, as shown in Figure 3a,b.

Appendix B.2. Ground Point Classification

In Lidar360 V 5.2.2, ground point classification after denoising is performed using the
improved progressive triangulated mesh filtering algorithm [57], as shown in Figure 3c.
The input data can be a single point cloud file or a point cloud dataset. The initial and
target classes specify the points to be classified and the target class after classification,
respectively. The number of points (the default is one) controls whether the classification is
based on individual low points or low point clusters. The radius (the default value is 5 m)
defines the distance threshold between the points to be classified and neighboring points.
Neighboring points within this range will participate in the classification. The height (the
default value is 0.5 m) sets the elevation difference threshold between the points to be
classified and neighboring points. If the elevation difference exceeds this value, the point
will be considered a non-ground point.

Appendix B.3. DEM Generation and Point Cloud Normalization

In LiDAR360 V 5.2.2 software, the “Kriging Interpolation” method is selected in the
DEM generation module, and parameters are set according to research requirements [58].
The default parameters chosen for this study include a grid resolution of 0.5 m to ensure
high accuracy of the DEM. The variogram model is set to Exponential, which is suitable
for the terrain characteristics of the study area; the search radius is set to 30 m to balance
computational efficiency and interpolation accuracy; the number of neighboring points is
set to 20 to ensure sufficient data support for the interpolation calculation; the minimum
number of points is set to five; and the maximum number of points is set to 50 to ensure
computational stability. After setting the parameters, Kriging Interpolation is run to
calculate the DEM, and the DEM file is exported (supporting GeoTIFF, ASC, and IMG
formats) for subsequent point cloud normalization and terrain modeling analysis. The point
cloud is normalized based on the DEM to eliminate the influence of terrain undulations on
the point cloud data’s height (Figure 3d).
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Appendix B.4. Point Cloud Segmentation Using the Comparison of Shortest Paths Algorithm

After the point cloud data are normalized, the Comparison of Shortest Paths (CSP) [42]
algorithm is applied directly to the point cloud for segmentation, enabling the extraction
of individual tree point cloud data. The principle of this method is as follows. First, the
DBSCAN (Density-Based Spatial Clustering of Applications with Noise) [56] algorithm
is used to detect tree trunks. This algorithm performs clustering analysis on point cloud
data based on two key parameters: neighborhood radius (ϵ) and minimum number of
neighboring points (MinPts)

During the detection process, DBSCAN identifies high-density regions in the point
cloud data and clusters points with similar spatial distribution characteristics into the same
category. Because tree trunks typically exhibit a continuous and densely distributed point
cloud structure, an appropriate selection of ϵ and MinPts allows for distinguishing trunk
points from non-trunk points (such as tree canopies and branches), as shown in Figure A1.
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Figure A1. Trunk detection using DBSCAN. The red circles represent the detection of the tree trunk.

Then, we further calculate the path distance from the crown point to the root of the
main trunk. By comparing the shortest path distance from the crown point to the root of the
main trunk, the crown points of different single trees can be effectively separated, which in
turn realizes the segmentation of the crown point cloud and ultimately achieves the overall
segmentation of the point cloud of a single tree (as shown in Figure 4).

The Comparison of Shortest Paths (CSP) algorithm is an innovative point cloud
segmentation method that is particularly suitable for complex stand environments with
intersecting tree canopies. The algorithm utilizes the biological properties of trees’ vascular
bundle structure, combined with the shortest path principle, to accurately determine the
attribution of canopy points and achieve efficient point cloud segmentation of a single
tree [42]. The algorithms are applied in several ways.

(1) The case of non-intersecting tree crowns

As shown in Figure A2(1), when the tree crowns do not intersect, the shortest path
from each crown point to its trunk will not intersect with other trees, so the segmentation
can be completed directly according to the shortest path principle to ensure accuracy.

(2) Challenges of canopy intersection

As shown in Figure A2(2), When two trees of the same size intersect, the shortest path
principle still applies and the classification results are not disturbed. Solution: power–law
relationship normalization

As shown in Figure A2(3), when the crowns of two trees of different sizes intersect,
the CSP algorithm introduces the theory of metabolic ecology and normalizes the paths
according to the power–law relationship between the length and radius of tree branches
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(ratio index ≈ 2/3), which makes the comparison of the paths of trees of different sizes
more reasonable, thus optimizing the segmentation effect and reducing the error.
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Figure A2. The conceptual diagram of CSP (Referenced from Tao et al [42]. with appropriate
adaptations and copyright authorisation): (1) In this scenario, two trees (I and II) do not intersect
with each other, and the shortest path from crown point A to its own trunk will not cross other
trees, so it can be directly judged that A belongs to tree I, and the segmentation is clear and accurate.
(2) Although the two trees (I and II) have intersection points, the shortest path distance from A to
the root of I is shorter than the distance from A to the root of II. Even if the crowns of the trees
are intersected, the shortest path principle still applies, and the classification will not be disturbed.
(3) The crowns of two trees of different sizes intersect, and if the shortest path principle is applied
directly, points A and B in tree I will be incorrectly classified in tree II. It is therefore necessary to use
metabolic eco-scaling paths to optimise the segmentation result.

When performing point cloud segmentation in LiDAR 360 V 5.2.2 software, several
parameters are crucial for the effectiveness of the CSP algorithm. The clustering threshold
(0.2 m) sets the maximum distance between points, which affects the initial segmentation
of tree trunks and canopies to avoid misclassification; the minimum number of clustering
points (500) sets the minimum number of points for effective clustering, removes noisy
points, and ensures stable tree data for path computation; the maximum DBH height (1.4 m)
and the minimum DBH height (1.2 m) affect the segmentation accuracy of tree trunks and
canopies, respectively, and avoid the interference of low trees’ diameter at breast height
(DBH) measurement; the height above ground level (0.3 m) removes the ground point or
noise point to ensure the accurate segmentation of tree crown and trunk points; and the
minimum tree height is set according to the actual local situation to avoid the low vegetation
or young trees being mistakenly segmented as a part of the tree. These parameters improve
the precision and accuracy of the CSP algorithm by optimizing clustering, segmentation,
and path calculation.
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Appendix B.5. Diameter at Breast Height and Tree Height Extraction

After point cloud segmentation, the next step was to intercept 5 cm thickness point
cloud slices in the height range of 1.27 to 1.32 m and calculate the diameter at breast height
(DBH) of the trees by the least squares circular fitting method [62], as shown in Figure A3.
This was achieved by first extracting valid points of trees in this height range and then
applying the least squares method to fit circles to these points. The least squares method
optimizes the coordinates and radius of the center of the circle by minimizing the error
in the distance from the points to the fitted circle, thus calculating the diameter at breast
height of the tree.
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In addition, the height of ground points was set to 0 m after data normalization. The
height of each tree can be obtained by extracting the Z-coordinate of the highest point in
the vertical direction in the single-tree point cloud [58].
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