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Abstract: We propose the Point Cloud Tree Species Classification Network (PCTSCN) to overcome
challenges in classifying tree species from laser data with deep learning methods. The network is
mainly composed of two parts: a sampling component in the early stage and a feature extraction
component in the later stage. We used geometric sampling to extract regions with local features from
the tree contours since these tend to be species-specific. Then we used an improved Farthest Point
Sampling method to extract the features from a global perspective. We input the intensity of the tree
point cloud as a dimensional feature and spatial information into the neural network and mapped it
to higher dimensions for feature extraction. We used the data obtained by Terrestrial Laser Scanning
(TLS) and Unmanned Aerial Vehicle Laser Scanning (UAVLS) to conduct tree species classification
experiments of white birch and larch. The experimental results showed that in both the TLS and
UAVLS datasets, the input tree point cloud density and the highest feature dimensionality of the
mapping had an impact on the classification accuracy of the tree species. When the single tree sample
obtained by TLS consisted of 1024 points and the highest dimension of the network mapping was
512, the classification accuracy of the trained model reached 96%. For the individual tree samples
obtained by UAVLS, which consisted of 2048 points and had the highest dimension of the network
mapping of 1024, the classification accuracy of the trained model reached 92%. TLS data tree species
classification accuracy of PCTSCN was improved by 2–9% compared with other models using the
same point density, amount of data and highest feature dimension. The classification accuracy of tree
species obtained by UAVLS was up to 8% higher. We propose PCTSCN to provide a new strategy for
the intelligent classification of forest tree species.

Keywords: deep learning; point cloud; forestry; tree species classification

1. Introduction

Accurate classification of tree species is essential for forest resource management
and ecological conservation [1–3]. Remote sensing technologies are widely used in forest
surveys because they allow to rapidly gather large-scale observations in a timely and
periodical manner [4–6]. Light Detection and Ranging (LiDAR) is an active remote sensing
technology with the ability to quickly and accurately extract three-dimensional feature
information. In addition, LiDAR permits all-weather operations compared with optical
remote sensing satellites and is less affected by the external environment. LiDAR has also
powerful low-altitude detection advantages [7,8]. Therefore, LiDAR greatly enhances forest
resources investigations.

In recent years, with the continuous improvement of computer hardware performance,
massive data calculations and complex neural network model training have evolved from
theoretical designs to applications. The winners of the 2012 ImageNet competition gained
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an unmatched advantage using AlexNet, promoting the boom of deep learning models in
the field of image recognition [9]. Compared with two-dimensional image data, point cloud
data obtained by LiDAR add information in the vertical dimension. This greatly challenges
feature extraction and training of point cloud data deep learning models [10,11]. Currently,
many scholars are engaged in deep learning research of point clouds, and their research
methods can be divided into three categories: (1) Research on deep learning models based
on multi-views, which mainly convert a point cloud into two-dimensional images with
multiple perspectives through projection and identify them through deep learning models
that achieve ideal results [12–14]; (2) Deep learning model research based on voxel data,
which mainly converts point cloud into 3D voxel data and then, using a convolutional
neural network, extract the 3D features [15–17]; (3) Deep learning model research based on
the point cloud, which mainly uses point cloud data for end-to-end extraction of feature
attributes and model training [18–20].

The rapid development of 3D point cloud deep learning technology helped advance
the research into point cloud forest tree species classification. Seidel et al. [21] used deep
learning methods to predict tree species from point cloud data acquired by a 3D laser
scanner. The approach converts the three-dimensional point cloud data of each tree into
a two-dimensional image using a convolutional neural network to classify the image and
then completes the tree species classification. The experimental results showed that the
classification accuracy of ash, oak, and pine trees was improved by 6%, 13%, 14%, and 24%,
respectively. Hamid et al. [22] classified conifer/deciduous airborne point cloud data based
on deep learning methods. They converted LiDAR data into digital surface models and 2D
views and used deep convolutional neural networks for classification. Experimental results
showed that the cross-validation classification accuracy of conifers and deciduous trees
were 92.1 ± 4.7% and 87.2 ± 2.2%, respectively; the classification accuracy of understory
trees was 69.0± 9.8% for conifers and 92.1± 1.4% for deciduous trees. Mizoguchi et al. [23]
used a convolutional neural network to identify the tree species of a single tree in Terrestrial
Laser Scanning (TLS) data. This method converted the point cloud data into a depth map
and extracted features through the convolutional neural network to complete tree species
recognition. The experimental results showed that the overall accuracy of the classification
reached 89.3%. The point cloud data of the tree were converted into two-dimensional
image data, and deep learning image classification was used to complete the classification
of tree species. However, in the process of converting point cloud data into image data, the
feature information was lost, and the feature of the point data was destroyed.

Guan et al. [24] classified tree species based on deep learning applied to point cloud
data obtained by a mobile LiDAR. The method converted the point cloud into voxel data
to extract a single tree and used the waveform to build the tree structure. They used deep
learning technology to train the advanced feature extraction of the tree waveform. The
overall accuracy reached 86.1%, and the kappa coefficient was 0.8, which improved the
classification accuracy of tree species. Zou et al. [25] classified tree species based on deep
learning methods for TLS data of complex forests applying the voxelization of the extracted
single tree data and extracting the hierarchical features of the voxel data. Finally, they
used the deep learning model to complete the tree species classification. Experimental
results showed that the average classification accuracies on the two data sets were 93.1%
and 95.6%, which were better than for other algorithms. After converting the point cloud
data into voxel data, applying deep learning to classify the voxel data into tree species
produced excellent results. However, the process of converting point cloud data into voxel
data was complicated, and there was a local feature loss. Because the voxel data structure
was complex, feature extraction and model training were inefficient.

Liu et al. [26] used Unmanned Aerial Vehicle Laser Scanning (UAVLS) and TLS data
to classify tree species based on 3D deep learning. The method proposed the LayerNet
model network, which divides multiple overlapping layers to obtain the local 3D structure
characteristics of trees. At the same time, LayerNet aggregated the characteristics of each
layer to obtain the global characteristics and classified the tree species by convolution.
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The test results showed that LayerNet could accurately classify 3D data directly, with
a classification accuracy of up to 92.5%. Briechle et al. [27] used PointNet++ to directly
classify airborne point cloud data. Experiments showed that the accuracy was 90% for
coniferous trees and 81% for deciduous trees. Xi et al. [28] used deep learning and machine
learning algorithms to classify the tree species data of TLS. They researched 13 machine
learning and deep learning classification methods of nine tree species. The experimental
results showed that the classification accuracy of deep learning was 5% higher than that of
machine learning. The classification of PointNet++ was the best. This research conducted
end-to-end deep learning model training on point cloud data. The approach did not require
the conversion of point clouds into voxels or 2D images, avoiding the loss of features and
local information and improving computational efficiency. However, they did not make
use of the attribute information of the point cloud data, so the neural network could not
extract more features during model training.

To overcome the problems in the above research, we propose using the Point Cloud
Tree Species Classification Network (PCTSCN) to classify tree species with high precision
for natural resource forest monitoring. Our network includes three main steps. First, the
point cloud data of a single tree are down-sampled through geometric sampling to retain
more local features. Then, we use the improved Farthest Point Sampling method to further
extract the global feature points of every single tree. The sub-sample single tree point
cloud was taken as the training sample. Finally, the neural network is used to extract the
characteristics of the spatial and reflection intensity information of the training samples
for model training. The model obtained through PCTSCN training not only considers the
local features of tree point cloud data but also integrates the global features. The PCTSCN
increases attribute information and information dimensions of each point, avoiding the
limitations of the other research approaches.

2. Materials
2.1. Study Area

The growth structure and shape profiles of trees of the same species in natural and planted
forests are highly variable. To improve the robustness of the model, the same tree species of
white birch and larch were selected in both study areas (natural forest and artificial forest).
The study areas were the Saihanba forest area (117◦23′50.4204′′E, 42◦22′0.4044′′N) in Chengde
City and the Laohugou forest area (115◦28′0.3144′′E, 40◦59′13.4016′′N) in Zhangjiakou City,
Hebei Province, China (Figure 1). The Saihanba forest area is an artificially planted forest
area with a uniform tree growth structure and uniform spacing between trees. The main
tree species in the forest area include larch and white birch. In the Saihanba forest area,
we collected data for a total tree area of about 4200 square meters. We collected point
cloud data of about 600 trees in total. The Laohugou forest area is a natural growth forest
area with a complex environment. The growth structure of the trees and the distance
between them are not uniform. The different types of trees are randomly distributed. The
main tree species are white birch and larch. The sample plot area of the forest area we
collected is about 10,000 square meters. According to our rough statistics, we collected
about 1000 single trees, including about 700 white birch trees and 300 larch trees. The
location and environment of each experimental plot are shown in Figure 1.

2.2. Data Collection

To verify the reliability of the method proposed in this paper, we collected TLS and
UAVLS data of two forest plots. We carried out tree species identification research on the
point cloud data obtained by these two platforms.
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Figure 1. The location map of the study area.

2.2.1. TLS Data

The external environment and tree growth conditions of the two plots are different, so
we used two types of TLS for data collection. The trees in the Saihanba forest area had a
uniform growth structure and a flat terrain, which was convenient for using an instrument
stand, so we used the Riegl VZ-1000 with a faster scanning speed. For the entire Saihanba
forest area, we collected a total of four small sample plots. A total of 20 stations were erected,
and the average distance between each station was 20.5 m. The schematic diagram of the
station of each plot is shown in Figure 2. The Riegl VZ-1000 instrument scan parameters
settings are shown in Table 1. The Laohugou forest area is complex with a non-uniform
tree growth structure. Here we used the Faro F350 instrument with a higher scanning point
density (up to 976,000 points per second). In addition, the Faro F350 is easier to carry than
the Riegl VZ-1000, making it more suitable for collecting data in forest areas with complex
environments. In the Laohugou forest area, we erected a total of 38 stations. The average
distance between each station was 17.6 m. The schematic diagram of the erection station is
shown in Figure 2. The Faro F350 instrument parameters settings are shown in Table 1.
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Figure 2. Distribution of scan stations: (a) the Saihanba forest area; (b) the Laohugou forest area.

Table 1. Instrument parameters setting.

Parameters Riegl VZ-1000 Faro F350

Measurement speed 300,000 points/s 976,000 points/s
Horizontal angle 0–360◦ 0–360◦

Vertical angle 30–130◦ 30–130◦

Maximum measurement distance 450 m 350 m
Laser wavelength 1550 nm 1550 nm

Average scanning time per station 1′23′′ 3′50′′

Point density 48,596 points/m2 147,905 points/m2

2.2.2. UAVLS Data

In this paper, we collected UAVLS data with the Beijing SureStar R-Fans-16 LiDAR. We
designed the flying height of the drone to be 80 m so that it was not affected by the height
of the trees. The strip width was 200 m, which ensured completeness of data acquisition.
The flying speed was designed to be 3 m/s based on the efficiency of data acquisition and
data quality. The settings of other parameters are shown in Table 2.

Table 2. Unmanned Aerial Vehicle Laser Scanning (UAVLS) parameters settings.

Instrument Parameters Beijing SureStar R-Fans-16 LiDAR

Flight strip width 200 m
Flying height 80 m
Flying speed 3 m/s

Laser wavelength 1550 nm
Maximum pulse frequency 500 kHz

Angle measurement resolution 0.002◦

Maximum measuring distance 200 m
Point density 270 points/m2

2.3. Data Preprocessing

We eliminated the noise points from the acquired original TLS and UAVLS point cloud
data. Then, we filtered the ground points and normalized the point cloud data. Finally, the
processed data were divided into individual trees to prepare the training and test data set
samples. The point cloud data processing workflow is shown in Figure 3.
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Figure 3. Point cloud data processing flow chart.

2.3.1. Noise Removal

Outliers generated during data acquisition were distributed in various regions of
the point cloud data. Some of these outliers were caused by the instrument itself and
the external environment. They are collectively called noise points. These noise points
can cause errors in the data and need to be removed. The amount of point cloud data
obtained by TLS was large, and the noise points were evenly distributed. Statistical filtering
algorithms with higher point cloud filtering speed were used to remove noise [29]. The
amount of point cloud data obtained by UAVLS was relatively small, so the gradient filter
algorithm was used to remove noise points [30]. The original point cloud data are shown
in Figure 4a, and the data after noise removal are shown in Figure 4b.

Figure 4. (a) Point cloud original data; (b) Data after removing noise points; (c) Ground point
separation; (d) After normalization of point cloud data.

2.3.2. Ground Point Separation

For both TLS and UAVLS, weeds and ground points are also scanned when obtaining
point cloud data. These point cloud data are collectively referred to as ground points.
Because ground points cause data redundancy, they need to be separated. The separated
ground points can be used to prepare the point cloud data for normalization and single
tree segmentation. Because there were weeds and bushes in the surveyed woodland, the
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boundary between ground points and non-ground points was very blurred, and it was
very difficult to set the parameters of the ground filtering algorithm. Therefore, for this
study, we chose the ground point filter (Cloth Simulation Filter, CSF) algorithm with a simple
parameter setting [31]. The idea of this algorithm is to use a cloth that falls under gravity to
obtain a physical representation of the terrain. Compared with other methods, CFS has fewer
parameters and a fast separation speed. The ground point separation is shown in Figure 4c.

2.3.3. Point Cloud Normalization

The normalization of point cloud data can eliminate the influence of topographical
fluctuations on single tree segmentation. The normalized data can also lay the foundation
for forest parameter extraction. We used the triangulated irregular network (TIN) to
construct a digital elevation model (DEM) of the separated ground points [32]. The DEM
elevation was subtracted from each point in the point cloud data at the corresponding
horizontal position. We used this method to complete the normalization of the point cloud
data. The normalization of point cloud data is shown in Figure 4d.

2.3.4. Single Tree Segmentation

Single tree segmentation of point cloud data is the most important and difficult step
in this research. Single tree segmentation is also the basis of all point cloud data research.
Single tree segmentation directly determines whether the outline information of a tree
is complete. Current research on single tree segmentation is mainly divided into two
categories. The first category includes the single tree segmentation based on the canopy
height model (CHM) [33–35]. The main idea is to generate a DEM based on ground points
and then generate a digital surface model (DSM) based on the overall point cloud data.
The CHM can be generated by subtracting the DEM from the DSM. The last step is to use
image segmentation technology and region growing technology to segment single trees
from point cloud data. The second category is based on the single tree segmentation of a 3D
point cloud. The main idea is to perform single tree segmentation on 3D point cloud data
through point clustering [36–38]. To ensure that the number of single tree samples to be
divided is enough and that the segmentation effect of a single tree point cloud is complete,
we used both methods that come with the LiDAR360 software to automatically perform
single tree segmentation. We compared the effect of these two methods on the segmentation
of each tree from the point cloud data and selected the complete tree of segmentation as
the sample. The point cloud data after the single tree segmentation are shown in Figure 5.
For some trees that are difficult to segment, such where the branches on the canopy of
two adjacent trees intersect each other, which is difficult to distinguish even by human
eyes (see Figure 6). The point cloud data of some trees were either over-segmented or
under-segmented after segmentation. For the point cloud data of these trees, we used
human–computer interactive operations to manually edit and segment them.

Figure 5. Schematic diagram of single tree segmentation.
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Figure 6. Trees crossing each other.

3. Method

The PCTSCN proposed in this paper can directly classify tree species from point cloud
data. We sampled the single tree point cloud twice in different ways to retain more local
and global features. We added an attribute dimension to the neural network to extract
reflection intensity information. In this way, the neural network could extract more features
to improve the classification accuracy of the tree species. To verify the feasibility of the
method, we classified the tree point cloud data obtained by TLS and UAVLS separately.
First, PCTSCN performed geometric sampling processing on the point cloud data of
single trees. Compared with uniform sampling, geometric sampling preserves more local
information features. Second, PCTSCN performed the improved farthest point sampling
for the point cloud data of the tree processed in the previous step. In contrast to the farthest
point sampling method, the improved farthest point sampling method sampled from
the whole tree. The method completed the sub-sampling according to the set sampling
conditions and retained the required number of feature points of the single tree. Third, we
used the neural network in PCTSCN to complete the extraction of high-dimensionality
features. PCTSCN added a reflection intensity information dimension when the initial
feature matrix was input so that it contained more feature information. Fourth, PCTSCN
conducted model training on TLS and UAVLS data with different sampling point densities
and the highest feature dimension. Fifth, we used the softmax function to output the
classification results in PCTSCN to complete the classification of the tree species. The
workflow of PCTSCN is shown in Figure 7.

Figure 7. Point Cloud Tree Species Classification Network (PCTSCN) tree species classification flowchart.
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3.1. Geometric Sampling

Because white birch and larch trees have different shapes and structures, we should
retain more features after sampling the point cloud data. Compared to Liu et al. [26] and
PointNet’s uniform sampling method, PCTSCN used a geometric sampling method to
down-sample the point cloud data of larch and white birch. The local features of a single
tree point cloud were more obvious where the location curvature had a large change. In
the geometric sampling method, more points are extracted from the individual tree point
cloud in places with large curvature changes. The specific steps of geometric sampling in
PCTSCN are as follows:

(1) Calculation of the K-nearest neighborhood of each point in the point cloud data of
each single tree sample. Because the point data volume of each point cloud sample
after the single tree segmentation was inconsistent, the threshold of the neighborhood
range could be set according to the data volume of each single tree point cloud.

(2) Extraction of the curvature of the area. Assuming that the surface z = r(x, y) approxi-
mated the point cloud data in the neighborhood of the point, the curvature of this
point can be expressed by the curvature of the surface of the area.

(3) Using discrete points to fit the surface, we used the standard least squares surface
fitting method:

z(x, y) = ax2 + bxy + cy2 (1)

Q2 = ∑k
i=1

(
ax2

i + bxiyi + cy2
i − zi

)2
(2)

xi, yi, zi are the points in the neighborhood, and Q2 denotes the residual squared. The
approximate equation parameters of the curved surface were obtained by solving,
and the average curvature was obtained by a curve of the curved surface.

(4) Identification of the range of the curvature threshold. The points with a curvature
greater than the threshold were saved; otherwise, they were discarded. In this way,
the geometric characteristics of the tree point cloud were preserved.

Whether it was the data obtained by TLS or UAVLS, after processing by the geometric
sampling method, the contour structure was retained (Figure 8). The local characteristics
of each tree were also preserved.

Figure 8. Tree point cloud data processed by geometric sampling.
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3.2. Improved Farthest Point Sampling

The Farthest Point Sampling is the method of down-sampling point cloud data found
commonly in the literature [18]. The main idea of the algorithm is to sample M points
(M < N) from N points. We constructed two datasets: A and B. A represented the set
formed by the selected points, and B represented the set formed by the unselected points.
At each iteration, we selected a point from set B with the largest distance to a point in set A.
The specific process is as follows:

(1) Randomly select a point in set B and put it into set A.
(2) Calculate the distance from a point in set A to each point in set B, select the corre-

sponding point with the largest distance and save it in set A.
(3) Randomly select a point from set B, and calculate the distance between this point and

two points in set A. Finding the closest point is the closest distance from a random
point in set B to set A.

(4) Calculate the distance from each point in set B to set A, and find the point with the
largest corresponding distance, which is the third point.

(5) Repeat steps 3 and 4 until the number of points required by set A is selected.

The Farthest Point Sampling method provides uniform sampling in the extraction of
local feature points. However, it suffers from the problem of an uncertain initial point and
an uncertain sampling result.

The down-sampling of tree point cloud data needed to save its overall outline was
able to highlight the structural and morphological characteristics of each tree, which was
convenient for the neural network to extract and integrate its high-dimensional features.
To better preserve the global features of the sampled data, we improved the Farthest Point
Sampling method as follows:

(1) The single tree data processed by the geometric sampling method in the previous
step constituted set C, and the total number of points was to N. The point H closest to
the center was extracted and stored in set D, and then the number of points in set C
became N-1.

(2) C was expressed as (xk, yk, zk), where the k value range was from 1 to N-1. The points
corresponding to the maximum and minimum values in the x, y, and z directions
were extracted. These points were stored in set D. The number of points in set D
became 7 and C became N-7.

(3) These distances were calculated from each point in the set C to each point in the set D.
The distance of the same point in the corresponding set C would be subtracted in pairs
to find the absolute value. The absolute value was accumulated and summed to obtain
the point in set C with the smallest sum, and finally, the point was stored in set D.

(4) Step 3 was repeated, and one every m point was collected until the number of points
in set D reached the requirement of the number of sampling points:

m = f loor
(

N
P

)
(3)

where P represents the number of points of input network.
Figure 9 shows the processing of the data of TLS through the improved Farthest Point

Sampling method, where 512, 1024, 2048, 4096, and 8192 points were reserved, respectively.
Although the overall contour information of the tree gradually became blurred as the
number of points decreased, when the number of points was 512, obvious contours and
local features could still be retained. Because the density of the data obtained by UAVLS
was relatively sparse, we used the improved farthest point sampling method to sample
UAVLS data and retain 512, 1024, and 2048 points, respectively. The sampling effect is
shown in Figure 10.
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Figure 9. The sampling effect of the improved farthest point sampling method on Terrestrial Laser
Scanning (TLS) data.

Figure 10. The sampling effect of the improved farthest point sampling method on Unmanned Aerial
Vehicle Laser Scanning (UAVLS) data.

3.3. Network Model Construction

For deep learning model training based on the end-to-end tree species classification
of point cloud data, most studies only considered the structural information of a point
cloud. However, the attribute information between the point cloud data could be used
to distinguish the tree species. The intensity information differed depending on the tree
species. Therefore, we proposed the PCTSCN that combined the intensity information of
the point cloud as a new feature with its own structure information. The dimension of each
input point was changed from three-dimensional to four-dimensional.

The point cloud data of each tree were an unordered collection of vectors, and the
order of the points did not affect the tree shape. The disorder of the point cloud data would
make it impossible to directly train the point cloud. We expanded the amount of data
through various arrangements of point cloud collections. To reduce the loss of geometric
point information, a multi-layer perceptron (MLP) was used to extract high-dimensional
point features. A symmetric function was used to aggregate the information of each point.
The principle of the symmetric function is:

f (x1, x2, . . . , xn) = γ◦g(h(x1), h(x2), . . . , h(xn)) (4)

where h stands for high-dimensional mapping, g stands for symmetric function, and
γ stands for MLP integration information. The tree point cloud presents a geometric
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transformation invariance. After a tree point cloud object is rotated by an angle, it still
represents the object, but its coordinates change. The T-Net network was introduced to
realize the prediction of the affine change matrix, and this change was directly applied
to the input point coordinates. The T-Net network structure consisted of point feature
extraction, maximum pooling, and fully connected layers. This small neural network
generated transformation parameters based on the input data, and the input data were
multiplied by the transformation matrix to achieve rotation invariance.

The specific implementation of PCTSCN is shown in Figure 11. After geometric
sampling and improved farthest point sampling, the data obtained by TLS retained 512,
1024, 2048, 4096, and 8192 points, respectively. The data obtained by UAVLS retained 512,
1024, and 2048 points, respectively. The reason for the inconsistency in the number of
sampling points for the two data storage has been explained in Section 3.2. Each individual
tree point cloud retained the intensity information. The dimension of each point was
four-dimensional (x, y, z, i), where i represented the reflection intensity. The point cloud of
each tree constituted an N × 4 feature matrix. The individual tree point cloud N obtained
by TLS was expressed as 512, 1024, 2048, 4096, and 8192. The N for UAVLS data was
expressed as 512, 1024, and 2048. Multiplying the feature matrix formed by each tree point
cloud with the 4× 4 matrix generated by the T-Net network produced an N × 4 alignment
matrix. After processing by MLP, each feature point was mapped to a 64-dimensional space.
At this time, the PCTSCN used T-Net to generate a 64× 64 matrix again. The next step
was to multiply 64× 64 matrix with the mapping matrix to obtain an N × 64 alignment
matrix. The feature points were mapped to N dimensions through MLP again to obtain
an N × N feature matrix. The global feature was obtained through the maximum pooling
operation, and an N × 1 global feature matrix was generated. Finally, after another MLP,
the softmax function was used to obtain the classification categories of larch and white
birch to complete the tree species classification.

Figure 11. Schematic diagram of network model.
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4. Results
4.1. Experimental Data Set Production and Environment Construction

The source of the experimental data in this article was described in Section 2. Every
tree we collected was measured on the spot. For the data obtained by both TLS and UAVLS,
450 white birch trees and 450 larch trees were selected to form a training dataset sample,
a validation dataset sample, and a test dataset. The specific attributes and division ratios
of various data samples are shown in Tables 3 and 4.

Table 3. Single tree sample attributes.

Tree Species Data Set Category Number of Samples

Larch Training data set 320
Validation data set 80

Test data set 50
White birch Training data set 320

Validation data set 80
Test data set 50

Table 4. Single tree point cloud data attributes.

LiDAR Category Single Tree Sample (Points)

TLS 512
1024
2048
4096
8192

UAVLS 512
1024
2048

4.2. Experimental Result

Our experiment mainly analyzed the impact of sampling point density and the highest
feature dimension of the mapping on the performance of PCTSCN. This paper used accuracy,
precision, recall, and Kappa coefficient to evaluate the performance of each model.

accuracy =
TP + TN

TP + FN + FP + TN
× 100% (5)

precision =
TP

TP + FP
× 100% (6)

recall =
TP

TP + FN
× 100% (7)

kappa =
accuracy− pe

1− pe
(8)

where TP is the prediction of positive samples as positive, FP is the prediction of negative
samples as positive, FN is the prediction of positive samples as negative, TN is the predic-
tion of negative samples as negative, and pe is the sum of the product of the actual sample
size and the predicted sample size divided by the square of the total number of samples.

4.2.1. The Impact of Sampling Point Density on PCTSCN Accuracy

The point density of the sample point cloud played an important role in the training
of the model. We used the PCTSCN to sample the data obtained by TLS five times, and
the data obtained by UAVLS were sampled three times. We conducted model training
based on different point densities. The highest dimension of each model mapping was
1024 dimensions.
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As can be seen from Table 5, the number of sample points reserved for the individual
tree point cloud obtained by the TLS was 512 points and 1024 points, and the models
had the same classification results for the tree species of the respective test samples. The
accuracy and kappa coefficient of the two trained models were 94% and 0.887, respectively.
The precision of larch was 3.5% higher than that of white birch. The model accuracy and
kappa coefficient decreased when the number of point densities increased. The accuracy
of TLS data dropped by 5% when 2048 points were retained. The accuracy of the model
and the kappa coefficient increased when the number of sampling points (greater than
2048 points) continued to increase. However, the increasing trend of model accuracy was
not prominent compared with before. It was even lower than the model accuracy when the
number of sampling points was 512 points and 1024 points.

Table 5. Accuracy evaluation coefficient and calculation time of each model.

Model Larch Precision
(%)

Larch Recall
(%)

White Birch
Precision (%)

White Birch
Recall (%) Accuracy (%) Kappa Time (h)

TLS-512 95.8 92 92.3 96 94 0.887 0.25
TLS-1024 95.8 92 92.3 96 94 0.887 0.6
TLS-2048 91.5 86 86.8 92 89 0.801 1.3
TLS-4096 86.3 88 87.8 86 91 0.841 2.8
TLS-8192 91.7 88 88.5 92 90 0.818 5

UAVLS-512 84.9 90 89.4 84 87 0.77 0.2
UAVLS-1024 95.6 86 87.3 96 91 0.835 0.5
UAVLS-2048 90.4 94 93.8 90 92 0.852 1.2

For the single tree point cloud data obtained by UAVLS, when the sample point
density was 512 points, the trained model accuracy and kappa coefficient were 87% and
0.77, respectively. As the density of sample points increases, the precision, recall, kappa
coefficient, and accuracy of the model’s classification of larch and white birch increase.
Various accuracy evaluation indicators reached the maximum when the density of sample
points was 2048 points. The classification accuracy of tree species was 92%, and the kappa
coefficient was 0.852. The accuracy increased by an average of 3% compared to other
models. Compared to the model accuracy with the TLS data training, the average model
accuracy with the UAVLS data was 2.3% lower.

The computation time of each model is shown in Table 5. As the density of the sample
points increased, the number of basic parameters in each single tree point cloud sample
was larger. The time required for sampling processing and neural network extraction of
single tree point cloud features also increased.

4.2.2. Impact of Mapping the Highest Feature Dimension on PCTSCN Accuracy

Mapping to different highest feature dimensions affected the classification accuracy of
the model. With the neural network, we mapped the single tree point cloud data obtained
by TLS and UAVLS to the 512, 1024, and 2048 dimensions when the number of sampling
points remained the same at 1024.

The classification accuracy of the model trained by the tree point cloud data obtained
by TLS decreases with the increase in the highest dimension of mapping in the network
(Table 6). With the increase in the highest dimension of mapping in the network, the
classification accuracy of the model trained by the tree point cloud data obtained by
UAVLS first increased and then decreased. The data obtained by TLS were mapped in the
neural network with the highest dimension of 512 dimensions, the classification accuracy
of tree species was 96%, and the kappa coefficient was 0.923. These accuracy evaluation
indicators were better than other models. Compared to TLS data, the accuracy of UAVLS
data mapped to 512 dimensions was lower than 7%. The kappa coefficient of UAVLS data
was 0.121 lower than that of TLS. When the highest dimension of the map in the network
was 1024 dimensions, compared with 512 dimensions, the classification accuracy of TLS
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data was reduced by 2%, and the classification accuracy of UAVLS data was increased by
2%. When the data were mapped to 2048 dimensions, the classification accuracy of the
model for tree species was 91%, and the kappa coefficient was 0.835. The classification
accuracy of the model for UAVLS data tree species was 90%, and the kappa coefficient was
0.818. Compared with the highest dimension of 1024 dimensions, both the TLS and UAVLS
data had low tree species classification accuracy evaluation indicators. To summarize the
above-mentioned experimental analysis of TLS data, the classification accuracy of tree
species decreases with the increase in the highest dimension of the mapping. The tree
species classification accuracy of UAVLS data first increases and then decreases with the
increase in the highest dimension of the mapping.

Table 6. Accuracy evaluation coefficient and calculation time of each model.

Model Larch
Precision (%)

Larch Recall
(%)

White Birch
Precision (%)

White Birch
Recall (%) Accuracy Kappa Time (h)

TLS-512D 97.9 94 94.2 98 96 0.923 0.2
TLS-1024D 95.8 92 92.3 96 94 0.888 0.6
TLS-2048D 93.6 88 88.7 94 91 0.835 2.8

UAVLS-512D 88.2 90 89.8 88 89 0.802 0.2
UAVLS-1024D 95.6 86 87.3 96 91 0.835 0.6
UAVLS-2048D 95.5 84 85.7 96 90 0.818 2.5

Since the highest feature dimension mapped by each model was different, the calcula-
tion time of each model was also different. With the continuous improvement of the feature
dimension, the number of parameters of the model also continued to increase, which led
to the continuous increase in the calculation time of the model (Table 6). When the data
obtained by TLS were mapped to a maximum dimension of 2048 dimensions in model
training, the model calculation time was 2.8 h. The model training time with tree point
cloud data obtained by UAVLS was 2.5 h.

4.2.3. Comparison with Other Deep Learning Models

To verify the reliability of our proposed PCSCN for tree species classification, we
compared the accuracy of tree species classification with other deep learning models
such as PointNet, PointNet++, VoxNet, and ResNet101. The samples directly trained by
the two models of PointNet and PointNet++ were 3D point cloud data. Therefore, we
processed the data of the training set to train these two models. Single tree point clouds
were converted to voxels (size: 70× 70× 70) and images (size: 224× 224) for VoxNet and
ResNet101 training, respectively. Each model required the same amount of data for training
samples (320), verification samples (80), and test samples (50). All models were trained for
100 epochs. The learning rate and batch size of all models were set to 0.001 and 64.

The classification results of each model for white birch and larch are shown in Table 7.
The PCTSCN proposed in this paper for the point cloud obtained by TLS had a recognition
precision of 95.8% for larch and 92.3% for white birch. The classification accuracy of the
two trees was 94%, and the kappa coefficient was 0.887. The kappa coefficient and classifi-
cation accuracy were higher than for other deep learning models. Compared with PointNet,
our model tree species classification accuracy was higher than 5%. This also further showed
that the geometric sampling method and the improved farthest sampling method were
better than the uniform sampling method at preserving the tree point cloud feature points.
After the reflection intensity information was added, the features extracted by the model
were more abundant. Compared with PointNet++, the tree species classification accuracy
of our proposed method was increased by 2%, and the kappa coefficient was increased
by 0.035. This showed that PCTSCN was more suitable for tree species classification.
PointNet++ had a higher recognition precision for larch, which was related to the sampling
method in the early stage of its neural network. Because the outline of larch is more typical,
the advantage of PointNet++ lay in its early sampling method, which could retain more
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characteristic information for network extraction. ResNet101 has a powerful and complex
neural network with many layers. Therefore, ResNet101 performs well in all models, and
the recognition precision of larch can be as high as 95.7%. The classification accuracy of
tree species also reaches 92%, with a kappa coefficient of 0.852. Although the classifica-
tion accuracy of ResNet101 tree species was high, the single tree samples used for model
training need to be converted data type. For misclassified samples, several types of deep
learning models had the same samples. These samples all had a similar appearance and
structure to other tree species. ResNet101 classified tree species from the image projected
by the point cloud and did not use the attribute characteristics of the individual tree point
cloud. Only relying on the contour features to classify tree species, so classification errors
would occur. In addition, the point cloud data conversion process had the problem of data
information loss, which was also an important factor that affected the classification of tree
species. After these conversions, the computation time of the computer was increased, and
the characteristics of the data conversion process were lost. The classification accuracy
of VoxNet tree species was low compared with other deep learning models. There were
two main reasons. First, VoxNet was more concise compared with other neural network
models. VoxNet was inferior to other models in feature extraction capabilities, resulting in
less rich feature information. Additionally, the training samples of VoxNet were 3D voxel
data. The point cloud feature information was severely lost during the conversion process
and resulted in making the network unable to extract more features. The same tree species
have different growth periods (sapling trees and mature trees), and differences in structural
characteristics will also identify the same tree as different tree species [21].

Table 7. Classification performance of various deep learning model tree species.

Lidar Model Larch
Precision (%)

White Birch
Precision (%)

Accuracy
(%) Kappa Time (h)

TLS PCTSCN 95.8 92.3 94 0.887 0.6
PointNet 93.3 85.5 89 0.802 0.5

PointNet++ 97.7 87.5 92 0.852 1
VoxNet 90.7 80.7 85 0.739 1.3

ResNet101 95.7 88.9 92 0.852 0.8
UAVLS PCTSCN 88.2 89.8 89 0.802 0.6

PointNet 82.4 83.7 83 0.709 0.5
PointNet++ 85.5 93.3 89 0.802 1

VoxNet 79.2 83 81 0.681 1.2
ResNet101 83.9 93.2 88 0.786 0.7

The average classification accuracy of the model trained on the data obtained by
UAVLS was 4.4% lower than that of the model trained with TLS data. The UAVLS obtained
point cloud data from top to bottom, and the data obtained by the UAVLS were mainly
the upper part of the tree. There were occlusions between the trees, so the outline scan of
each tree was far less detailed than the TLS. We propose the PCTSCN to fully extract the
structural features and attribute features of a tree point cloud for tree species classification.
Compared with other deep learning models, PCTSCN is more suitable for forest tree
species classification.

5. Discussion

The point density had a greater accuracy impact on the tree species classification model.
For the data obtained by TLS, when the point density was 512 points and 1024 points,
the classification accuracy of the model tree species was higher than for other models
trained with higher point density. Because the point density was too large, the extracted
information was redundant, resulting in low model classification accuracy. The point
density was too large to increase the number of parameters, resulting in slow model
training convergence, which, in turn, affected the test accuracy of the model. The sample
point density of the training model was 512 points and 1024 points, and the classification
accuracy of the model tree species that were trained was the same. The misclassified
samples of the two models were also the same. The misclassified samples of other models
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included their misclassified samples. In addition to the problems of the model, classification
errors occurred when tree species of different species had similar structural characteristics
(e.g., Figure 12a, showing larches recognized as white birches, and Figure 12b, with white
birches mistaken for larches). For the data obtained by UAVLS, the classification accuracy
of the model tree species continued to improve with the increase in the point density. As
shown in Figure 13, the point cloud data at the bottom of the tree could not be obtained by
UAVLS due to the occlusion between trees, so the overall contour information of the single
tree was missing. Similar appearance features and structures between different tree species
could also cause classification errors. Due to the large difference in point density, the time
required for each model training varies greatly. As the density of points increases with the
model, training time continues to increase, which was due to the obvious increase in the
amount of parameter calculation in the neural network.

Figure 12. Misclassification of tree species: (a) Larch was mistaken for white birch; (b) White birch
was mistaken for larch.

Figure 13. The UAVLS data of the individual tree are missing.

We mapped the various highest feature dimensions in the network of the individual
tree point cloud training sample data acquired by two LiDAR instruments. For the TLS
data, the highest accuracy was obtained when the highest feature of the mapping was
512-dimensional. The classification accuracy of the model decreased with increasing
dimensionality. The reason for our analysis was that the information feature structure
of single tree data obtained by TLS was complete. Higher dimensionality caused more
redundant information, which resulted in the overfitting of the training model. In addition,
the number of model parameters increased with increasing the highest dimensionality.
When the training epochs were the same, it was difficult for the high-dimensional model to
converge. For the data obtained by UAVLS, the accuracy of the tree species classification
model fluctuated with mapping the highest feature dimension in the neural network
increases. The reason was that the structural information of single tree data obtained
by UAVLS was insufficient. When the highest dimension was low, the characteristics of
different tree species could not be fully extracted. When mapping, the highest dimension
was 2048 dimensions, the model classification accuracy decreased. This was because the
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dimensionality was high, and the extracted feature information was redundant. Another
reason was that the increase in the number of parameters was difficult for the model
to converge. Therefore, appropriately increasing the feature extraction dimension can
improve the model classification accuracy.

In the experimental analysis, we found that seasonal changes had a great impact on
the overall outline of broad-leaved forest trees. After the deciduous period of the white
birch tree, the branches and leaves of the tree fell off. The appearance and structure of
trees in this period were significantly different from those in the growth period [39,40].
Larch is a conifer, and its branches and leaves are hardly affected by seasonality [41,42]. At
present, some scholars used the method of branch and leaf separation to extract branches
and stems following two types of approaches. The first type is to extract branches and
trunks based on different reflection intensity information and point density of branches
and leaves [43,44]. The information extracted by this method was incomplete. The second
category is to label the branch and leaf points and use deep learning or machine learning
to extract the branches. This type of method requires a lot of work to label samples in
the early stage [28,45,46]. We recommend extracting some single trees separated from
branches and leaves from broad-leaved forests and merging them with the complete single
trees as training samples. The completeness of the single tree division directly determines
the outline of the tree. In forest areas with complex terrain and environment, the UAVLS
data were restricted, resulting in sparse point density. It was difficult to ensure that the
individual tree after the split was absolutely complete. The sparsity of data affects the
classification accuracy of the tree species [26]. In addition, the parameter settings in the
model affect the accuracy of the model, such as the learning rate and batch size [47]. The
loss function does not drop or oscillate widely when the learning rate is large. The loss
gradient drops slowly when the learning rate is small, which makes the model unable to
converge [48,49]. The batch size should be set according to the total amount of data. When
the batch size is small, the model has difficulty converging. If the total amount of data is
small, all samples could be used as a batch size [50,51].

6. Conclusions

This paper proposed PCTSCN based on deep learning, which solved the problem
that 3D tree point cloud data were difficult to directly train as a sample to obtain a deep
learning model. This method could directly train point cloud data samples to derive
the model. PCTSCN did not need to convert the point cloud data into other types of
data and avoided the problem of feature loss in the data conversion process. Firstly,
PCTSCN performed geometric sampling processing on the data to extract local feature
points and then used the improved farthest point sampling method for sub-sampling to
retain the global features. Secondly, PCTSCN used neural networks to extract spatial feature
information and reflection intensity information from the training samples processed in
the previous step. Finally, PCTSCN mapped the extracted spatial features and attribute
features to a high-dimensional space and then performed feature extraction to train the
tree species classification model to complete the tree species identification. To verify the
applicability of the method proposed in this paper, PCTSCN was used to classify the tree
species of data obtained by both TLS and UAVLS. In the same experimental environment,
the accuracy of the tree species classification model trained with the data obtained by
TLS was higher than that of the model trained with the data obtained by UAVLS. The
classification accuracy of PCTSCN tree species reached up to 96%, and the kappa coefficient
was 0.923. After adding the intensity information to the features extracted by the neural
network, PCTSCN improved the classification accuracy of tree species by 2–6% compared
with other 3D deep learning models. The PCTSCN proposed in this paper provides a new
method for tree species classification of forest LiDAR data. In the future, we will extend
this research to the classification of multiple tree species from point cloud data.
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