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Abstract: Diameter at breast height (DBH) is a critical metric for quantifying forest resources, and
obtaining accurate, efficient measurements of DBH is crucial for effective forest management and
inventory. A backpack LiDAR system (BLS) can provide high-resolution representations of forest
trunk structures, making it a promising tool for DBH measurement. However, in practical applica-
tions, deep learning-based tree trunk detection and DBH estimation using BLS still faces numerous
challenges, such as complex forest BLS data, low proportions of target point clouds leading to
imbalanced class segmentation accuracy in deep learning models, and low fitting accuracy and
robustness of trunk point cloud DBH methods. To address these issues, this study proposed a
novel framework for BLS stratified-coupled tree trunk detection and DBH estimation in forests
(BSTDF). This framework employed a stratified coupling approach to create a tree trunk detection
deep learning dataset, introduced a weighted cross-entropy focal-loss function module (WCF) and a
cosine annealing cyclic learning strategy (CACL) to enhance the WCF-CACL-RandLA-Net model
for extracting trunk point clouds, and applied a (least squares adaptive random sample consensus)
LSA-RANSAC cylindrical fitting method for DBH estimation. The findings reveal that the dataset
based on the stratified-coupled approach effectively reduces the amount of data for deep learning
tree trunk detection. To compare the accuracy of BSTDF, synchronous control experiments were
conducted using the RandLA-Net model and the RANSAC algorithm. To benchmark the accuracy of
BSTDF, we conducted synchronized control experiments utilizing a variety of mainstream tree trunk
detection models and DBH fitting methodologies. Especially when juxtaposed with the RandLA-Net
model, the WCF-CACL-RandLA-Net model employed by BSTDF demonstrated a 6% increase in
trunk segmentation accuracy and a 3% improvement in the F1 score with the same training sample
volume. This effectively mitigated class imbalance issues encountered during the segmentation
process. Simultaneously, when compared to RANSAC, the LSA-RANCAC method adopted by
BSTDF reduced the RMSE by 1.08 cm and boosted R2 by 14%, effectively tackling the inadequacies of
RANSAC’s filling. The optimal acquisition distance for BLS data is 20 m, at which BSTDF’s overall
tree trunk detection rate (ER) reaches 90.03%, with DBH estimation precision indicating an RMSE of
4.41 cm and R2 of 0.87. This study demonstrated the effectiveness of BSTDF in forest DBH estimation,
offering a more efficient solution for forest resource monitoring and quantification, and possessing
immense potential to replace field forest measurements.

Keywords: BSTDF; WCF-CACL-RandLA-Net; LAS-RANSAC; BLS; DBH; tree trunk detection;
forestry inventory
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1. Introduction

Diameter at breast height (DBH, 1.30 m high) is one of the key indices for forest inven-
tory, reflecting forest growth conditions and carbon storage distribution, and constituting
an essential component of foundational forestry data [1]. Light detection and ranging
(LiDAR), an active remote sensing technology, can provide high-resolution descriptions
of forest trunk structures and possesses significant advantages in DBH estimation [1–6].
Currently, LiDAR systems mainly include terrestrial laser scanners (TLS), airborne laser
scanners (ALS), and mobile laser scanners (MLS). High-density point cloud data acquired
by TLS enables the measurement of millimeter-precision 3D tree structures, such as tree
height, DBH, and crown diameter [7]. However, in practical applications, single-site TLS
scanning exhibits a relatively high trunk non-detection rate (17.4–32%) [8,9], while multi-
site scanning necessitates higher processing costs and is unsuitable for large-scale forest
parameter acquisition. ALS can rapidly obtain extensive forest point clouds, but in dense
stands, the light beams are often obstructed by tree crowns [4], which hinders tree trunk
detection and DBH estimation. MLS systems offer powerful tools for addressing tree
occlusion and immobility issues, effectively reducing time and labor costs [10]. However,
the accuracy of MLS data is typically lower than that of multi-site TLS data [8], and the ap-
plication conditions of MLS are susceptible to the GNSS signal, terrain, and other objective
environmental factors [9]. With the rapid reduction in size and weight of laser scanners and
the development of GNSS technology, the emergence of Backpack LiDAR systems (BLS)
has compensated for the limitations of other LiDAR technologies. As a backpack-style form
of MLS, BLS collects data by walking and exhibits higher scanning efficiency [5], making it
highly suitable for large-scale forest tree trunk detection and DBH information extraction.

At present, there are numerous methods for estimating DBH based on LiDAR, includ-
ing least squares (geometric) circle fitting (LS) [11,12], cylindrical fitting (CF) [13], Hough
transform (HT) [14], convex hull algorithm (CHA) [11], and random sample consensus
(RANSAC) [3]. These methods are prone to interference from factors such as noise and
foliage occlusion during the fitting process, which can lead to reduced fitting accuracy.
Consequently, optimizing the fitting methods to enhance accuracy and robustness is cru-
cial. In the DBH fitting process, typical steps include “ground point identification—trunk
localization—point cloud slicing at DBH—DBH estimation” [2,8,10,15–17]. In this process,
separating trunk point cloud data from non-trunk point cloud data is one of the key steps
that aim to eliminate noise interference and prevent the misestimation of DBH. How-
ever, achieving accurate and efficient tree trunk detection in forest BLS data still presents
challenges. Visual interpretation is the most accurate method for eliminating non-trunk
point clouds, yet this approach requires skilled professionals and is more labor-intensive.
Utilizing a computer to extract the linear spatial features of tree trunk point clouds for
cylindrical detection has proven efficient [18,19], yet its precision diminishes in the face
of complex forest spatial structures. As such, the development of a tree trunk detection
framework or method adaptable to forest scenarios has become pressing. After all, tree
trunk detection lays the groundwork for calculating forest resources, such as DBH [20],
volume estimation, and individual tree segmentation [21].

Computers based on deep learning technology possess strong memory and learning
capabilities [16,20–23], effectively addressing the limitations of traditional DBH estimation
methods in extracting forest DBH information, such as their difficulty in point cloud noise
recognition, insufficient robustness, and low extraction efficiency. By learning trunk fea-
tures, repeatable and scalable trunk recognition and localization tasks with large amounts
of data can be achieved. Currently, mainstream deep learning methods such as Point-
Net [23,24], KPConv [25], DCNN [26], and PointCNN [27] have been applied to point
cloud segmentation. Most of these methods use the farthest point sampling (FPS) to retain
point cloud spatial features as much as possible, but the processing speed is slow for larger
datasets (1.0 × 105 and above). In summary, for tree trunk detection and DBH estimation
in complex forests, researchers can improve processing capabilities and extraction accuracy
by focusing on dataset creation, deep learning models, and DBH fitting algorithms.
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In a bid to overcome the challenges mentioned earlier, we put forth a novel framework
for deep learning-based tree trunk detection and diameter at breast height (DBH) estimation,
leveraging BLS hierarchical coupling (BSTDF). This innovation facilitated effective tree
trunk identification and DBH estimation from MLS point cloud data. Furthermore, we
delved into the impact of varying MLS scanning distance levels on the precision of tree
trunk detection and DBH estimation. The main contributions of the proposed framework
are as follows:

(1) In light of the substantial volume of point cloud data in forest scenarios, we introduced
a novel approach to constructing a deep learning tree trunk detection dataset, which
is predicated on hierarchical coupling. This approach effectively curtails the data
volume necessary during the tree trunk detection process;

(2) To rectify the issue of uneven class accuracy in point cloud segmentation within the
RandLA-Net model for tree trunk detection scenarios, we introduced an enhanced
RandLA-Net semantic segmentation model with dual modules (WCF and CACL).
By increasing the model’s attention towards the target classes and employing more
flexible learning strategies, we improved the segmentation accuracy for the tree trunk
class, ultimately leading to an elevated detection rate;

(3) We enhanced the RANCAC algorithm by implementing an adaptive approach and a
least squares optimization algorithm. These meticulously devised strategies served
to optimize the fitting model parameters and boost the convergence of model error,
thereby significantly elevating the accuracy of the DBH fitting within forest scenarios;

(4) Lastly, having conducted a comparative analysis of the precision of tree trunk de-
tection and DBH fitting at different MLS scanning distance levels, we proposed a
recommended distance for MLS scanning, which offers a balance between data quality
and scanning efficiency.

2. Materials and Methods
2.1. Study Area

The study area for this paper encompasses a series of forest stands on both sides
of the main road in the Tree Garden of the Subtropical Forestry Experiment Center, part
of the Chinese Academy of Forestry. The study area has an average slope of 5◦, with
higher elevation in the south and lower elevation in the north. Covering a total area of
65,000 m2 (650 m × 100 m) and extending in a north–south direction, it is located in the
northwestern part of Fenyi County, Jiangxi Province (Figure 1A,B). With abundant forest
resources, Fenyi County has a forest coverage rate of 65.76%. The main tree species in the
area include Chinese fir, Masson pine, Schima superba, camphor, and Machilus thunbergii, which
are typical tree species in southern China. The regional vegetation is characterized by mid-
subtropical evergreen broad-leaved forests, with a frost-free period of 240–307 days. The
annual average rainfall ranges from 1500 to 1700 mm, while the annual average temperature
lies between 11.6 and 19.3 ◦C. The lowest temperature in January is 3.2 to 4.7 ◦C, and the
highest temperature in July is 29.8 to 38.3 ◦C.

2.2. Data
2.2.1. Field Survey Data

Field surveys were undertaken in April and May of 2022. A comprehensive inventory
was completed on a tree-by-tree basis within the study area, using the Real-Time Kinematic
Global Navigation Satellite System (RTK-GNSS) to determine the location of each sample
tree. Our inventory criteria were set for trees with a diameter at breast height (DBH) greater
than 5 cm, and we measured and recorded tree height, DBH, crown width, tree species, and
location information. Both the DBH and crown width were gauged using a tape measure,
while tree height was measured with a laser rangefinder and various environmental factors
of the plot were recorded. Figure 1C illustrates the spatial distribution characteristics of
trees within the study area. Table 1 presents the statistical features of trees in the study
area. Figure 2A displays the scatter distribution of broadleaf tree DBH and trunk fitting
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within the study area, while Figure 2B exhibits the scatter distribution of conifer tree DBH
and trunk fitting within the study area. The data revealed that there were 2303 trees in the
study area, comprising 47 broad-leaved species and 15 coniferous species. The principal
broad-leaved species included Michelia, camphor, birch, Eucalyptus, and osmanthus, while
the main coniferous species consisted of cypress, Cryptomeria, Taxodium, and Thuja. The
average DBH values of various tree species ranged from 9.08 cm to 32.77 cm. In this paper,
field measurement results will serve as validation data for the experimental results.
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Figure 2. Distribution statistics of tree height and DBH of conifers and broad-leaved trees in the
study area: (A) broad-leaved trees; (B) coniferous trees.
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Dividing the dataset is a foundational step in training deep learning models. In our
research, we categorized the trees surveyed within the entire research area into training,
validation, and testing zones based on their functional regions.

Within the training zone, there were a total of 453 trees, with an average DBH of
21.34 cm and an average standard deviation of DBH at 9.83 cm. The validation zone
comprised 220 trees, with an average DBH of 19.24 cm and an average standard deviation
of DBH of 9.52 cm. The testing zone included 1851 trees, with an average DBH of 20.78 cm
and an average standard deviation of DBH of 11.20 cm. The types of trees and the diameter
distribution across all three functional zones were relatively balanced, providing represen-
tative samples. Table 1 displays the data features of the trees in each functional zone within
the research area.

Table 1. Descriptive statistics of field measurements (species, number, DBH, and TH) in this study.

Dataset Function
Partition Type Area (m2) Species Name of Tree Number

of Trees
DBH (cm) TH (m)

Mean Std Mean Std

Training
sample area 19,600

Yulania denudata
(Desrousseaux) D. L. Fu;

Magnolia officinalis Rehd.et
Wils., Michelia L.; Cupressus

funebris Endl.; Pinus
massoniana Lamb.;

Cryptomeria japonica var.
sinensis Miquel.

453 21.34 9.83 11.28 3.68

Validation
sample area 5000

Betula luminifera H.Winkl.;
Osmanthus sp., Michelia L.;

Pinus massoniana Lamb.;
Taxus wallichiana var.

chinensis (Pilg.) Florin.

220 19.24 9.52 12.33 6.17

Experimental
sample area 45,400

Michelia L., Osmanthus sp.;
Cinnamomum camphora (L.)
presl; Nageia nagi (Thunberg)
Kuntze; Taxodium distichum

(L.) Rich.; Taxodium
distichum var. imbricatum

(Nuttall) Croom.

1851 20.78 11.20 12.39 6.13

Total 65,000

Michelia L., Osmanthus sp.;
Cinnamomum camphora (L.)

presl; Cupressus funebris
Endl.; Taxus wallichiana

var.chinensis (Pilg.) Florin;
Taxodium distichum (L.) Rich.

2303 21.22 6.58 12.76 3.06

2.2.2. BLS Data

The BLS used in this study was the RIEGL miniVUX 1UAV (Figure 3C), equipped
with the RIEGL miniVUX 3D laser scanner and Trimble APX-15 GNSS Inertial Navigation
OEM (Figure 3B). The measurement trajectory of the BLS is shown in Figure 1C. The
scanner system was initialized within the plot, and the plot was covered by a single pass
of a rectangular transect. The BLS system’s positioning relies on SLAM systems, GNSS
positioning, and an inertial measurement unit. During the data collection process, the
operator walked at a speed of 5 km/h, generating a high-density BLS data point cloud of
approximately 600 points/m2.

2.3. Methods

In this study, we created a stratified coupled tree trunk detection deep learning dataset
based on BLS data and improved the WCF-CACL-RandLA-Net model and LSA-RANSAC
algorithm to achieve tree trunk detection (Objective 1) and DBH estimation (Objective 2)
within the study area. The flowchart of this study is shown in Figure 4.
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2.3.1. Creation of the Tree Trunk Detection Deep Learning Dataset Based on
Stratified Coupling

Using BLS as the base data and referencing the basic requirements of the RandLA-Net
model for the dataset, we applied a novel stratified coupling method to create the tree
trunk detection deep learning dataset to reduce data volume and enhance model learning
efficiency. Through this method, we reduced the point cloud count from the original forest
point cloud of 1.43 × 108 to the stratified coupling dataset of 6.14 × 106.

Step 1: BLS data preprocessing. We set the initial data input as (Xi, Yi, Zi). However,
we noted that the point cloud contained many noise points, which were filtered out using a
density-based criterion. The filtered point cloud data were classified into a ground point
cloud and a vegetation point cloud. Finally, we normalized the vegetation point cloud
using a high-precision DEM model.

Step 2: Stratification of the normalized point cloud. We stratified the normalized point
cloud into three categories, including a ground point cloud layer (Xj, Yj, Zj), a target point
cloud layer (Xt, Yt, Zt), and a non-target point cloud layer (Xn, Yn, Zn).(

Xj , Yj, Zj) = (Xi , Yi , Zi < 0.1 m) (1)

(Xt , Yt, zt) = (Xi , Yi , 1.0 m ≤ Zi ≤ 1.6 m) (2)

(Xn , Yn, Zn) = (Xi , Yi, Zi < 1.0 m ∪ Zi > 1.6 m) (3)

Step 3: Coupling of the stratified point clouds. To ensure the spatial structural continu-
ity of the stratified point clouds and improve the deep learning model’s training efficiency,
we coupled the stratified point clouds. The coupled point cloud output was set as (X, Y, Z).

(Xt , Yt, Zt) =
(
Xj , Yj, Zj) ∪ (Xt , Yt , Zt − 0.9 m) (4)

Step 4: Dataset partitioning. The total number of BLS point clouds after stratified
coupling was 6.14 × 106, divided into the training dataset (TDS), validation dataset (VDS),
and partition dataset (PDS), with quantities of 2.12 × 106, 1.02 × 104, and 4.01 × 106,
respectively. In the training and validation data, we manually annotated three types using
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CloudCompare 2.11.3, including (1) tree trunk point clouds (Tree-trunk), (2) shrub and tree
branch point clouds (Shrubs-branches), and (3) ground and understory vegetation point
clouds (Ground). Statistics show that in TDS, the number of Tree-trunk, Shrubs-branches,
and Ground were 6.08 × 104, 1.53 × 105, and 1.90 × 106, respectively. In the VDS, the
numbers were 0.95 × 104, 1.74 × 104, and 7.23 × 104, respectively. Figure 5 displays the
dataset creation process and Figure 5G shows the spatial distribution of TDS, VDS, and
PDS dataset partitioning.

Step 5: Data augmentation. Point cloud data augmentation refers to the transformation
and processing of the original point cloud data to increase the training samples, enhancing
the model’s generalization capability and accuracy. Data augmentation helps to address
issues such as data scarcity, uneven sample distribution, and overfitting. In this study,
we enhanced training samples using rotation and scaling, where rotation was performed
clockwise around the X, Y, and Z axes by 180◦, and the scaling factor was set to 0.8 and 1.2.
After data augmentation, the training samples were expanded by 6 times to 1.27 × 107.
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2.3.2. Construction of the WCF-CACL-RandLA-Net Model

In this study, the method used for tree trunk detection is the improved WCF-CACL-
RandLA-Net model based on the RandLA-Net model. RandLA-Net [28] is an advanced
deep learning (DL) model for large-scale point cloud semantic segmentation, which em-
ploys efficient random sampling (RS) and local feature aggregation (LFA). Its network
structure is similar to the encoder–decoder network structure (first downsampling, then up-
sampling). To enhance the performance of the RandLA-Net model for tree trunk detection,
we improved the loss function and learning strategy in RandLA-Net by introducing the
weighted cross-entropy focal-loss module (WCF) and the cosine annealing cyclic learning
strategy (CACL). WCF, through the integration of the weighted cross-entropy loss function
(WCL) and the focal loss function (FL), strengthens the model’s generalization ability while
increasing the model’s attention weight on target classes during the training process, which
is beneficial for addressing class imbalance issues. CACL enables the dynamic adjustment
of the model’s learning rate throughout the training process. The cyclically varying learning
decay strategy significantly enhances the exploration of model parameters, helps the model
escape local optima, and avoids overfitting during training. Figure 6 displays the network
framework of the WCF-CACL-RandLA-Net model.
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(1) Weighted Cross-Entropy Focal-Loss (WCF)

The dataset used for tree trunk detection exhibits features such as class imbalance and
a smaller proportion of target classes. The weighted cross-entropy loss function employed
by RandLA-Net is insufficient to focus on less represented classes. In the training samples of
this study, the target point cloud accounts for 3% of the total number of point clouds trained.
To address this issue, we proposed a loss function that combines weighted cross-entropy
loss and focal loss to enhance the model’s focus on underrepresented classes.

Weighted cross-entropy loss is a variation of the standard cross-entropy loss function,
adjusting the importance of each class in loss computation by assigning different weights
to different classes. Focal loss is a loss function designed to address the class imbalance
by introducing a modulating factor that increases the loss of difficult-to-classify samples,
thereby making the model more attentive to these challenging samples. We combine
weighted cross-entropy loss and focal loss to form a new loss function (WCF).

LCE = −
N

∑
i=1

C

∑
c=1

Wc ×Yic × log(Pic) (5)

LFL = −
N

∑
i=1

C

∑
c=1

Yic × (1− Pic)
γ × log(Pic) (6)

L = (1− β)× LCE + β× LFL (7)

In the formula, “N” represents the number of point clouds; “C”represents the number
of classes; “Wc” represents the weight of class “C”; “Yic” represents the actual label count
of point cloud “i” belonging to class “C”; “Pic” represents the predicted probability of point
cloud “i” belonging to class “C”; “γ” represents the modulating factor, used to control the
weight of easy and difficult samples; “LCE” represents weighted cross-entropy loss; ”LFL”
represents focal loss; and “β” represents the weight coefficient. By adjusting “β”, we can
find the optimal balance point between the two loss functions.

WCF can mitigate class imbalance issues and enhance the performance of the model
when dealing with datasets exhibiting different class distribution characteristics. It takes
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full advantage of weighted cross-entropy loss and focal loss. Finally, by adjusting the
weight coefficient “β” and the modulating factor “γ”, the performance of the RandLA-Net
can be further optimized.

(2) Cosine Annealing Cyclic Learning Strategy (CACL)

RandLA-Net employed a fixed linear decay learning strategy. Although this approach
helped the model converge quickly in the early stages of training, it sometimes led to
the model becoming trapped in local optima during the later stages, thereby affecting its
generalization ability. To address this issue, this study introduced the cosine annealing
cyclic learning strategy (CACL). CACL utilized a dynamic learning rate adjustment method,
periodically adjusting the learning rate during training, enabling the model to explore the
parameter space at different learning rates. Based on the cosine annealing scheduler, the
learning rate fluctuated following a cosine function. CACL facilitated the RandLA-Net
model’s escape from local optima, accelerated convergence speed, and reduced sensitivity
to the initial learning rate and learning rate decay, rendering the model more suitable for
large-scale training datasets and complex training tasks.

LRt = LRmin + 0.5× (LRmax + LRmin)×
(

1 + cos
(

π ×
(

t%T
T

)))
(8)

In the formula, “LRt” represents the learning rate at training step “t”, while “LRmin”
and “LRmax” denote the minimum and maximum learning rates, respectively. “T” indicates
the period of learning rate adjustment, with % symbolizing modulo operation.

The deep learning environment for this study included an I7-1900 processor with
32 GB of memory and an NVIDIA RTX A4000 16 G graphics card, utilizing CUDA 11.0
for GPU computing acceleration. The deep learning framework was TensorFlow-GPU
1.13.0, based on Python 3.5.6. The input TDS point number amounted to 1.27 × 107. The
nearest point “K” value was set to 16, the initial learning rate to 0.01, and “T” to 4. The
model featured 40 epochs, with 500 steps per epoch. The values of “c” and “d” were set to
0.0001 and 0.01, respectively. Random sampling rates for each layer were (4, 4, 4, 2), and
the feature dimensions were (16, 64, 128, 256, 512).

2.3.3. DBH Estimation Method Based on LSA-RANSAC

The WCF-CACL-RandLA-Net model generates classified point clouds with three types
of labels. However, further processing is required for the clustering of individual tree trunk
point clouds and DBH calculations. In this study, we designed and implemented the least
squares adaptive RANSAC DBH estimation method (LSA-RANSAC). LSA-RANSAC is
a point cloud DBH calculation method that integrates the adaptive RANSAC algorithm
and least squares optimization. LSA-RANSAC can find the optimal parameters and the
corresponding values within the desired range and define the error function by calculating
the distance between the cylindrical model and the point cloud data to obtain the best-fitting
cylindrical model. LSA-RANSAC takes full advantage of the robustness of the RANSAC
algorithm [3] in handling noise and outliers, as well as the parameter search capability and
model error convergence of adaptive methods and least squares optimization algorithms,
making the entire fitting process more stable and efficient. The implementation steps of
DBH calculation based on LSA-RANSAC are as follows:

Step 1: Implement the density-based spatial clustering of applications with noise
(DBSCAN) [29] without specified cluster numbers by setting the minimum number of
cluster points (Min-Pts) and neighborhood radius (Eps) parameters.

Step 2: Fit each tree trunk class using the LSA- RANSAC algorithm. First, determine
the use of cylinders for DBH fitting. The equation for the fitted cylindrical model is given
in Formula 9. Figure 7 illustrates the spatial schematic of the fitted cylinder.

(X− Xi)
2 + (Y−Yi)

2 + (Z− Zi)
2 − r2 =

[L× (X− Xi) + M× (Y−Yi) + N × (Z− Zi)]
2

L2 + M2 + N2 (9)
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In the formula, (X, Y, Z) represented a point on the fitted cylindrical axis; (L, M, N)
was the vector in the L direction of the cylindrical axis; and “r” was the radius of the circle.
The cylindrical equation could be determined by these seven parameters.

Remote Sens. 2023, 15, x FOR PEER REVIEW  11  of  25 
 

 

tree  trunk point  clouds  and DBH  calculations.  In  this  study, we designed  and  imple-

mented  the  least squares adaptive RANSAC DBH estimation method  (LSA-RANSAC). 

LSA-RANSAC is a point cloud DBH calculation method that integrates the adaptive RAN-

SAC algorithm and least squares optimization. LSA-RANSAC can find the optimal pa-

rameters and the corresponding values within the desired range and define the error func-

tion by calculating the distance between the cylindrical model and the point cloud data to 

obtain the best-fitting cylindrical model. LSA-RANSAC takes full advantage of the robust-

ness of the RANSAC algorithm [3] in handling noise and outliers, as well as the parameter 

search capability and model error convergence of adaptive methods and least squares op-

timization algorithms, making the entire fitting process more stable and efficient. The im-

plementation steps of DBH calculation based on LSA-RANSAC are as follows: 

Step  1:  Implement  the density-based  spatial  clustering of  applications with noise 

(DBSCAN)  [29] without specified cluster numbers by setting  the minimum number of 

cluster points (Min‐Pts) and neighborhood radius (Eps) parameters. 

Step 2: Fit each tree trunk class using the LSA- RANSAC algorithm. First, determine 

the use of cylinders for DBH fitting. The equation for the fitted cylindrical model is given 

in Formula 9. Figure 7 illustrates the spatial schematic of the fitted cylinder. 

𝑋 𝑋 𝑌 𝑌 𝑍 𝑍 𝑟
𝐿 𝑋 𝑋 𝑀 𝑌 𝑌 𝑁 𝑍 𝑍

𝐿 𝑀 𝑁
  (9) 

In the formula, (X, Y, Z) represented a point on the fitted cylindrical axis; (L, M, N) 

was the vector in the L direction of the cylindrical axis; and “r” was the radius of the circle. 

The cylindrical equation could be determined by these seven parameters. 

 

Figure 7. Schematic diagram of fitting cylindrical space of LSA-RANSAC. 

The  iterative fitting process of  the LSA-RANSAC  for  the cylindrical model was as 

follows: 

(1) Initialize parameters: the maximum distance from the point cloud to the model, the 

desired inlier probability, maximum iterations, and minimum inlier count were set. 

The best initial inlier count and the best initial model were initialized; 

(2) Calculate the sample size based on the desired inlier probability; 

(3) Determine  the best  initial model parameters  iteratively:  randomly select a sample 

point cloud from the point cloud according to the current sample size. The cylindrical 

model was fit using the selected sample point cloud, returning the model parameters 

and  inlier  indices. The  inlier count was calculated and compared with  the current 

best  initial  inlier count.  If  the  inlier count was greater  than  the current best  initial 

inlier count, the best initial inlier count, the best initial model, sample size, and iter-

ation count were updated. The adjustment process adaptively updated the sample 

size and iteration count based on the current inlier count; 

θ

（x, y, z）

（x0, y0, z0）

𝑥 𝑥
𝑙

𝑦 𝑦
𝑚

𝑧 𝑧
𝑛

0

x

y

z

Figure 7. Schematic diagram of fitting cylindrical space of LSA-RANSAC.

The iterative fitting process of the LSA-RANSAC for the cylindrical model was
as follows:

(1) Initialize parameters: the maximum distance from the point cloud to the model, the
desired inlier probability, maximum iterations, and minimum inlier count were set.
The best initial inlier count and the best initial model were initialized;

(2) Calculate the sample size based on the desired inlier probability;
(3) Determine the best initial model parameters iteratively: randomly select a sample

point cloud from the point cloud according to the current sample size. The cylindrical
model was fit using the selected sample point cloud, returning the model parameters
and inlier indices. The inlier count was calculated and compared with the current best
initial inlier count. If the inlier count was greater than the current best initial inlier
count, the best initial inlier count, the best initial model, sample size, and iteration
count were updated. The adjustment process adaptively updated the sample size and
iteration count based on the current inlier count;

(4) Extract the best initial model parameters, IMparams: obtain the center point, axis
direction, radius, and height of the cylinder from the best initial model acquired by
the adaptive RANSAC algorithm;

(5) Define the fitting error function by calculating the distance between the best initial
model parameter IMparams and the point cloud data;

(6) Perform nonlinear least-squares optimization on IMparams, using the Levenberg–
Marquardt optimization method to solve for the minimum value of the fitting error
function and obtain the best-fit cylindrical model parameters.

IMparams = argmax ∑n
i=1 wi × pi(Xi ∈ θ) (10)

BMparams = argmin ∑n
i=1(|Xi−C)× V| − r2 (11)

In the formula, “IMparams” represented the best cylindrical model parameters, “n”
represented the number of sample points, “Xi” represented the ith point in the point cloud,
“wi” represented the weight of the sample point, “pi(Xi ∈ θ)” represented the probability of
the sample point “Xi” being fitted by the cylindrical model “θ”. “C” represented the center
point of the cylinder; “V” represented the axis direction of the cylinder, and “r” represented
the radius of the cylinder. The final result was to find the best cylindrical parameter
BMparams that minimized the sum of distances from all points to the cylinder surface.
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Throughout the experiment, the segmented trunk point cloud results were used as
input data. “Min-Pts” was set to 50, and “Eps” was set to 0.2. The maximum distance was
set to 0.01; the desired probability was set to 0.50. The iteration count was capped at a
maximum of 100, and concurrently, the floor for the inlier count was established at 15.

2.4. Comparison Method

The BSTDF framework primarily consists of two parts: tree trunk detection and DBH
fitting. In this study, the KPConv [25], RandLA-Net [28], PointNet++ [30], and (the tree
trunk extraction method based on vector features) VF [18] were chosen as the comparison
method for the WCF-CACL-RandLA-Net model tree trunk detection deep learning model,
utilizing the training samples from Section 2.3.1 for synchronous detection. Simultaneously,
we chose locally optimal RANSAC [3], LS [11,12], and CHA [11] as the comparative method
for LSA-RANSAC to estimate DBH. RANSAC achieves local optimality by iteratively
selecting the cylindrical fitting model with the highest number of inliers. Consistent data is
maintained throughout the entire fitting experiment process. The accuracy results are the
average of three repeated experiments.

3. Results
3.1. Segmentation Results of Point Cloud Based on WCF-CACL-RandLA-Net Model
3.1.1. Evaluation Metrics

To assess the performance of RandLA-Net in trunk segmentation, we employed four
overall benchmark metrics, including overall accuracy (OA), intersection over union (IoU),
F1 Score (F1), and tree trunk detection rate (ER) to evaluate segmentation accuracy. “TP”,
“TN”, “FP”, and “FN”, denoted true positives, true negatives, false positives, and false
negatives, respectively. “n” represented the number of detected tree trunks, and “N”
represented the actual number of surveyed trees in the sample plot.

OA =
TN + TP

TP + FN + TN + FP
(12)

IoU =
TP

TP + FP
(13)

R =
TP

TP + FN
(14)

F1 =
2× (IoU × R)

IoU + R
(15)

ER =
n
N
×100% (16)

3.1.2. Training Loss and Elapsed Time

During the training process of deep learning algorithms, we used training accuracy
and loss functions to assess the convergence of the model training process, which might
also reflect the error between the final segmentation results of the point cloud segmentation
model and the true values. Figure 8A illustrates the increase in training accuracy over
time. After 40 training iterations, both WCF-CACL-RandLA-Net and RandLA-Net training
accuracies stabilized between 0.99 and 1.00. Within the same training duration, WCF-
CACL-RandLA-Net demonstrated higher training accuracy and better convergence than
RandLA-Net. Figure 8B depicts the change in loss functions for both models during the
training period. As the models were trained, the loss functions gradually converged, and
after 40 training iterations, the training losses for both models stabilized between 0 and
0.05. The WCF-CACL-RandLA-Net training process required 3 h and 2 min, while the
RandLA-Net model training process took 3 h, indicating that WCF and CACL did not
increase the training burden.
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3.1.3. Quantitative and Qualitative Evaluation

As previously mentioned, Table 2 displays the quantitative and visual inspection
evaluation results of the tree trunk detection process for both models. The OA, IoU, and F1
for the WCF-CACL-RandLA-Net model were 0.98, 0.88, and 0.92, respectively. Compared
to RandLA-Net, the OA of the WCF-CACL-RandLA-Net model did not change significantly
due to the point cloud count of the ground category accounting for over 80% of the total cat-
egory point cloud count. However, the segmentation accuracy metrics IoU increased from
0.85 to 0.88, and F1 increased from 0.90 to 0.92, achieving higher segmentation accuracy;
particularly for Tree-trunk and Shrubs-branches, the segmentation accuracy improved by
6% and 5%, respectively, while F1 increased by 3% for both. The aforementioned results
indicate that the WCF effectively improved the segmentation accuracy of the RandLA-Net
model when processing imbalanced the point cloud datasets. During the training process,
the WCF module emphasized the model’s attention to trunk class point clouds, helping the
model to perform well in identification and localization tasks even in sparse and occluded
situations, thus, making the model’s segmentation accuracy more balanced and enhancing
its generalization ability. Simultaneously, CACL allowed the model to have more flexible
learning rate variation and parameter exploration capabilities; through end-to-end training,
it improved the segmentation performance of the RandLA-Net model for objects easily
confused between trunks and leaves.

Table 2. Comparison of segmentation accuracy between two deep learning models.

Classification of
the Point Cloud

OA IoU F1
WCF-CACL
RandLA-Net RandLA-Net WCF-CACL

RandLA-Net RandLA-Net WCF-CACL
RandLA-Net RandLA-Net

Tree trunk 0.99 0.99 0.84 0.78 0.88 0.85
Shrub and branch 0.98 0.98 0.86 0.81 0.90 0.87

Ground 0.96 0.96 0.97 0.97 0.97 0.98
Total/Mean 0.98 0.98 0.88 0.85 0.92 0.90

3.1.4. Comparative Studies

In order to demonstrate the efficacy of the proposed method qualitatively for segment-
ing tree trunks within complex forest MLS point cloud scenarios, we designed a number
of experiments and compared it with selected popular methods, including one traditional



Remote Sens. 2023, 15, 3480 14 of 24

method (VF) [18] and three deep learning approaches (KPConv [25], RandLA Net [28], and
PointNet++ [30]). We tabulated the precision results of various methods in Table 3, with
selected visual result examples showcased in Figure 9. Notably, our proposed method
currently registered the highest mIoU score of 0.89, followed by RandLA-Net, trailing by
roughly 4%. KPConv sat slightly below RandLA-Net by around 2%, with the lowest trunk
segmentation precision attributed to PointNet++. It is worth emphasizing that all four
aforementioned methods substantially outperformed traditional feature vector-based trunk
detection methods.All deep-learning methods delivered satisfactory results for tree trunk
point clouds with pronounced trunk shapes. However, for complex location distributions,
such as scenarios where multiple trees are distributed in queues with severe spatial over-
lap, both PointNet++ and KPConv tended to generate omissions in trunk detection, often
misclassifying surrounding branches and leaves as trunks. While RandLA-Net does show
some improvement in reducing trunk omission errors, the misclassification of branches and
leaves as trunks still remains prevalent. The training and testing duration for PointNet++
and KPConv outlasts that of RandLA-Net and WCF-CACL-RandLA-Net. The traditional
method, although quick, is plagued by severe omissions or debugging errors, primarily
due to its strong dependence on the integrity of the tree trunk annular point cloud and the
spatial features of adjacent woods. The network structure and parameters of deep learning
methods are able to implicitly articulate the spatial interactions between trunks, branches,
leaves, and ground point clouds, facilitating feature representation, such as segmenta-
tion. Despite the added computational complexity introduced by deep learning methods,
such shifts should be tolerated when performing trunk extraction and DBH estimation in
large-scale MLS point clouds [20].

Table 3. Quantitative evaluation of multiple trunk segmentation methods (mOA, mIoU, and IoU for
each class; all Values in %). Best results in bold.

References Time of Train Time of Test IOU of Tree
Trunk

IOU of
Shrub-Branch

IOU of
Ground mIOU mOA

KPconv 2.9 0.80 0.71 0.79 0.98 0.83 0.97
PointNet++ 3.50 1.10 0.60 0.71 0.98 0.76 0.95
Randlanet 2.90 0.10 0.78 0.81 0.97 0.85 0.98

VF -- -- 0.36 -- -- 0.36
Ours 2.93 0.10 0.84 0.86 0.97 0.89 0.98

3.1.5. Ablation Experiments

In the forthcoming experiments, we delved into the influence of the weighted cross
entropy focal loss function module (WCF) and the cosine annealing cycle learning strategy
(CACL) on the segmentation precision of the RandLA-Net model during the process of
tree trunk identification, leveraging the technique of ablation studies. Empirical findings
highlight the positive contributions of both WCF and CACL to the segmentation capa-
bilities of the RandLA-Net model. As illustrated in Table 4, during the segmentation of
the hierarchically-coupled tree trunk identification dataset, WCF effectively mitigated dis-
crepancies in segmentation precision induced by imbalanced point cloud class quantities.
With the utilization of the WC-RandLA-Net, the recognition precision for tree trunks and
shrubs within the point cloud data eclipsed the standard RandLA-Net model by 5% and
3%, respectively. Moreover, when the mean intersection over union (IoU) exceeded 80%,
the step count amounted to 2000 and 3500 for the CACL-RandLA-Net and the RandLA-Net,
respectively. This evidence corroborates the notion that CACL accelerates the convergence
of deep learning models and exerts a propitious influence on segmentation precision.
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Figure 9. Segmentation results using different methods. Orange represents the ground, red represents
the Tree-trunk category, and green represents the Shrub-branch category. (A) Point cloud to be
segmented after Stratified-Coupled processing; (B,b) Segmentation results based on KPConv [25];
(C,c) segmentation results based on PointNet++ [30]; (D,d) segmentation results based on VF [18];
(E,e) segmentation results based on RandLA-Net [28]; (F,f) segmentation results based on WCF-
CACL-RandLA-Net, (G) Research area segmentation results based on WCF-CACL-RandLA-Net.
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Table 4. Comparison of ablation experimental results.

Model IOU of Tree
Trunk

IOU of
Shrub-Branch IOU of Ground Mean IOU Step of Mean IOU ≥ 0.8

RandLA-Net 0.78 0.81 0.97 0.83 3500
WCF-RandLA-Net 0.82 0.84 0.97 0.87 3500

CACL-RandLA-Net 0.79 0.82 0.97 0.86 2000
WCF-CACL-
RandLA-Net 0.84 0.86 0.97 0.88 2000

3.1.6. Impact of Laser Scanning Distance Level on Tree Trunk Detection Rate (ER)

Similar to other tree trunk detection segmentation methods [8,9,15,16], irregular trunk
shapes and point cloud scarcity caused by obstacles and laser scanning distance in the
forest remain the primary factors affecting accurate measurements [23,31,32]. To determine
the impact of scanning distance on ER, we divided trees into four distance levels (0–10 m,
10–20 m, 20–30 m, and 30–45 m) based on the horizontal distance between the trees and the
scanning path (Figure 10) and compared the ER values within different distance levels. The
results, as shown in Table 5, indicated that ER decreased as the distance level increased. The
closer the samples were to the scanning path, the higher the ER value. The ER values for the
10 m, 20 m, 30 m, and 40 m levels were 97.70%, 83.36%, 68.09%, and 32.47%, respectively,
with an average ER of 70.41%. The distance level with an ER above 80% was 20 m, and the
average ER value at this distance level was 90.53%. Increasing the density of the LiDAR
scanner’s path in the forest was an effective way to improve ER values. Considering
accuracy and efficiency, we recommend that the BLS data collection distance level for tree
trunk detection and recognition should not exceed 20 m, and the optimal bandwidth (the
parallel distance between two adjacent scanning paths) of multiple parallel paths should
not exceed 40 m.
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Table 5. ER at different distance levels based on WCF-CACL-RandLA-Net segmentation results.

Evaluating Indicator ER at Different Distance Levels
0–10 m 10–20 m 20–30 m 30–45 m

ER 97.70% 83.36% 68.09% 32.47%
Measured number of trees 174 535 468 627

3.2. DBH Estimation Results Based on LSA-RANSAC
3.2.1. Evaluation Metrics

The evaluation metrics for DBH fitting accuracy are the coefficient of determination
(R2), root mean square error (RMSE), and residuals between measured and estimated
values (Residual).

R2 = 1− ∑n
i=1(R)2

∑n
i=1(yi − y)2 (17)

RMSE =

√
∑n

1 (yi − ŷi)
2

n
(18)

Residual = yi − ŷi (19)

In the formula, “yi” represents the ith measured value, “ŷi” represents the ith predicted
value, “y” represents the average measured DBH, and “n” represents the number of
detected trunks.

3.2.2. Fitting Accuracy Comparison

To verify the accuracy and effectiveness of the DBH estimation results, three subplots
were set up within the plot area (Figure 11), including a coniferous forest sampling plot
(CF: 50 m × 60 m), a broadleaf forest sampling plot (BF: 50 m × 60 m), and a coniferous-
broad mixed forests sampling plot (CBF: 40 m × 60 m). The closure degrees of the three
subplots were 0.90, 0.85, and 0.95, respectively, with a stand density of 666.7 trees/ha,
426.6 trees/ha, and 504 trees/ha. The DBH fitting results of all trees within the three
subplots (Figure 11) were statistically analyzed (Table 6). The statistics showed that the
coefficient of determination (R2) for the LSA-RANSAC based DBH estimation was 0.77,
0.74, and 0.73, with RMSE values of 6.37 cm, 6.20 cm, and 6.92 cm. The residual values of all
sample plots were uniformly distributed around the X-axis (Figure 12). In well-distributed
coniferous and broadleaf forests, DBH estimation accuracy was higher than in randomly
distributed mixed forests. The DBH estimation accuracy in coniferous forests was slightly
higher than in broadleaf forests, which might be due to some trunks in broadleaf forests
having bifurcations, causing cylinder overfitting and affecting DBH estimation accuracy.
Compared to RANSAC, the average R2 of LSA-RANSAC increased by 14%, and the average
RMSE decreased by 1.08 cm. The lower DBH estimation accuracy of the RANSAC method
was due to widespread cylinder underfitting. The LSA-RANSAC method effectively
reduced error values during fitting by iteratively updating the selection of points and
inliers and constraining the objective function of cylinder parameters, thus improving
the DBH fitting accuracy of the RANSAC method. Although LSA-RANSAC showed
effectiveness in DBH estimation, we still compared it with the least squares (LS) [11,12] and
convex hull (CHA) [11] fitting methods. It is worth noting that the cylindrical fitting method
based on RANSAC was generally significantly superior to the CHA and LS methods for
estimating chest diameter. This is because the CHA and LS methods were more sensitive to
missing cylindrical point clouds.
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Table 6. Precision statistics of evaluation indicators for DBH estimation models of three forest types.

Species Type
of Foresty Species Name of Tree Number

of Trees
LSA-RANSAC RANSAC CHA LS

R2 RMSE R2 RMSE R2 RMSE R2 RMSE

Coniferous
forest

Taxodium distichum (L.)
Rich. andTaxodium

distichum var. imbricatum
(Nuttall) Croom

129 0.77 6.37 0.60 7.10 0.39 10.58 0.53 10.23

Broadleaf
forest

Betula luminifera H.Winkl.
and Liriodendron chinense

(Hemsl.) Sargent.
108 0.74 6.20 0.61 7.12 0.33 9.89 0.42 8.91

Coniferous–
broad
forests

Cinnamomum camphora
(Linn) Presl, Michelia
maudiae Dunn, Cedrus

deodara (Roxb.) G. Don and
Abies fabri (Mast.) Craib

106 0.73 6.92 0.59 8.53 0.20 11.19 0.23 13.70

Total/Mean 343 0.75 6.50 0.61 7.58 0.31 10.55 0.39 10.95

3.2.3. Analysis of Tree Trunk Detection Accuracy Based on LiDAR Scanning Distance Level

To evaluate the impact of scanning distance on DBH estimation, the estimated DBH
values of the three subplots using LSA-RANSAC were statistically analyzed according to
the distance level (Table 7), and the estimation accuracy of the DBH at different distance
levels was compared. In the three forest types, the distance levels with DBH estimation
accuracy above 80% were 30 m for the coniferous forest, 20 m for the broadleaf forest, and
10 m for the coniferous–broadleaf mixed forest. The DBH estimation accuracy in the mixed
forest subplot was lower than that in the coniferous and broadleaf forest subplots due to
the uniform distribution of trees in the coniferous and broadleaf forest subplots, while the
trees in the broadleaf forest subplot were densely and centrally distributed. Overall, the
R2 of the DBH values estimated by the LSA-RANSAC method was negatively correlated
with the LiDAR scanning distance level, while the RMSE was positively correlated. The
average DBH estimation accuracy for the three forest types at distance levels within 20 m
was above 80%. Within the 0–20 m range, the R2 was 0.87, and the RMSE was 4.41 cm.
Taking accuracy and efficiency into consideration, we also recommend that the range of



Remote Sens. 2023, 15, 3480 19 of 24

BLS data collection for DBH estimation should not exceed 20 m, and the optimal bandwidth
for multiple parallel paths should not exceed 40 m.
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Table 7. DBH estimation accuracy of different distance levels in three forest types.

Species Type of Foresty Evaluating Indicator DBH Estimation Accuracy at Different Distance Levels
0–10 m 10–20 m 20–30 m 30–45 m

Coniferous forest
R2 0.97 0.83 0.81 0.67

RMSE 2.35 3.67 7.01 9.75
Nmber of tree 10 51 43 25

Broad-leaved forest
R2 0.98 0.82 0.61 0.76

RMSE 2.53 5.04 8.56 6.99
Nmber of tree 14 54 30 10

Coniferous–broad-leaved
mixed forests

R2 0.83 0.75 0.58 0.47
RMSE 5.94 6.91 8.94 9.11

Nmber of tree 42 48 9 7

Total/Mean
R2 0.93 0.80 0.67 0.63

RMSE 3.61 5.21 8.17 8.62
Nmber of tree 66 153 82 42

4. Discussion

In this study, we focused on the importance of accurate assessment and scientific
management of forest resources in the context of exacerbated global climate change and
ecological environmental issues. We combined remote sensing technology and computer
algorithms to propose a novel framework for forest tree trunk detection and DBH estimation
based on BLS, called the BLS-based tree-trunk detection framework (BSTDF). Firstly, we
created a reusable tree trunk detection deep learning dataset using a stratified coupling
method. Secondly, we improved the learning strategy and loss function of the RandLA-Net
model to adapt to tree trunk detection tasks in large-scale forests and address the issue
of class imbalance in segmentation. Lastly, we introduced the LSA-RANSAC method to
enhance the accuracy of DBH estimation. The effectiveness of the BSTDF was validated in
a 65,000 m2 forest at the Subtropical Forestry Experiment Center of the Chinese Academy
of Forestry Sciences.

To fully harness the potential of mobile laser scanning (MLS), one of the primary
focuses of this research lies in the construction of a tree trunk detection dataset for deep
learning. In previous studies [20,23,25,33], the datasets used for forest point cloud segmen-
tation predominantly comprised entire forest trees. While not all researchers regard direct
segmentation of complete forest scenes as unacceptable, reducing the quantity of non-target
point clouds is vital to enhancing segmentation efficiency and accuracy. Accordingly, we
have adopted a novel hierarchically-coupled method to establish a dataset suitable for
tree trunk detection based on deep learning. By dividing the full forest point cloud into
four strata: ground point cloud layer (0.0 m to 0.1 m), non-target point cloud layer 1 (0.1 m
to 1.0 m), target point cloud layer (1.0 m to 1.6 m), and non-target point cloud layer 2 (1.6
m and above), we couple the ground layer and target trunk layer based on coordinate cal-
culations, thus, forming the foundational dataset for trunk detection. This data processing
method dramatically trims the data volume within the detection point cloud, enhancing
the learning efficiency of deep learning algorithms and providing substantial reference
value in dataset creation.

In this study, we used the improved WCF-CACL-RandLA-Net model, which is suitable
for large-scale point cloud segmentation, for tree trunk detection. Compared to other
deep learning models [23–27], the RandLA-Net model employs a random sampling (RS)
method that can process one million points at a time, and through the LFA structural
design, it achieves aggregation of local features. This overcomes the problem of insufficient
sparse keypoints information caused by RS. The study findings reveal that KPConv is
marginally inferior to RandLA-Net by approximately 2%, with PointNet++ falling short
in terms of trunk segmentation precision. These observations resonate with the findings
of Wang et al. [20] and Hu et al. [28,34], who found RandLA-Net’s segmentation prowess
outshone other leading semantic segmentation methods. By introducing the WCF and
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CACL, the WCF-CACL-RandLA-Net model demonstrates better performance in tree trunk
detection tasks compared to the RandLA-Net model. Firstly, the introduction of the WCF
enables the model to learn trunk features more effectively, which helps eliminate the impact
of point cloud noise and occlusion and improves tree trunk detection accuracy. Secondly,
the introduction of the CACL helps the model adaptively adjust the learning rate during
training, ensuring a suitable learning speed at different stages. This helps to avoid the
model falling into local optima and enhances its generalization performance.

Traditional trunk detection methodologies, such as those reliant on vector features
(VF) [18,19], geometric circle fitting [35], cylinder fitting [36], and cross-section detec-
tion [37], are excessively sensitive to incomplete trunk point clouds and lack robustness. In
contrast, deep learning algorithms demonstrate notable superiority in detection accuracy.
For instance, our framework method outperforms VF in trunk point cloud recognition
precision by 48%. Moreover, our approach exhibits greater robustness when handling large-
scale forest data without necessitating point cloud-raster data conversion [37] or manual
elimination of non-target point clouds. In addition, compared to other deep learning-based
improved methods, our model shows higher accuracy and stability in tree trunk detection
tasks, with an IOU segmentation accuracy of 0.88 for the hierarchically coupled data layer,
which is superior to the segmentation performance of RandLA-Net on other datasets [29,37].
In future research, we may consider further enhancing the model’s performance in han-
dling large-scale tree trunk detection tasks by improving the model structure or employing
distributed computing techniques.

Of course, the fitting method for DBH also affects the accuracy of DBH estimation.
In previous studies [12–14,38], circle fitting-based DBH estimation has developed into a
mature approach. Different methods have their respective strengths and weaknesses. Least
squares (LS) [11,12] can achieve satisfactory fitting results when processing simple and
regular point clouds, but its ability to handle outliers is limited. Hough transform (HT) [14]
has a high computational complexity, is sensitive to parameters, and requires manual
selection of appropriate parameters, resulting in limited robustness. The convex hull
algorithm (CHA) [11] may perform poorly when processing data from densely populated
forest areas and is susceptible to noise and occlusion. RANSAC [3] has certain advantages
in handling noise and occlusion issues but requires manual parameter settings, such as
inlier threshold and iteration count, and is sensitive to parameter selection. In view of these
shortcomings, this research proposes a LSA-RANCAC method. The experimental results
show that this method combines the fitting accuracy of the least squares method with
the robustness of the RANSAC method, providing a strong outlier processing capability,
adaptive parameter settings, and high fitting accuracy, which is significantly better than
RANSAC, LS, and CHA fitting methods. Of course, there is still room for improvement in
the LSA-RANSAC method used in this study. For example, Duanmu, J. et al. [2] proposed
an adjacent point distribution analysis (ANPDA) method to reduce noisy point clouds,
which could be an effective way to further enhance the LSA-RANSAC method.

In this study, the forest stand density of our test area was set at 394 stems per hectare,
and 1270 trees were detected using our method. When the LiDAR scanning distance level
was set at 20 m, the average ER was 90.03%, significantly higher than the 17.4–32% reported
in other studies [2,11]. Considering the three forest types established in this study—mixed
coniferous, mixed broadleaf, and mixed coniferous–broadleaf forests—the forest type also
has an impact on the accuracy on BLS-based DBH estimation. The trunk extraction and
fitting accuracy of mixed coniferous and mixed broad-leaved forests are higher than that
of mixed coniferous and broad-leaved forests, possibly due to higher spatial clustering
and wider diameter distribution in mixed coniferous–broadleaf forests. If the accuracy of
individual tree trunk detection is guaranteed, BLS will be the most suitable solution for
estimating mountain forest parameters. This is because BLS offers greater portability and
excellent penetration capabilities, with the highest accuracy in the main tree trunk detection
and DBH estimation through a single scan [5,39].
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5. Conclusions

This study presented a novel framework for forest tree trunk detection and DBH
estimation based on BLS (BSTDF), aimed at addressing the difficulty and low accuracy
of obtaining large-scale forest DBH information. In BSTDF, a stratified coupling method
using BLS was employed to construct a tree trunk detection dataset, significantly reducing
the dataset size, improving computational efficiency, and enhancing the generalization
capability of deep learning models. BSTDF improved the RandLA-Net deep learning
algorithm by introducing WCF and CACL, effectively mitigating class imbalance issues in
the tree trunk detection process, accelerating model convergence, and enhancing model
stability and accuracy. Furthermore, BSTDF estimated DBH by using the cylindrical fitting
method of LSA-RANSAC, fully leveraging the parameter search capabilities of adaptive
methods and least squares optimization algorithm, and model error convergence, making
the entire DBH fitting process more accurate. The experimental results showed that the OA,
IoU, and F1 of the WCF-CACL-RandLA-Net model were 0.98, 0.88, and 0.92, respectively.
Better than segmentation algorithms such as KPConv, PointNet++, and VF. Compared
to RandLA-Net, the IoU increased from 0.85 to 0.88, and the F1 increased from 0.90 to
0.92. Particularly, the segmentation accuracy of the trunk category improved by 6%, and
the F1 increased by 3%, effectively addressing the class accuracy imbalance issue when
RandLA-Net segmented trunks. The overall tree trunk detection rate was 70.41%. RMSE
and R2 for the overall DBH estimation accuracy of LSA-RANSAC were 6.50 cm and 0.75,
respectively. Compared to RANSAC, RMSE decreased by 1.08 cm, and R2 increased by
14%, indicating that LSA-RANSAC effectively mitigated RANSAC’s underfitting problem
and improved DBH estimation accuracy. Both ER and DBH estimation accuracy were
negatively correlated with the LiDAR scanning distance (bandwidth). Considering the
accuracy and efficiency, the optimal distance level for single-path BLS data collection was
20 m, and the optimal scanning bandwidth for multiple parallel paths should not exceed
40 m. Under these conditions, the average ER of BSTDF was 90.03%, with a DBH estimation
accuracy of RMSE 4.41 cm and R2 0.87.

In conclusion, the BSTDF provided effective technical support for large-scale forest
trunk identification and DBH estimation. We recommended applying the proposed method
in other forests to evaluate its performance and limitations when encountering different
environments. Additionally, by testing under various terrain conditions, BSTDF could be
further optimized and improved, making it more versatile and adaptable.
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