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Abstract: LiDAR is an active remote sensing technology widely used in forestry applica-
tions, such as forest resource surveys, tree information collection, and ecosystem monitoring.
However, due to the resolution limitations of 3D-laser scanners and the canopy occlusion
in forest environments, the tree point clouds obtained often have missing data. This can
reduce the accuracy of individual tree segmentation, which subsequently affects the tree
species classification. To address the issue, this study used point cloud data with RGB infor-
mation collected by the UAV platform to improve tree species classification by completing
the missing point clouds. Furthermore, the study also explored the effects of point cloud
completion, feature selection, and classification methods on the results. Specifically, both a
traditional geometric method and a deep learning-based method were used for point cloud
completion, and their performance was compared. For the classification of tree species,
five machine learning algorithms—Random Forest (RF), Support Vector Machine (SVM),
Back Propagation Neural Network (BPNN), Quadratic Discriminant Analysis (QDA), and
K-Nearest Neighbors (KNN)—were utilized. This study also ranked the importance of
features to assess the impact of different algorithms and features on classification accuracy.
The results showed that the deep learning-based completion method provided the best
performance (avgCD = 6.14; avgF1 = 0.85), generating more complete point clouds than
the traditional method. On the other hand, compared with SVM and BPNN, RF showed
better performance in dealing with multi-classification tasks with limited training samples
(OA-87.41%, Kappa-0.85). Among the six dominant tree species, Pinus koraiensis had the
highest classification accuracy (93.75%), while that of Juglans mandshurica was the lowest
(82.05%). In addition, the vegetation index and the tree structure parameter accounted for
50% and 30%, respectively, in the top 10 features in terms of feature importance. The point
cloud intensity also had a high contribution to the classification results, indicating that the
lidar point cloud data can also be used as an important basis for tree species classification.

Keywords: LiDAR; machine learning; point cloud completion; tree species classification

1. Introduction
Accurate identification of forest tree species is the basis of forest inventory, which is

of great significance to the dynamic monitoring of tree species diversity, the estimation of
above-ground forest carbon stocks, and the protection of forest ecosystems [1–3]. It is also an
important research area of remote sensing in forestry. The traditional method of collecting
tree species information often relies on field investigation, which is time consuming, labor
intensive, and inefficient [4], especially in the natural forest area. The rapid development
of UAV remote sensing technology provides an effective way to conduct forest inventory
quickly and accurately. Its characteristics of high data collection efficiency, low cost, good
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quality, and repeatability can tackle the shortcomings of traditional field investigation to a
great extent [5,6]. UAVs are capable of carrying various types of sensors, which can collect
RGB, multi/hyperspectral data, and LiDAR data. As the most basic working band in
remote sensing aerial survey, RGB data is commonly used as a forestry remote sensing data
source due to convenient data acquisition, high spatial resolution, and relatively mature
processing technology [7,8]. But it contains less spectral information, which is often less
accurate when used in tree species identification in complex forest stands; hyperspectral
remote sensing contains dozens to hundreds of spectral channels, which can provide rich
spectral features and offer the possibility of more accurate tree species classification [9].
However, hyperspectral data is very expensive to collect, difficult to process, and sometimes
has the problems such as “the same objects have different spectrum” and “different objects
have the same spectrum” [10–13]. As an active remote sensing technology, airborne LiDAR
technology is less affected by the cloud layer, has a certain penetration ability to ground
objects, and can accurately obtain the vertical structure information of trees, especially
crowns [12,14–16]. Single tree crowns and the extraction of crown structural parameters
can provide strong support for tree species classification [17,18]. However, it is still difficult
to accurately identify tree species only via tree point cloud features which are exacted by
LiDAR. Therefore, a single remote sensing source cannot achieve desired results due to its
own limitations [19], and it is necessary to combine multi-source remote sensing data in
order to accurately perform tree species identification and classification.

To date, several studies have been conducted to identify tree species by combin-
ing different sources of data and LiDAR point clouds are often used as supplements or
aids to visible and hyperspectral image data for tree species identification. For example,
Deng et al. [20] extracted features from the crown-height model constructed by airborne
LiDAR data and combined them with RGB image features to obtain the best combination
of features for classification. Xu et al. [21] used UAV LiDAR-assisted visible images to
detect single tree canopies and produced a single-tree-crown image dataset to perform
accurate species identification. Compared with the classification results by RGB images, the
classification accuracy increased by 14.1%, proving that combining airborne LiDAR data
with RGB image was an effective method for improving species classification. Li et al. [22]
used LiDAR data to extract echo and intensity features as complementary information to
visible image features and improved the average recognition accuracy of tree species by
6.01% compared to that using only an RGB data source. With regard to the combination
of LiDAR and hyperspectral image data, Matsuki et al. [23] obtained crown shape and
size based on canopy height models (CHM) generated from point clouds and combined it
with hyperspectral information to classify tree species in the Tama Forest Science Garden
in Tokyo, Japan, and the identification accuracy of 16 forest species reached 85%. Alonzo
et al. [24] used a watershed algorithm for single tree segmentation and extracted structural
parameters directly from the single-tree-crown point cloud, which were then fused with
hyperspectral data and used for classifying 29 common tree species. Their results showed
that the classification accuracy of the fused data increased by 4.2% compared with the single
hyperspectral image. Dalponte et al. [25] applied airborne LiDAR and hyperspectral data
to classify single trees by extracting single-tree spectral information. The overall results
for the considered classification task were 88.1% for overall accuracy, 75.7% for kappa
accuracy, however, the mean class accuracy was only 61.5%. In summary, the combination
of hyperspectral data and LiDAR data showed higher classification accuracy in tree species
identification compared to that with only one data source. However, a large number of
spectral bands can lead to data redundancy, making it difficult to conduct data reduction
and denoising, thus also greatly increasing the application cost. The combination of RGB
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data with LiDAR will be a good choice for tree species classification in consideration of the
low cost, high speed, and high resolution.

It is important to note that during the scanning process of tree point clouds, various
device and environmental factors, such as occlusion between trees and device resolution
limitations, can result in acquiring the incomplete point clouds [26]. Traditional point cloud
completion methods primarily rely on geometric information and topological structures
to infer the shape of missing parts by extracting local features from the point cloud. For
example, Pauly et al. [27] used regular or repetitive geometric patterns in 3D shapes to
form grids with discrete translational, rotational, and scaling symbols, which help repair
missing object parts. Zheng et al. [28] proposed merging repeating parts in point clouds of
buildings with varying levels of complexity. This method not only removed noise but also
reliably completed missing parts of the point cloud. Although these methods are simple
and efficient, their performance is often limited when dealing with objects that lack clear
symmetry. In recent years, with the rapid development of deep learning technologies, deep
learning-based point cloud completion methods have become a growing research focus [29].
These methods build neural network models to learn the latent spatial representations of
large amounts of point cloud data, thereby achieving automatic point cloud completion.
Yuan et al. [30] first proposed the Point Completion Network (PCN), which operated directly
on raw point clouds without requiring structural assumptions about the underlying shape.
Huang et al. [31] proposed the Point Fractal Network (PF-Net). PF-Net utilized encoder-
decoder architecture and multi-scale feature fusion to better capture different resolutions of
point cloud data. Wang et al. [32] extended the encoder-decoder structure by incorporating
Generative Adversarial Networks (GAN) and built a ‘coarse-to-fine’ two-stage completion
model. Compared to traditional point cloud completion methods, deep learning-based
approaches offer stronger adaptability and generalization capabilities, enabling them
to handle more complex and uncertain scenarios. Furthermore, deep learning models
can continuously learn and optimize, gradually improving their completion accuracy
and efficiency.

In addition to remote sensing data sources, another key to tree species identification
is the selection of classifiers. With the capacity of quickly and efficiently mining and
utilizing detailed information, machine learning algorithms have gradually become the
mainstream methods to deal with forestry remote sensing classification problems [33–35].
The commonly used non-parametric classifiers in the tree species classification include
random forest, support vector machine, decision trees, etc., [36,37] which do not require
the assumption that the data conform to a normal distribution, and are conducive to
incorporating band information, geometric information, and other feature data into the clas-
sification process to improve the accuracy [9,38–40]. Compared with traditional supervised
classification methods, the machine learning algorithms have showed higher accuracy
and wider application range [41]. For example, Dalponte et al. [42] used three classifiers
(RF, SVM, and gaussian maximum likelihood (GML)) to classify the most commercially
valuable tree species (Pinus sylvestris and Picea abies) based on hyperspectral data and all
the classifiers achieved a high classification accuracy of over 87%. They also reported that
SVM and RF were insensitive to the feature selection process, while GML was strongly
influenced by the feature selection. Fassnacht et al. [4] concluded a literature review on tree
species classification within the last 40 years and found that RF was more preferable than
other classifiers when mixed sets of input variables (spectral, texture, indices, etc.) were
integrated into classification. Zhao et al. [43] used the RF algorithm to filter features from
LiDAR and charge-coupled device (CCD) images in order to reduce feature redundancy.
Their results showed that the classification accuracy of tree species based on fused data
was improved by 8% on average compared to that using only CCD images. Similarly,
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Shi et al. [44] used RF for tree species classification based on hyperspectral and LiDAR data
and concluded that when plant functional traits were combined with spectral features and
LiDAR metrics an overall accuracy of 83.7% was obtained, which was significantly higher
than using LiDAR (65.1%) or hyperspectral (69.3%) data alone. To sum up, the applicability,
complexity, and calculation cost of different machine learning algorithms in dealing with
specific problems were often considered when selecting classification algorithms.

In summary, previous research has explored areas such as multi-source remote sensing,
point cloud completion, and tree species classification. However, most studies focused on
specific issues within a particular field, without proposing the comprehensive and effective
classification scheme suitable for the actual conditions of forest plots. Especially in complex
mixed coniferous-broadleaf forests, achieving high-precision species classification typically
required obtaining high-quality point cloud datasets, which in turn depend on excellent
point cloud completion algorithms. Therefore, the general objective of this study is to
realize tree species classification in mixed coniferous-broadleaf forest using UAV-based
RGB imagery and a LiDAR integrated system and machine learning algorithms. To further
improve the classification performance, the optimized completion methods of tree point
cloud were introduced to better complete the tree structure. Specifically, the objectives are
to: (1) adopt a geometric completion method and deep learning-based completion method,
respectively, to ensure that the complete tree structure can be extracted, (2) compare the
classification accuracy of five machine learning classifiers, including RF, SVM, BPNN, QDA,
and KNN in tree species classification, and (3) rank the importance of all feature indicators
through importance analysis based on the classifier with the highest accuracy, and discuss
the impacts of different features on the results of tree species classification.

2. Materials and Methods
2.1. Overview of the Study Area

The study area is located within the Mao’ershan Experimental Forest Farm in
Mao’ershan Town, Shangzhi City, Heilongjiang Province, China (127◦30′~127◦34′ E,
45◦20′~45◦25′ N). The forest farm is 30 km long from north to south and 20 km wide
from east to west, with a total area of 26,000 hectares. The existing forest types of the forest
farm include natural secondary forests at different stages formed after destruction and
succession from the original zonal climax community and artificially planted forests [45,46].
The dominant tree species include Larix gmelinii, Pinus koraiensis, Ulmus pumila, Betula
platyphylla, Fraxinus mandshurica, Juglans mandshurica, Tilia amurensis, Populus davidiana, etc.
In the study area, 10 plots (50 m × 50 m) were selected by the method of uniform sampling.
Each tree (DBH > 5 cm) in the plots was measured and the tree species, DBH, tree height,
height under branches, and crown width were recorded. The tree position was marked by a
RTK (Qianxunxingyao X) manufactured by Qianxun Spatial Intelligence Ine. The summary
of the field measurements is shown in Table 1. The six tree species in Table 1 were classified
as coniferous (Pinus koraiensis, Larix gmelinii) and broad-leaved (Ulmus pumila, Fraxinus
mandshurica, Juglans mandshurica., Betula platyphylla) trees. The location of the study area is
shown in Figure 1.
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Table 1. Summary of field measurements in the sample plots by species.

Tree Species Number DBH/cm Height/m Height Under Branches/m Crown Width/m

Pinus koraiensis 188 18.2 15.8 4.4 5.3
Larix gmelinii 167 19.5 17.4 7.8 3.8
Ulmus pumila 173 30.2 18.2 10.2 12.8

Fraxinus
mandshurica 149 26.3 19.3 12.3 8.5

Juglans
mandshurica 132 25.4 18.8 11.6 9.4

Betula platyphylla 154 19.6 18.1 11.2 4.6
Others 48 12.7 11.6 4.5 4.1

Note: The parameters DBH, height, height under branches, and crown width in the table are all mean values.
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2.2. True-Color Point Cloud Data Acquisition

In this study, a new low-cost integrated UAV image-LiDAR system which consists of
DJI Zenmuse LI UAV, an RGB sensor, and a LiDAR sensor was used to acquire true-color
point clouds of the study plots. This scanning system not only has the advantage of fast and
accurate data acquisition by UAV platform, but also integrates Livox LiDAR, high-precision
inertial guidance, a mapping camera, and other modules to attach visible optical images to
the synchronously acquired point cloud data and finally output true-color point clouds.
The data were collected on 21 July 2022 under good weather conditions with clear sky
and no wind. The RGB sensor is a mapping camera with 20 million effective pixels; the
LiDAR sensor is a Livox with a repetitive scan mode that provides an oblate field of view
(70.4 horizontally and 4.5 vertically). The ground was taken as the baseline, and a relative
altitude of 150 m and a flight speed of 8 m/s were set. To ensure sufficient overlap of point
cloud data for strip leveling and accuracy of model coloring, the collateral overlap was set
to 80%, the sampling frequency was 160 kHz, and the obtained LiDAR data point cloud
density was 200 pts/m2. The data coordinate system was WGS-84.

2.3. Methods

Firstly, the obtained true-color point cloud data of the forest stand was preprocessed
to eliminate the impacts of noise and ground points. The single tree was then segmented
using LiDAR360’s point cloud segmentation tools. Considering the possible loss of the
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crown point cloud after segmentation, the traditional geometric method and the method
based on deep learning were, respectively, used to complete the point cloud, so as to ensure
the integrity of the tree point cloud sample and compare the completion performance
of different methods. Secondly, the RGB features and LiDAR point cloud features were
extracted, respectively, including spectral band, vegetation index, point cloud derived
data, and tree structure parameters. Five machine learning classifiers, including RF, SVM,
BPNN, QDA, and KNN were used to identify tree species, and the classification results
were compared and analyzed. Finally, the classifier with the highest accuracy was selected
to rank the importance of all feature indicators, and the impact of different features on
the classification results of tree species was discussed through importance analysis. The
technical route is shown in Figure 2.
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2.3.1. Data Pre-Processing and Single Tree Segmentation

Noise points inevitably exist in the original point cloud data due to environmental
influences and random error generation. In this study, an isolated point algorithm was used
for noise removal based on the LiDAR360 software V3.0 which was provided by Beijing
Digital Green Earth Ltd. (Beijing, China) [47,48]. The isolated points can be regarded as
independent points that are far away from most other object points. According to the actual
distribution of the point cloud data, this study searched and removed the isolated points
by setting the number of neighborhood points to 5 and the neighborhood search radius
to 10 m, and the final processing results were manually corrected. Meanwhile, the point
cloud was divided into ground and non-ground points based on the digital morphological
filtering method [49], where the ground points include forest roads, gaps, and open spaces
and the non-ground points are mainly vegetation point clouds. The separated point clouds
were then normalized to remove the influence of topography, thus better reflecting the true
height of the trees.

Single tree segmentation is a prerequisite for extracting the structural parameters of
trees and for classifying tree species. The principle is to segment the discrete point clouds
into multiple parts, each of which can be treated as a single tree. In this study, the layer
stacking algorithm embedded in LiDAR360 software was used to extract individual tree
positions from normalized point cloud data. Then, the information of tree locations was
used as seed points [50]. Finally, single-tree segmentation was performed based on the
normalized point cloud and the corresponding seed points file. The segmented single-tree
point cloud data was matched with RTK positioning data from the field investigation.
The matching process was conducted based on the following rules: (1) if the segmented
crown contains only one single-tree data from the field investigation, the segmentation is
considered accurate; (2) if the segmented vector crown does not contain complete single-tree
data, it is considered over-segmented and the crown is deleted; (3) if the segmented crown
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contains multiple trees data, it is considered under-segmented and the segmentation result
is retained by manual adjustment to meet subsequent classification requirements [22,51].

2.3.2. Point Cloud Completion

Due to factors such as the environment disturbance, hardware limitations, and oc-
clusion between objects, the data collected by sensors is often incomplete. Point cloud
completion aims to generate a complete set of points with the full shape from incomplete-
or partial-input point clouds. Similarly, crown overlap between adjacent trees often occurs,
which leads to incomplete point clouds after individual tree segmentation. This directly
affects the accuracy of feature extraction and species classification. Therefore, this study
used both traditional geometric methods and deep learning-based techniques to complete
the missing point clouds and compare their results.

Traditional Point Cloud Completion Method

Traditional point cloud completion methods infer the missing parts by identifying
geometric patterns in the input point cloud. This approach requires the original point
cloud to exhibit a certain level of symmetry and regularity. Based on the crown structure,
conifer tree crowns are typically conical in shape [52], with the cross-section resembling
a triangle. Similarly, broadleaf tree crowns are mostly hemispherical [53], with the cross-
section resembling a semi-ellipse. Therefore, this study proposed the following completion
rules based on tree structures:

(1) When distinct trunk points are present in the individual tree point cloud, the trunk
is used as both the central and symmetry axis. Then, the existing crown point cloud
is rotated and replicated around the trunk to approximate the completion of the
missing crown.

(2) When distinct trunk points are absent in the individual tree point cloud, the crown
is completed based on the morphological structure of conifer and broadleaf trees,
as shown in Figure 3. The colored regions represent the existing crown, while the
dashed areas simulate the missing crown, and the combination of the two forms is the
complete crown. In the given conifer (broadleaf) tree model, P1 is the highest point in
the missing crown point cloud, P2 is the vertex of the complete crown, h is the vertical
distance between P1 and P2, and H is the crown height of the missing crown. The
Hough transform is used to fit the edge points of the crown to extract the center point
O of the tree and the radius D of the fitted circle. Based on the coordinates of point
P1 (x1, y1), the distance d between the tree center O and the point P1 in the xoy plane
is calculated. Finally, the following calculations can be derived using the theory of
similar triangles and the ellipse equation:

1⃝ In the conifer tree model, the projection of point P1 onto the xoy plane is denoted as
C. Since ∆AP1P2 and ∆BCP1 are similar triangles, the following condition must be satisfied:

(D − d)/H = d/h.

2⃝ In the broadleaf tree model, the crown cross-section is considered as a semi-ellipse.
Therefore, point P1, as a point on the ellipse, must satisfy the ellipse equation:

H2/(H + h)2 + d2/D2 = 1.
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In the equation, D, d, and H can be obtained through extraction or calculation. There-
fore, the value of h determines whether the individual tree crown can be completed.
According to existing studies [54–56], when h < 0.5 m in the conifer model and h < 0.8 m
in the broadleaf tree model, the tree height extraction error is within an acceptable range.
And the line connecting points P1 and O in the model can be considered the central axis
of the crown. Based on the central axis OP1, the missing crown point cloud is completed
by rotating and replicating. Conversely, when the h error is large, it is considered that
the vertex position of the individual tree crown cannot be identified. And completing the
crown would result in the significant discrepancy from the actual tree structure, which
could influence the accuracy of tree species classification. Therefore, the crown point cloud
should be discarded.

Point Cloud Completion Method Based on Deep Leaning

In recent years, GANs have been extensively studied. Through the alternating op-
timization between the generator and discriminator, GANs have significantly improved
model training accuracy and efficiency. Inspired by related studies [30–32], this study
introduced the structure of GAN for tree point cloud completion, as shown in Figure 4.

The generator and discriminator models were constructed based on the structure of
GAN. During the training process, the generator attempted to create more realistic data
to deceive the discriminator, while the discriminator improved its ability to distinguish
between real and generated data, ultimately reaching a dynamic equilibrium. For a given
incomplete tree point cloud P, the global features G were extracted using shared MLP and
pooling layers. Then, the global and local features were combined to output the encoding
vector. In the decoder, 2D grid data and folding operations were used to generate arbitrary
point cloud shapes. The combination of P and the generated point cloud produced the final
complete tree point cloud P′. To ensure the accuracy of the generated point cloud shape,
the discriminator was used to classify whether the input point cloud comes from real or
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generated data. To enhance feature extraction efficiency and accuracy, two modifications
were made to the network: (1) Hybrid pooling module. Traditional dimensionality reduc-
tion in features usually employ max pooling, which retains only the maximum value of the
point cloud neighborhood, resulting in significant loss of detailed information. Therefore,
this study improved the method by using a hybrid pooling module. The input features
underwent both max pooling and average pooling, and the resulting two C × 1 feature
maps were combined to generate the final point cloud shape features by MLP. (2) Attention-
based feature enhancement module. The study used the attention mechanism to calculate
the degree of correlation between each point in the input point cloud feature matrix and all
other points. The feature of each point was represented as a weighted sum of all features in
the point cloud, enabling the network to focus on relevant features and reduce dependence
on irrelevant ones.
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In the construction of loss function, it is necessary to consider the completion loss of
tree point cloud and the adversarial loss of network. Therefore, the overall loss function
can be defined as:

L = λ1Lcom + λ2Ladv (1)

In the equation, λ1 and λ2 are weight parameters, Lcom is used as the tree point cloud
compensation loss, and the chamfering distance (CD) is used to describe the similarity
between the reconstructed point cloud Ycom and the ground truth point cloud Ygt, (x and y
are any point in Ycom and Ygt, respectively).

Lcom = dCD(Ycom, Ygt) (2)

CD
(
Ycom, Ygt

)
=

1
|Ycom|∑ min∥x − y∥2 +

1∣∣Ygt
∣∣∑ min∥y − x∥2 (3)

The adversarial loss Ladv is composed of two parts: the discriminant loss of the
generated point cloud Yi and the discriminant loss of the input point cloud Xi.

Ladv = ∑
1≤i≤S

log(D(Yi)) + ∑
1≤i≤S

log(1 − D(G(Xi))) (4)

In the equation, D(.) and G(.)are represented as abstract discriminator network and
generator network, respectively. S indicates the size of the point cloud dataset.
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2.3.3. Feature Extraction

Since the data acquired by the UAV contains both visible band and 3D point cloud in-
formation, the extraction of features can be divided into visible band feature extraction and
3D point cloud information feature extraction. The feature extraction of RGB information
includes 9 features of mean, standard deviation, and skewness for the red, green, and blue
bands, and 8 features of vegetation index selected based on RGB bands calculation [57–63],
including NGRDI, NGBDI, VDVI, RGRI, BGRI, WI, RGBRI, and RGBVI.

Geometric information from LiDAR was mainly related to the structure of the
crown [64,65], and LiDAR-intensity features had proven to be meaningful when applied to
tree species classification [4]. Therefore, this study divided the LiDAR data into derived
data features and single tree structure parameter features based on other research [20,22,66].
The derived data features included the average, minimum, maximum, standard deviation,
and variance of strength. The structural parameters were extracted from the single tree
parameters for each tree species based on the results of single tree segmentation, including
tree height, crown width, crown height, crown projection area, and crown volume. The
parameters extracted based on LiDAR were conducted by LiDAR 360 software. A total of
30 features are presented in Table 2, which will be used as input data for machine learning.

Table 2. Summary of the data features.

Feature Name Description Feature Name Description

RGB data LiDAR point cloud
R_Mean Mean of the red-light band Int_Mean Mean of the intensity

R_StdDev Standard deviation of the
red-light band Int_StdDev Standard deviation of

intensity
R_Ske Skewness of red-light band Int_Var Intensity variance

G_Mean Mean of the green-light band Int_Ske Intensity skewness

G_StdDev Standard deviation of the
green-light band TH Maximum height of single tree

G_Ske Skewness of green-light band CH Maximum crown height of
single tree

B_Mean Mean of the blue-light band CH_Per Crown height to tree height
ratio

B_StdDev Standard deviation of the
blue-light band CW_EW Average crown width in

east-west direction

B_Ske Skewness of the blue-light
band CW_SN Average crown width in

north-south direction

NGRDI
Normalized green–red

difference index
[(G − R)/(G + R)]

CW_Mean Mean of the crown width

NGBDI
Normalized green–blue

difference index
[(G − B)/(G + B)]

CW_Dif Difference in crown width in
different directions

VDVI
Visible-band difference

vegetation index
[(2G − R − B)/(2G + R + B)]

CA Crown projection area of
single tree

RGRI Red–green ratio index [(R/G)] CV Crown volume of single tree
BGRI Blue–green ratio index [(B/G)]

WI Woebbecke index
[(G − B)/(R − G)]

RGBRI Red–green–blue ratio index
[(R + B)/2G]

RGBVI Red–green–blue vegetation
[(G2 − (R × B))/(G2 + (R × B))
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2.3.4. Classification Methods

Different machine learning algorithms exhibit different classification performance
and comparing machine learning algorithms can help to find a suitable tree classification
algorithm. In this study, five classifiers, including RF, SVM, BPNN, QDA, and KNN, were
used in Matlab 2019 to realize tree species classification and the best classifier was selected
for the subsequent studies.

(1) Random Forest

RF is a popular ensemble learning technique that combines the predictive power
of multiple decision trees [67,68]. The core of the RF lies in two types of randomness:
random sampling of training data when constructing decision trees, and random selection
of features when splitting nodes. In the task of species identification, RF determines the
final species label through a majority voting mechanism. Even if the sample size is very
small, RF can also generalize it well. In addition, RF also has the characteristics of noise
resistance, data tolerance, and not easy to overfit, so as to avoid over learning [69]. The
selection of the number of decision trees (n) and the number of leaf nodes (m) is very
important in the RF model. When n is too small, the model will show as under fitting. On
the contrary, if n is too large, the model will tend to be stable, however, the amount of
calculation will increase significantly. Since m =

√
N (N is the candidate feature variable),

which should be less than the number of feature variables actually used, multiple tests
were conducted by selecting different m values and constructing corresponding regression
models in order to obtain the optimal m value with the least error.

(2) Support Vector Machine

SVM is a non-parametric classifier. Its principle is to map the original vector into a
higher-dimensional space and create a maximum interval hyperplane in the space, sepa-
rating the middle hyperplane by the hyperplane on either side to maximize the distance
between the two planes [70,71]. When replacing the high-dimensional space with a two-
dimensional space, this hyperplane can be viewed as a line. SVM has high generalizability
and has a high degree of tolerance for data [72]. However, the tree species classification
problems are typically nonlinear and cannot be effectively separated by a simple hyper-
plane. Therefore, SVM introduces the kernel trick to address this issue, mapping the data
into a higher-dimensional space where it becomes linearly separable. In this study, the
radial basis function (RBF) with small error and high classification accuracy is selected
when building the SVM model. The two important parameters are the kernel parameter
g and the penalty coefficient C. The kernel parameter g has impacts on the speed of train-
ing and prediction, while the value of penalty coefficient C affects the fitting degree of
the model.

(3) Back Propagation Neural Network

BP neural network is a multi-layer feed-forward neural network that can achieve an
arbitrary non-linear mapping from input to output and is one of the most widely used
neural network models today [73]. It contains an input layer, an output layer, and an
implicit layer in between the input and output layers [74]. Furthermore, optimizing the
BP NN is crucial for improving the robustness of a model. Commonly used algorithms
include Gradient Descent (GD), Adam, and Genetic Algorithm (GA) [75–77]. The GD
algorithm iteratively updates the parameters, gradually reducing the loss value of the
function until reaching a local minimum; the Adam algorithm computes the expected
values of gradient momentum and squared gradients to dynamically adjust the learning
rate of the parameters, thereby accelerating the convergence process. However, the above
two optimization algorithms primarily focus on local optima. In species classification
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studies, it is more important to consider all samples and features in the dataset to find the
optimal classification model. Therefore, this study employs the GA for optimization. This
algorithm is a heuristic method that simulates natural selection and genetic mechanisms.
It iteratively searches for the optimal solution by initialization, selection, crossover, and
mutation steps. In contrast, the population-based search strategy is employed by GA,
enabling parallel search for multiple solutions. This effectively prevents them getting
trapped in local optima and is better suited for tree species classification tasks.

(4) Quadratic Discriminant Analysis

Discriminant analysis is a classical machine learning method, which belongs to the
probability distribution model. QDA is a generalized linear model primarily used to solve
classification problems [78]. In species classification, the basic idea of QDA is to apply
Bayes’ theorem to establish a quadratic discriminant function for each species. Then, the
new samples are assigned to the tree species with the highest discriminant function value.
Specifically, QDA assumes that the data for each species follow a Gaussian distribution,
and each species is allowed to have its own mean vector and covariance matrix. Therefore,
QDA can better capture the nonlinear relationships between species, thereby improving
classification performance for nonlinearly separable data [79]. The discriminant function is
as follows:

δn(x) = −1
2

ln|Σn| −
1
2
(x − µn)

TΣ-1
n (x − µn) + ln P(Y = n) (5)

In the equation, δn(x) represents the discriminant function of the tree category; x
represents the input eigenvector; µn represents the mean vector of the tree category; Σn

represents the covariance matrix of the tree category; and P(Y = n) represents the prior
probability of the tree category.

The QDA algorithm is highly flexible and can adapt to the nonlinear structure of
feature data. However, as the data dimensionality increases, the computational complexity
of QDA rises significantly, limiting its application in handling large-scale datasets.

(5) K-Nearest Neighbors

KNN is a simple, intuitive, and highly adaptable machine learning algorithm. The
principle of the algorithm is based on an assumption: if there are K nearest samples in the
feature space of a given sample, and most of these samples belong to a specific category,
then the given sample also belongs to that category [80,81]. An important parameter in
the KNN algorithm is the choice of K, which directly affects the classification outcome. A
small K value may lead to overfitting, while a large K value may lead to underfitting [82].
Therefore, cross-validation is commonly used to determine the optimal K value. In species
classification, the KNN algorithm can identify unknown species based on the similarity
between different samples. The process involves the following steps: (1) Determine the K
nearest samples for classification; (2) Calculate the distance d between the predicted tree
sample and each training sample; (3) Compute the maximum distance dmax among the K
nearest samples. If dmax < d, the corresponding training sample is recorded. (4) Repeat the
above steps until the distances between all predicted tree samples and training samples are
calculated and count the frequency of each species among the nearest samples. The species
with the highest frequency is assigned as the predicted category of the sample.

The main hyperparameter settings of the above machine learning algorithm are shown
in Table 3:
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Table 3. Hyperparameter settings for different machine learning algorithms.

Algorithms Main Hyperparameters Value

RF
max_depth 20

n_leaf_nodes (m) 4
n_decision_trees (n) 100

SVM
Penalty coefficient (C) 5.662

gamma (g) 0.177
degree 2

BPNN

Activation sigmod
Training algorithm trainlm

n_input_nodes 30
n_hidden_layers 1

n_hidden_layers_nodes 20
n_output_nodes 7

epochs 1000
learn rate 0.01
error_goal 1 × 10−5

pop_num 50
num_iterations 50

Crossover probability 0.5
Variation probability 0.01

QDA reg_param 0.5

KNN
n_neighbors (K) 9

Weights
Distance parameter (p)

distance
1

3. Results
3.1. Completion Results of Tree Crown Point Cloud

Point cloud data from the sample site were segmented using LiDAR360 software,
resulting in 1011 tree point clouds. According to statistics, 323 trees exhibited varying
degrees of point cloud incompleteness, accounting for 31.9%. Therefore, this study selected
688 complete individual tree point clouds, including 130 Pinus koraiensis, 123 Larix gmelinii,
104 Ulmus pumila, 98 Fraxinus mandshurica, 92 Juglans mandshurica, 112 Betula platyphylla,
and 29 other tree species. The uniform sampling method was used to extract 10,000 points
from the complete tree point clouds as ground truth (GT) data. Then, non-uniform partial
sampling of the ground truth data was performed to create point cloud samples with miss-
ing crowns. The experiment used both traditional geometric methods and deep learning
methods to complete the missing point clouds. The traditional completion algorithm was
developed in Matlab R2019b, while the completion algorithm based on the GAN network
was implemented using PyTorch 1.11.0. In the hyperparameter settings, λ1 and λ2 were
set to 20 and 0.1, respectively; the initial learning rates of the generator and discriminator
were both 0.0001; the batch size was 32, and each batch included 200 epochs; and the
Adam optimizer was employed for the training process. Moreover, all experiments were
conducted on a Dell Precision 7550 workstation equipped with an Intel Core i7 10750H CPU
@ 2.4GHz processor (Intel Inc., Santa Clara, CA, USA) and an NVIDIA Quadro RTX 3000
graphics card (6GB GDDR6). The similarity between the completed point clouds generated
and the real point clouds was evaluated using the CD and F-scores. The comparison results
are shown in Table 4, where the CD values are multiplied by 1000.
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Table 4. Completion results of tree point cloud with different method evaluated by CD×1000 (lower
is better) and F-Score@1% (higher is better).

Tree Species

Method TM DL

CD F1 CD F1

Pinus koraiensis 9.89 0.70 5.41 0.90
Larix gmelinii 9.77 0.71 5.23 0.92
Ulmus pumila 12.31 0.51 6.97 0.78

Fraxinus mandshurica 11.26 0.55 6.65 0.80
Juglans mandshurica 10.82 0.62 6.46 0.82

Betula platyphylla 10.16 0.67 5.88 0.87
Other species 11.04 0.57 6.39 0.84

As shown in the Figure 5, the GAN-based method of point cloud completion generated
more complete and compact point clouds, with fewer random noise points, and was
closer to the ground truth overall. The quantitative results further confirmed the strong
completion performance of this network (avgCD = 6.14; avgF1 = 0.85). While the geometric-
based completion method partially completed the overall structure of the trees to some
extent, the distribution of the completed point clouds lacked regularity, resulting in poor
completion of the tree details (avgCD = 10.75; avgF1 = 0.62). From the perspective of
tree species, the completion results for coniferous trees, such as Pinus koraiensis and Larix
gmelinii, were generally better than those for broadleaf trees, like Ulmus pumila and Juglans
mandshurica (avgCDconiferous = 5.32 < avgCDbroadleaf = 6.49, by the GAN-based method).
The main reason for this result is that coniferous tree crowns are primarily conical, making
them smaller and simpler than the crowns of broadleaf trees. In contrast, broadleaf tree
crowns are more complex and variable, which poses challenges to the performance and
accuracy of deep learning-based completion methods using adversarial networks.
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To assess the impact of the improved modules on network performance, the study
planned to design ablation experiments. Except for changes made to the hybrid pooling
module and the AFE module in the point cloud completion network, the other parts remain
unchanged. (1) Model 1: remove the AFE module and replace the hybrid pooling layer
with a max pooling layer. (2) Model 2: remove the AFE module and replace the hybrid
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pooling layer with an average pooling layer. (3) Model 3: retain the AFE module and
replace the hybrid pooling layer with a max pooling layer. (4) Model 4: retain the AFE
module and replace the hybrid pooling layer with an average pooling layer. The results
are shown in Table 5. The results showed that when the hybrid pooling module or AFE
module was replaced, the completion performance of the network decreased to varying
extents. The main reason was that max pooling and average pooling cannot fully extract
the features of interest. For tree point clouds with relatively complex structures, it was
essential to enhance feature extraction and representation capabilities. This enhancement
directly affected the learning efficiency and generalization ability of the network.

Table 5. Performance of ablation experiments evaluated by CD × 1000 (lower is better) and F-
Score@1% (higher is better).

Model avgCD avgF1

Model 1 6.71 0.80
Model 2 6.63 0.80
Model 3 6.37 0.83
Model 4 6.42 0.82

ours 6.14 0.85

3.2. Comparison of Classification Results by Different Models

A total of 30 features from 1011 trees, based on the vegetation index calculated by the
spectral band and the structural parameters extracted by the LiDAR360 software, were
imported into the machine learning classifiers (RF, SVM, BPNN, QDA, and KNN). A total of
70% of the feature data were utilized in training, while the remaining 30% were utilized in
testing. Five machine learning algorithms were used to classify both the tree dataset A with
incomplete point clouds and the tree dataset B with completed point clouds, respectively.
The classification results are shown in Tables 6 and 7. The classification accuracy of the tree
dataset after completion showed a significant improvement, indicating that completing
missing point clouds is a necessary step for accurate species classification.

Table 6. Classifier accuracy of different tree species in the sample plots (data A).

Methods Pk/% Lg/% Up/% Fm/% Jm/% Bp/% Others/% OA/% Kappa

RF 80.52 83.33 77.97 74.36 69.23 78.72 72.22 77.68 0.73
SVM 79.22 81.25 72.88 69.23 64.10 76.59 61.11 74.01 0.70

BPNN 77.92 75.00 67.79 61.54 58.97 72.34 50.00 63.34 0.68
QDA 68.43 70.26 58.97 57.72 59.15 65.80 45.27 57.65 0.62
KNN 78.87 77.54 68.35 56.73 55.06 73.71 41.32 60.72 0.65

Table 7. Classifier accuracy of different tree species in the sample plots (data B).

Methods Pk/% Lg/% Up/% Fm/% Jm/% Bp/% Others/% OA/% Kappa

RF 93.75 92.21 84.74 84.62 82.05 89.36 72.22 87.41 0.85
SVM 87.01 89.58 79.66 82.05 79.48 85.11 72.22 83.65 0.80

BPNN 84.42 83.33 72.88 74.36 76.92 80.85 55.56 78.18 0.74
QDA 74.07 75.35 64.47 62.91 64.52 70.64 53.74 62.06 0.66
KNN 82.44 85.14 75.22 62.88 61.30 81.13 50.93 72.89 0.69

Note: Pk refers to Pinus koraiensis, Lg refers to Larix gmelinii, Up refers to Ulmus pumila, Fm refers to Fraxinus
mandshurica, Jm refers to Juglans mandshurica, and Bp refers to Betula platyphylla. The above six tree species were
classified as coniferous (Pinus koraiensis, Larix gmelinii) and broad-leaved (Ulmus pumila, Fraxinus mandshurica,
Juglans mandshurica, Betula platyphylla) trees.
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In the classification of dataset B, it can be seen that compared with other classifiers, the
classification accuracy of RF was the highest with OA-87.41% and a Kappa coefficient-0.85
while the classification result of QDA was the worst among the five, with a classification
accuracy less than 70% and a Kappa coefficient of only 0.66. According to the classification
accuracy of different tree species, Pinus koraiensis, Larix gmelinii, and Betula platyphylla
showed relatively higher classification accuracy in the five methods, with an average of
84.34%, 85.12%, and 81.42%, respectively, and Fraxinus mandshurica and Juglansl mandshurica
did not perform well in classification, only 73.36% and 72.85%. The classification results by
RF are illustrated in Figure 6.
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3.3. Feature Importance Evaluation

In this study, the RF classifier showed the best tree species identification, so the
30 feature indices derived from the RGB and LiDAR data were input into the RF classifier.
After averaging the importance over several experiments, the features were ranked by im-
portance (Figure 7). Among the RGB features, the blue-light band had a larger contribution
ratio to the classification, and vegetation indices such as NGBDI, BGRI, NGRDI, RGBRI,
and RGRI had a relatively good performance. With regard to the LiDAR point cloud feature
data, the intensity mean value had the highest importance (0.68), and the crown difference,
crown mean value, crown area, and crown height ratio in the tree structure features all
played a key role in the classification results. In summary, visible features were slightly
more important than LiDAR point cloud features. Among the top 10 features in terms of
importance, the vegetation indices accounted for 50%, and the rest were LiDAR point cloud
features. The tree structure parameters account for 30% of the top 10 features.
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To further investigate the selection of feature indices by tree species, the analysis of
variance (ANOVA) and least square difference (LSD) were used to distinguish the features
with higher overall classification importance (top 10 characteristics of importance), as
shown in Tables 8 and 9. The distribution of the top 10 features in terms of importance by
tree species are also represented in a box chart as Figure 8 shows. Based on the statistical
results, it can be concluded that both the vegetation index and the tree structure parameters
were applicable to distinguish different tree species, indicating that the vegetation index and
the tree structure parameters had a high reliability in the classification. When classifying
the tree species, the vegetation index was more likely to distinguish Pinus koraiensis from
Larix gmelinii, while the LiDAR feature had a better performance in the identification of
trees with small tree crowns, especially for Betula platyphylla.

Table 8. Summary of ANOVA results by features.

Feature
Species (Mean ± StdDev)

F p
Pk Lg Up Fm Jm Bp

NGBDI 0.33 ± 0.04 0.18 ± 0.05 0.41 ± 0.05 0.26 ± 0.02 0.38 ± 0.04 0.32 ± 0.05 185.28 0.00

Int_Mean 31.28 ± 9.30 31.79 ± 3.39 39.13 ± 4.46 32.84 ± 2.96 37.06 ± 4.36 41.90 ±
19.76 9.51 0.00

CW_dif 0.70 ± 0.13 0.31 ± 0.05 1.24 ± 0.21 0.24 ± 0.03 1.01 ± 0.17 1.24 ± 0.29 34.09 0.00
BGRI 0.50 ± 0.04 0.69 ± 0.06 0.42 ± 0.04 0.59 ± 0.03 0.45 ± 0.05 0.51 ± 0.05 201.38 0.00

NGRDI 0.15 ± 0.02 0.13 ± 0.02 0.20 ± 0.02 0.14 ± 0.01 0.18 ± 0.02 0.16 ± 0.02 94.85 0.00
RGBRI 0.62 ± 0.03 0.73 ± 0.04 0.55 ± 0.03 0.67 ± 0.02 0.57 ± 0.03 0.62 ± 0.03 192.99 0.00

CW_Mean 4.98 ± 1.25 4.42 ± 1.22 9.20 ± 2.60 3.69 ± 1.17 9.04 ± 2.26 10.33 ± 2.76 124.42 0.00
RGRI 0.74 ± 0.03 0.76 ± 0.03 0.67 ± 0.02 0.75 ± 0.01 0.69 ± 0.02 0.72 ± 0.02 93.28 0.00

CH_Per 0.44 ± 0.05 0.54 ± 0.04 0.49 ± 0.04 0.53 ± 0.04 0.50 ± 0.03 0.48 ± 0.04 18.13 0.00

B_StdDev 4768.40
± 623.22

9068.40
± 1624.74

5088.24
± 411.37

7650.53
± 1135.02

5292.49
± 823.90

5083.06
± 864.43 165.95 0.00

Note: Pk, Lg, Up, Fm, Jm, and Bp represent Pinus koraiensis, Larix gmelinii, Ulmus pumila, Fraxinus mandshurica,
Juglans mandshurica., and Betula platyphylla, respectively. Among them, Pk and Lg were classified as coniferous
trees, and Up, Fm, Jm, and Bp were classified as broad-leaved trees.

Table 9. Summary of LSD results between the tree species.

Tree Species NGBDI Int_Mean CW_dif BGRI NGRDI RGBRI CW_Mean RGRI CH_Per B_StdDev

Pk

Lg 0.00 0.81 0.00 0.00 0.00 0.00 0.12 0.00 0.00 0.00
Up 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.26
Fm 0.00 0.50 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00
Jm 0.00 0.02 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.03
Bp 0.14 0.00 0.00 0.14 0.01 0.96 0.00 0.00 0.00 0.10

Lg
Up 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Fm 0.00 0.62 0.55 0.00 0.01 0.00 0.05 0.01 0.51 0.00
Jm 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Bp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Up
Fm 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00
Jm 0.02 0.52 0.14 0.05 0.04 0.01 0.77 0.01 0.68 0.49
Bp 0.01 0.32 0.99 0.04 0.00 0.01 0.02 0.00 0.43 0.98

Fm Jm 0.00 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.02 0.00
Bp 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Jm Bp 0.00 0.04 0.01 0.00 0.00 0.00 0.00 0.00 0.13 0.34

Note: The values represent the significance.
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4. Discussion
4.1. Analysis of Point Cloud Completion Algorithm

The creation of high-quality datasets is essential for species classification tasks. During
the collection of point clouds in forest plots, equipment limitations and tree occlusions
often result in missing data. Therefore, it is crucial to complete low-quality point clouds
before performing species classification tasks. This study proposed a feasible solution:
a GAN-based deep learning point cloud completion algorithm. When compared with
traditional completion methods, the GAN-based completion algorithm demonstrated
superior results (avgCD = 6.14; avgF1 = 0.85). The main reason was that the GAN model
can automatically adjust parameters through adversarial learning, ultimately generating
realistic tree point clouds. This study also improved the network by hybrid pooling
and AFE modules, further enhancing the completion performance. Similarly, Zhang
et al. [83] proposed ShapeInversion based on the GAN network for unsupervised point
cloud completion. It achieved good completion results across all categories in the ShapeNet
dataset, with an average CD of 14.9 (scaled by 104). Sarmad et al. [84] were the first to
use reinforcement learning agents to control GAN networks, effectively enabling real-
time point cloud completion. Experimental results on the ShapeNetCore dataset reported
the CD deviation of less than 9% between the reconstructed point clouds and the actual
point clouds. Jin et al. [85] proposed an adversarial point cloud completion network
based on graph convolution. Experimental results on the PCN dataset showed that the
network effectively balanced the extraction of local and global features, alleviating issues
of detail loss and uneven distribution in the generated point clouds. It is worth noting
that most studies of point cloud completion used public datasets, such as ShapeNet,
PCN, and KITTI. These datasets focused primarily on objects with regular shapes, flat
surfaces, and symmetric structures, such as furniture, vehicles, and buildings [26,30]. In
contrast, tree point clouds have more complex structures, which impose higher performance
requirements on completion networks. Additionally, the point cloud completion effect is
also related to the tree species. The crown structure of coniferous trees is simple and small,
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while broadleaf trees have complex and variable crown structures. This means that the
completion network is more likely to be affected by random variations when generating
broadleaf tree point clouds, which makes the point cloud reconstruction more challenging.

4.2. Comparison of Classification Methods

To identify suitable machine learning algorithms for species classification, this study
conducted experiments on RF, SVM, BPNN, QDA, and KNN. The results indicated that
RF achieved the highest classification accuracy (OA = 87.41%). In comparison, SVM and
BPNN showed varying degrees of accuracy decline when faced with large-scale multi-class
tasks, with accuracies of 83.65% and 78.18%, respectively. QDA was sensitive to outliers
in feature variables, so it was unsuitable for more complex species classification tasks
(OA = 62.06%). The limitation of KNN is that the prediction effect of KNN is poor for a
few categories when the number of samples is unbalanced, such as Fraxinus mandshurica
(acc = 62.88%) and Juglans mandshurica (acc = 61.30%) in this study. The advantage of RF
lies in aggregating the predictions of multiple decision trees, typically providing higher
predictive accuracy than the single decision tree. Additionally, RF randomly selects samples
and features during the training process, which helps reduce the impact of noise and
outliers on model performance, thereby enhancing the robustness of the model [86,87].
Similarly, other scholars found that the RF classifier showed the best performance among
different machine learning classifiers. For example, Li et al. [88] compared the classification
accuracy of three machine learning methods (RF, SVM, and Decision Tree) on tree species
based on Landsat imagery with the addition of topographic features. Their results showed
that RF achieved the highest classification accuracy of 83.6%. Li et al. [89] compared the
classification accuracy of KNN (K-Nearest Neighbor), SVM, and RF classifiers on shrub
species based on UAV-based RGB images and found that the best classification results
were obtained using a combination of the optimal variable set and the RF model with an
88.63% overall accuracy. Li et al. [17] combined spectral features, vegetation indices, LiDAR
variables, and tree crown characteristics to conduct species classification research, which
reported that the classification accuracy of RF was approximately 4.5% higher than that
of BPNN. On the other hand, research by Zhong [90] and Quan [91] also demonstrated
the interpretability of RF in species classification. RF can assess the importance of features
during the prediction process, which helps identify the key features that contribute to
species classification, thereby guiding subsequent feature selection and model optimization.
The above conclusions were consistent with those obtained in this study.

4.3. Impact of Features on Classification

Vegetation indices, as a measure of surface vegetation cover and plant growth, have
been widely used in tree species classification [92,93]. Among the top 10 features in terms
of importance, vegetation indices accounted for 50%. However, tree structure parameters
also contributed highly to the classification, which accounted for 30% of the top 10 features,
indicating that point cloud data features such as tree structure parameters can be used as
an important basis for tree species classification. Similarly, Deng et al. [20] showed that
the addition of airborne LiDAR-based features such as crown convex hull area, crown
convex hull volume, and shape index to the spectral features contributed to the tree species
classification results, compared to those using only spectral data. Wan et al. [12] demon-
strated that one of the most helpful pieces of information for tree species classification came
from LiDAR data, mainly due to the fact that the profile curves generated from LiDAR
data contained rich information on stand structure, which was effective in differentiating
tree species. Therefore, high-precision 3D structural features of trees extracted by LiDAR
played an important role in tree species classification tasks.
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In this study, features with higher importance (top 10 characteristics of importance)
were selected for ANOVA and LSD analysis in combination with tree species, based on
an overall ranking of the importance of the feature classification. The vegetation indices
NGBDI, BGRI, and RGBRI, and the standard deviation B_StdDev were more helpful
in distinguishing conifers from broad-leaved trees. All of these spectral features were
contained in the blue band, indicating that the blue band had an important role in tree
species classification. Canopy-related features (CW_Dif, CW_Mean, CH_Per) are associated
with tree morphology, which also performed well in tree species classification. Pinus
koraiensis and Larix gmelinii had the smallest crowns, followed by Betula platyphylla. Fraxinus
mandshurica and Juglans mandshurica were generally large in tree crown, while Ulmus
pumila had the largest crowns. Thus, the crown structure parameters were crucial for the
classification of tree species. In addition, intensity information was also an important factor
in classification. As a measure of pulse-echo size, intensity can reflect the spectral reflectance
of the scanned object to some extent. Therefore, intensity values have a greater potential
for classification. Among the species, Pinus koraiensis achieved the highest classification
accuracy of 93.75%. The classification accuracy of Ulmus pumila, Fraxinus mandshurica, and
Juglans mandshurica was relatively poor, with an average of 82.52%, due to the fact that the
three tree species were similar in spectral band values and tree structure.

4.4. Limitations and Future Research

It should be noted that there are also some limitations in this study. Six dominant
tree species with a relatively small sample size in the study area of natural secondary
forest were selected for tree species classification due to the constraints of the sample
plots. More species with relatively larger sample sizes under different forest types and site
conditions should also be analyzed in the future research to test the robustness of the results.
In terms of the algorithm, the GAN-based method of tree point cloud completion has
achieved promising results. However, the effectiveness and advanced nature of the method
used in the network structure design still require further validation. The classification
methods used in this study belong to common machine learning algorithms. In the future
research, the other machine learning models can also be applied in order to increase
the robustness of the results. In addition, deep learning is also well-suited for handling
classification problems, such as PointNet, PointNet++, and PointCNN. Deep learning
has powerful capabilities of feature extraction, making it highly effective in handling
high-dimensional data with complex points. However, deep learning typically adopts an
end-to-end learning approach, directly mapping input data to output tasks. This approach
makes the decision-making process within the model difficult to intuitively understand.
Moreover, the interactions between the large number of neurons in the network form
complex nonlinear transformations, enabling the model to capture high-level abstract
features in the data. But it also makes the model’s behavior difficult to predict and explain.
In the species classification task of this study, machine learning algorithms can explain
the relationship between classification results and feature parameters, and identify the
sensitive features for the classification of specific tree species. Therefore, the advantages
of machine learning and deep learning will be combined to conduct more systematic and
in-depth research on high-precision tree species classification in future work. Finally, there
is still much room for the development of near-ground UAV platforms in forest inventory,
so as to improve the accuracy and efficiency of tree species identification via multi-source
UAV remote sensing data.
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5. Conclusions
In this study, the single tree was segmented based on true-color point cloud, and the

missing tree point cloud was completed based on a deep learning network. Then, different
machine learning algorithms in combination with the feature indicators extracted from RGB
data and LiDAR point clouds were used to construct models for tree species classification.
With the optimal classifier, the feature indicators were ranked according to their importance.
The main findings are as follows:

(1) The GAN-based method of point cloud completion was proposed and introduce
hybrid pooling module and AFE module to improve the network structure. This
method finally achieved a good completion effect (avgCD = 6.14; avgF1 = 0.85).
By comparing the classification accuracy of incomplete and completed trees, we
demonstrated that the completion of missing point clouds was necessary. This method
makes it possible to extract features from more detected single trees and lays a
foundation for subsequent tree species classification.

(2) In the classification of completed trees, the RF classifier showed the best performance
with a limited number of training samples (OA = 87.41%) compared with the classifi-
cation model constructed by other machine learning algorithms. The classification
accuracy of coniferous trees including Pinus koraiensis and Larix gmelinii was higher,
with the classification accuracy of more than 90%. Among the broad-leaved trees, the
classification accuracy of Fraxinus mandshurica and Juglans mandshurica was poorer,
with an average classification accuracy of about 80%.

(3) The overall importance of RGB features was slightly greater than that of LiDAR point
cloud features. The vegetation indices including VDVI, RGBRI, RGRI, NGRDI, and
NGBDI and the intensity mean and skewness of LiDAR-derived data together with
the tree structure features including crown area, crown width mean, and crown height,
had a greater contribution to the tree species classification, which proved that the
LiDAR point cloud can be used as an important data support for tree species classifi-
cation. In addition, different feature indicators had different classification effects on
different tree species. Both the vegetation indices and the tree structure parameters
performed better for the identification of Pinus koraiensis, while the intensity features
were more discriminative for Betula platyphyll.
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