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Abstract: The rapid development of LiDAR technology has promoted great changes in forest
resource surveys. The airborne LiDAR point cloud can provide precise tree height and detailed
vertical structure of the tree stands. Coordinating some representative ground sample plots, LIDAR
can be used to estimate key forest resource indicators such as forest stock volume, diameter at breast
height, and forest biomass at a large scale. By establishing relationship models between the forest
parameters of sample plots and the calculated parameters of LiDAR, these developments may
eventually expand the models to large-scale forest resource surveys of entire areas. In this study,
eight sample plots in northeast China are used to verify and update the information using point
cloud obtained by the LiDAR scanner riegl-vq-1560i. Firstly, the tree crowns are segmented using
the profile-rotating algorithm, and dominant trees height are used to check and rectify the tree
locations. Secondly, considering the correlation between forestry parameters and tree species, we
establish models to distinguish between species using geometric characteristics of tree crowns.
Thirdly, when the tree species is known, parameters such as height, crown width, diameter at breast
height, biomass and stock volume can be extracted from trees. The prediction models of forestry
parameters can also be verified, which can be extended to accurate large-scale forestry surveys
based on LiDAR data. Finally, experiment results demonstrate that the F-score of the eight plots in
the tree segmentation exceed 0.95, the accuracy of tree species correction exceeds 90%, and the R2
of tree height, east-west canopy width, north-south canopy width, diameter at breast height, above-
ground biomass and stock volume are 0.893, 0.757, 0.694, 0.840, 0.896 and 0.891, respectively. The
above results indicate that the LIDAR-based estimation of forestry parameters is practical and that
these forestry parameter prediction models can be widely applied in forest resource monitoring.

Keywords: LIDAR; tree segmentation; tree species identification; tree species identification; DBN;
forest parameter

1. Introduction

Forests are the largest carbon reservoir and ecosystem on land, providing not only vital
ecological services but also enormous economic benefits in the process of human development [1].
The acquisition of forestry parameters, such as tree height, crown width, species, and biomass, etc.,
is critical in the process of investigation and monitoring. The monitoring of forest resources is to
provide an effective scientific methodology for off-ground density estimation, change trend analysis,
forest growth detection, harvest prediction and so on [2-4]. Traditional forest resource monitoring is
usually time-consuming and labor-intensive due to manual field collection, which is unsuitable for
large-scale research. In addition, the information accuracy for parameters such as tree height and
crown width collected by hand demonstrate a high margin of error; therefore, it is necessary to
explore a new and reliable forest survey method to meet the current needs of forestry production and
ecological construction [5]. Since the characteristics of remote sensing technology include wide
monitoring range, quick data acquisition, and low cost, it is theoretical and practical to apply it to the
extraction of forestry parameters in large areas.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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Passive optical remote sensing such as multispectral remote sensing, hyperspectral remote
sensing, and high-resolution remote sensing have been widely used for estimating forest parameters
with notable progress and outcomes. The spectral information of passive optical remote sensing data
from visible to near-infrared reflects the physical structure parameters of the forest, and the forestry
parameters such as vegetation index and texture information can then be the derived. Ouma used
semi-variance functions on QuickBird images to investigate the relationship between forest biomass
and spectral variables in Kenya [6]. Marshall & Thenkabail compared the response of hyperspectral
data EO-1 Hyperion and multispectral data on biomass generation, determining that hyperspectral
data was superior [7]. Mohammadi et al. developed a model for forest stock estimation in northern
Iraq using Landsat ETM+ data [8]. Franklin et al. estimated the depression of spruce using Thematic
Mapper (TM) data with an accuracy of 80% [9]. According to the findings of the preceding studies,
passive optical remote sensing data are mostly used to invert the horizontal structural parameters of
forests and are rarely utilized to estimate the vertical structure (e.g., tree height) of forests. This is
mainly attributed to the low signal penetration of optical remote sensing data, which makes obtaining
information in the vertical direction challenging. However, some researchers, such as Brown et al.
[10], have tried to use high resolution overlapping stereo images to achieve canopy height estimation,
but the elevation accuracy of the under-tree surface still cannot meet sufficiency requirements.

Synthetic Aperture Radar (SAR) as the active remote sensing technology has the ability to
penetrate forest vegetation canopies and observe the ground in all weather conditions. SAR can also
interact with treetops and trunks to gather the vertical structure of forests. Cloude & Papathanassiou
used polarization coherence tomography to reconstruct low-frequency three-dimensional (3D)
images and provided a method for optimal interferometric baseline selection to estimate forest
vertical structure [11]. Blomberg et al. used L-band SAR data from Argentina's observation satellite
SAOCOM to accurately invert forest biomass in northern Europe [12]. Matasci et al. approximated
the above-ground biomass of forests with root-mean-square deviation (RMSD) error of less than 20%
using European Space Agency (ESA) P-band radar data [13]. Although SAR is sensitive to forest
vertical structure, backscatter signal saturation often occurs when the forest biomass is large. For
example, Luckman et al. used JERS-1 SAR data to estimate tropical forest biomass and discovered
that the backscatter coefficient saturated when the biomass reached 6 kg/m? affecting the accuracy
of forest biomass estimation [14].

Light Detection and Ranging (LiDAR) has advantages such as high angle resolution, distance
resolution, and anti-interference ability, which make it possible to gather high precision 3D surface
information while avoiding signal saturation in high biomass areas [15]. Particularly in the field of
forestry survey application, LiDAR has significant advantages over other remote sensing
technologies with respect to forest height measurement and vertical structure acquisition in forest
stands. LIDAR can provide highly accurate horizontal and vertical information of forests depending
on the sampling method and configuration, but the optical sensors can only be used to provide
detailed information on the horizontal distribution of forests. Therefore, this study will use airborne
LiDAR data to identify the critical indicators of the forest resources present in the sample area.

The basis for estimating forestry parameters is accurate segmentation of tree point clouds. Tree
crown segmentation methods based on LiDAR data are mainly divided into the following two
categories: raster-based tree segmentation and direct point cloud-based tree segmentation. By
interpolating the 3D point cloud, the raster-based tree segmentation firstly develops a digital surface
model (DSM) and a canopy height model (CHM) by normalizing the tree height. Then, based on the
height undulations in the CHM, local maximum [16, 17] or variable windows [18, 19] are used to
search for local maximum as initial treetop locations, and finally, edge detection or feature extraction
methods are employed to identify tree canopies. Watershed segmentation algorithms [20, 21, 22] and
flow tracking algorithms [23] are two examples of raster-based tree segmentation algorithms. The
CHM-based segmentation method is quick and effective, but it can identify the wrong segment and
omit details. Moreover, the segmentation accuracy is directly influenced by the CHM resolution, and
CHM only represents canopy surface information without describing the canopy's vertical structure.
With the development of LiDAR technology, the density and accuracy of point clouds have rapidly
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developed, and many researchers directly use the point cloud data to segment the tree crowns [24,
25]. Wang et al. first proposed voxel segmentation of raw point cloud data with the vertical canopy
structure of the forest, dividing the canopy areas of different heights based on the elevation
distribution within the voxels and performing tree segmentation [26]. Morsdorf et al. used local
maxima search as seed points for k-mean clustering of 3D point clouds [27]. Li et al. proposed a top-
to-bottom area growth algorithm relying on the relative distance between trees, and this method
achieved 90% segmentation accuracy for coniferous forests, but the applicability was not
transferrable to dense forest areas with overlapping canopies [28]. Compared with the traditional
raster-based tree segmentation method, the direct segment processing of point cloud data can more
accurately reflect the 3D structure of trees. Unfortunately, the majority of segmentation studies on
tree segmentation using LiDAR data prefer low-density stands, and most of them are not ideal for
complex forest environments with overlapping canopies and a variety of tree species. Additionally,
the single segmentation method is not universal and is challenging to apply to trees of different scales.
To get good canopy segmentation for further tree species classification and parameter extraction, this
paper adopts a rotating profile segmentation method to obtain all possible seed points as initial
treetop and finds canopy edges by analyzing the trend of profile point clouds.

For the study of tree species classification and identification based on LiDAR data, Holmgren &
Persson used a supervised classification method to distinguish Norway spruce and Scots pine with
95% accuracy [29]. Othmani et al. used terrestrial laser scanning (TLS) data to distinguish five tree
species using wavelet transform with an overall accuracy of 88% [30]. Lin & Hyyppa used a support
vector machine approach to classify the tree species by extracting point cloud distribution, crown-
internal and tree-external features, and achieved an overall accuracy is 85% [31]. Kim et al. extracted
canopy structure parameters for tree species classification using leaf-on and leaf-off LIDAR data in
the growing and deciduous seasons; the results indicated that tree species identification from both
data was superior to single season data [32]. In addition, some other scholars have made full use of
point cloud intensity information and introduced it into tree species classification studies, such as
Orka et al. who combined structural and intensity features to classify Norway spruce and birch, and
their results proved that the classification accuracy was better than using structural or intensity
features alone [33]. The primary benefit of LIDAR intensity is related to the reflectance of surface
features; there are several intensity-related confounding variables, such as parameters connected to
the feature's environment, the sensor hardware system, and the data gathering geometry [34]. As a
result, algorithmic parametric models based on intensity information are usually limited to a single
location. As demonstrated above, accurate canopy structure information is the most reliable feature
for tree species classification. In this paper, a machine learning method is utilized to learn the shape
of canopy profiles of known tree species in sample plots for learning, and finally to design the tree
species identification model. The method is suitable for most tree species with different shapes and
can be widely used in most forest survey situations.

LiDAR has been successfully applied in forestry parameter extraction for a long time.
Solodukhin et al. used LiDAR point cloud data for tree height extraction, and the RMSE between
their estimated tree height and photogrammetry results was 14 cm [35]. The parameters that can be
directly obtained from the segmented tree crowns are generated from the LIDAR data. Information
such as tree height and crown width or height can be easily obtained, but the crown width diameter
at breast height (DBH) and tree species cannot be directly obtained. Although LiDAR data cannot
directly estimate the diameter at breast height of forest trees, some existing studies use measured
data to establish relationships and indirectly infer tree diameter at breast height parameters from
LiDAR data. For example, Shrestha & Wynne estimated the diameter at breast height of trees in urban
areas of central Oklahoma, USA, using the Optech ALTM 2050 system with an R? of 0.89 [36]. As
parameters derived from LiDAR coordinate information, canopy structure parameters are widely
used in forest biomass inversion. They are usually calculated from the vegetation echoes after
elevation normalization, including 25%, 50%, 75% percentile height, maximum tree height, mean tree
height, and forest canopy height. Bortolot & Wynne established a regression analysis based on the
25%, 50% and 75% percentile height and biomass, and obtained correlation coefficients between
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predicted and actual measurements ranging from 0.59 to 0.82, with RMSE ranging from 13.6 to 140.4
t/ha [37]. Wang et al. estimated aboveground biomass based on an Unmanned Aerial Vehicle (UAV)
LiDAR system and the results showed that the mean height of trees was the most reasonable
parameter to predict aboveground biomass [38]. Several researchers have recognized the importance
of LiDAR intensity data and applied it to biomass inversion, such as Garcia et al. who estimated
biomass in a Mediterranean forest in central Spain using height parameters derived from airborne
LiDAR point cloud data and distance-corrected intensity parameters; consequently, their results
showed that intensity correction could improve the accuracy of forest biomass estimation [39].
Numerous research studies have demonstrated that parameter estimation considering tree species
classifications is more accurate. Donoghue et al. discovered that LiDAR-based tree height and
biomass estimation algorithms for coniferous forests were not applicable to mixed forests [40]. Jin et
al. introduced tree species as a dummy variable into the regression model when point cloud feature
regression modeling was performed to estimate the stocking volume using the peak forest site in
Guangxi, with an elevated coefficient of determination R? of the model estimation results [41]. Pang
& Li divided temperate forests in the Xiaoxing'an Mountains into coniferous, broadleaf, and mixed
forests for biomass inversion, and the findings revealed that differentiated biomass modeling can
further improve biomass estimation accuracy [42]. Therefore, in this paper we will use existing tree
species to verify and update the wrong tree species information in the sample plots, as well as correct
the above-ground biomass at breast height, storage volume, and other parameters of trees in the
sample plots based on the accurate tree species information.

In summary, this paper focuses on the urgent needs of the current forestry survey by using
LiDAR point cloud data, which has high-precision horizontal and vertical structure information, to
verify and update the error information of manually collected sample plots. The paper addresses the
following issues: (1) To solve the segmentation problem of staggered canopies for the complex
growing condition of the northeastern primeval forest, the rotating profile segmentation method is
used to obtain the canopy edge points and obtain the segmentation point cloud. (2) Since the
spectrum information of tree species varies with seasons and growth phases, it is difficult to obtain
multi-hyperspectral remote sensing data with LiDAR in most circumstances. This paper will focus
on the classification of tree species by using the geometric structure information of tree canopies
based on the segmented point cloud. However, the structure of individual tree species is very
different, so this paper attempts to use the segmentation of the shape of the canopy section; that is,
the 3D information is converted into two-dimensional (2D) information, and then the intercepted line
segments of the section are used to change the 2D shape into a one-dimensional (1D) interpolation
vector by determining the change trend of the line segments. Based on the 1D vector, the deep belief
network (DBN) method is used to establish the tree species recognition model and update the sample
tree species error information by combining the sample tree species information. (3) Finally, forestry
parameters (diameter at breast height, above-ground biomass and storage volume) are estimated and
updated based on the updated tree species information by achieving the extraction of forestry survey
parameters based on LiDAR point cloud data and validating the superiority of LIDAR data in forestry
parameter extraction for its application in forest resource surveying.

This paper is organized as follows: Section 1 discusses the significance and advantages of LIDAR
point cloud data in forestry resource surveying, as well as the current status and limitations of
research on tree segmentation, tree species classification, and forestry parameter extraction based on
LiDAR data, which leads to the method of checking and updating the incorrect information of
manually collected sample plots based on LiDAR data proposed in this paper. Section 2 includes an
overview of the study area's location and characteristics, as well as an introduction to the
experimental data gathering methods and characteristics (including measured sample data and
LiDAR point cloud data). It also describes the paper's research methods and processes, such as point
cloud data pre-processing, the tree segmentation method for rotating profiles, tree species
classification based on segmented point clouds, and estimation and update of forestry parameters.
Section 3 contains the results of tree canopy segmentation, species identification, and parameter
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extraction, while Section 4 has a full analysis and explanation of the findings. Section 6 outlines the
approach's merits and drawbacks and provides an analysis and outlook on future research works.

2. Materials and Methods
2.1. Materials

2.1.1. Study Area

The Northeast China Hupao National Park is located in the northeastern region of China, along
the border of Jilin Province and Heilongjiang Province, at 42°31'06"N-44°14'49"N, 129°5'0"E-
131°18'48"E. The park is situated in the southern region of the Changbai Mountain Range's Laoyeling
branch, with the terrain mainly consisting of middle and low mountains, canyons and hills, reaching
an elevation of 1477.4 meters at Laoyeling. The park's soil is predominantly dark brown soil and
marshy soil. The park is located at the heart of the temperate coniferous and broad-leaved mixed
forest ecosystem in Asia, with a continental humid monsoon climate, boasting an extremely rich
variety of temperate forest plant species. The forest coverage rate is 93.32%, with the main vegetation
type being temperate coniferous and broad-leaved mixed forests.
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Figure 1. Images and point cloud data of eight sample plots in Northeast China Hupao National Park.

The red circles represent the plots areas.
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2.1.2. Sample Plots Data

In the study area, eight circular sample plots with a diameter of 30 meters are established, and
various forest parameters for each tree are measured within the plots. These parameters include tree
height, north-south canopy width, east-west canopy width, height under branches (HUB), DBH, tree
species, tree location and three indirectly measured parameters: stock volume, above-ground
biomass (AGB), and below-ground biomass (BGB). For each sample plot, the average value or the
cumulative value of the measured parameters are recorded. As these are natural forests, the trees
vary in height and canopies overlap. The terrain, tree species distribution, and tree growth conditions
are all different for the eight sample plots, which meets the requirements for sample plots verification
and updating tests.

Additionally, the manually obtained information from the sample plots is confirmed in the
outfield, and the confirmed data is considered accurate, so it can be used to compare with the
estimated results for accuracy.

Table 1. Parameters for the eight sample plots.

Plot ID 1 2 3 4 5 6 7 8

Number of Trees 50 42 45 41 29 41 31 39

Dominant Tree Species pine | linden | linden | linden | linden | poplar | oak | linden

Average Tree Height (m) 14.5 13.5 16.9 8.2 14.3 16.4 13.8 14.3

Average DBH (cm) 18.6 17.8 16.9 10.5 20.7 20.8 20.1 18.3

Average HUB (m) 4.8 3.6 3.2 23 4.0 5.1 3.6 4.6
East-

2.72 2.49 2.61 2.27 2.60 2.83 2.82 2.27
Average Canopy | West

Width (m) North-
South

2.72 2.10 231 2.16 1.82 297 2.20 1.98

Cumulative Stock
14.4 9.7 8.1 3.5 9.5 14.6 9.8 9.1
Volume (m3)

Cumulative AGB (t/ha) 8390.7 | 7743.4 | 5879.0 | 2239.1 | 7158.5 | 8565.2 | 9342.1 | 7717.1

2.1.3. LiDAR Data

The LiDAR data is acquired using an airborne LiDAR scanning system, combined with
IMU/DGPS-assisted surveying technology. Specifically, a Cessna 208b aircraft is selected to carry the
riegl-vq-1560i LiDAR payload (with seamless integration of an Inertial Measurement Unit (IMU) and
global navigation satellite system (GNSS)). The Cessna 208b aircraft also jointly observes data with
ground Cooperating Operating Reference Stations (CORS) and artificial base stations. The LiDAR
data acquisition flight altitude is set to an average height above ground level (AGL) of 1000 meters,
with the laser recorder capturing four echoes for each laser pulse. With a flight line overlap of 20%,
the average laser point density is 20 points per square meter (ppm?). In accordance with the project's
task specifications, the reported horizontal accuracy is between 15 and 25 centimeters (cm), while the
vertical accuracy is approximately 15 cm.

To conduct the experiment, the point cloud data is clipped using vectors of the sample plots
boundaries, with an additional buffer zone of 30m radius reserved. The resulting point cloud data
within the boundaries is used for the experiment.

doi:10.20944/preprints202304.1062.v1
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plot 6

Figure 2. Point cloud data of the eight sample plots after clipping.

2.2. Methods

Figure 3 illustrates the workflow of this experiment, which consists of two parts: data
preparation and sample plot verification. The data preparation includes the pre-processing of the
point cloud data and the segmentation of trees in the plots. The sample plot verification involves
plots matching, tree species identification and extraction of forestry parameters.

| LiDAR Data I I Measured Plots Data

| Pre-processing |

| Tree Segmentation |

Data Preparation

P e —— —— — —— t—— t— — s S o — — — S O o— t— S——— t— oy

| Plots Matching Based on Dominant ITrees I

| Tree Species Identification |

I Forestry Parameters Extraction |

| Accuracy Inspection H Manual Check

Figure 3. Workflow of the overall method.

2.2.1. Point Cloud Pre-processing

Pre-processing includes filtering and normalization of point cloud data, aiming to obtain a point
cloud that eliminates terrain effects and reflects the real horizontal and vertical structure of the forest.
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Point cloud filtering is the process of separating ground points and non-ground points (mainly
tree points), and the obtained ground points can be used to generate a digital elevation model (DEM).
Point cloud filtering is implemented using the LiDARForest software, which uses the progressive
triangulated irregular network (TIN) densification algorithm (PTD) proposed by Axelsson [43]. The
main idea of this algorithm is to select some low points as seed points to construct an initial TIN, and
then gradually judge other points. If a point is a ground point, it is added to the TIN, otherwise it is
filtered out. The point is classified as a ground point when its angle and vertical distance to the
endpoints on the triangle plane are below the set thresholds. Repeat the above process until there are
no more points that meet the threshold conditions. The experimental results show that point cloud
filtering based on the PTD algorithm has fewer iterations and is suitable for most terrain conditions.

The elevation values of LiDAR point cloud are a combination of ground elevation and object
elevation, which makes it difficult to reflect the actual vegetation height. Therefore, before conducting
relevant research, it is common to normalize the point cloud. Point cloud normalization refers to the
process of subtracting the elevation values of DEM from point cloud, which is generated by
interpolating the ground points obtained from filtering. The normalized point cloud CNTP eliminates
the influence of terrain and reflects the true horizontal and vertical distribution of trees. The highest
point of the segmented individual tree can be used as the tree height.

(@) (b) (©)

Figure 4. Point cloud pre-processing procedure. (a) Original point cloud; (b) Filtered point cloud; (c)
Normalized point cloud. Ground points are shown in brown and tree points in green in (b) and (c).

2.2.2. Tree Segmentation

To implement the tree segmentation, the positions of the trees within the plots need to be
determined. Based on the structure of the trees, the position of the highest point within individual
tree range can be selected as the center of the tree. Therefore, the local highest points in Cnrr are
selected as the initial treetop points.

The Cnrr is partitioned into grids, with the grid size, d, depending on the average distance
between points. The elevation value Z of the highest tree point within each grid is assigned to the
grid. If there are no tree points within the grid, it is assigned a value of 0. The treetop points are
selected from the Cnrr according to the following criteria: the grid containing the treetop point should
have the maximum value within its neighborhood, and it should not be adjacent to any unit that does
not contain any tree points. To prevent the loss of short treetop points, the grid size d is generally set
to an acceptable small value, which results in some short treetop points actually being redundant
parts of adjacent taller trees. To address this, a distance threshold D is defined, and the shorter treetop
points are removed when the distance between two treetop points is less than D. Finally, the
collection of all the selected treetop points forms the initial treetop point set Cror.
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Figure 5. Workflow for obtaining initial treetop points.

After obtaining the initial treetop points, many studies use a clustering method to segment the
canopies. This study focuses on the vertical profile structure of initial points and utilizes the rotational
profiles to search for the edges of the individual tree canopy, thereby performing the tree
segmentation and refining the positions of the trees [44].

As shown in Figure 6, for a treetop point Ty, the longitudinal profile at a certain angle may have
the following cases: (a) the profile only contains the canopy of Ty; (b) there are N treetop points T: (1
<i<N) in addition to To within the profile, which is the general situation. The profile is divided into
M sub-segments S;j(1 < j < M) of equal length and Z; is the maximum Z value of the tree points in the
sub-segment Sj, the corresponding tree point is P;. The edge point Pepce and the intersection point
Pcross are searched in P;. For situation (a), where only the canopy of Tv exists in the profile, only Pepce
needs to be searched. In this case, the edge point is located at both ends of the profile, as shown in
Figure 6. For situation (b), in addition to the edge point, the intersection point Pcross between the
canopy of To and other canopies needs to be found. According to the overlapping situation of tree
canopies, the intersection point is regarded as a valley point in the profile. Therefore, Equation 1 for
obtaining Pepce and Pcross are derived.

{PEDGE ,Zj € min(Z)

P = 1
Peross 12; < Zj_1,Z; < Zjyq &)

J

where Py the vertex of the subsection S; of the profile, (1 <j<m-1)
Zj: Z value of P;
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Figure 6. Sub-segments and the location of Prpce and Pcross. (a) Single canopy; (b) Multiple
canopies.

The profile varies in different directions. To accurately identify individual trees, the edges can
be extracted by analyzing a series of rotational profiles, which are divided at intervals according to a
certain angle. The steps are as follows:

(1) Arrange Cror in descending order of elevation to obtain the sequence of treetop points T;

(2) Get a profile at the given angle for treetop T1. Let Z;j be the maximum Z value of the tree points in
sub-segment Sj, and P; is the corresponding tree point. Find Pepce and Pcross in Pj (Figure 6 and
Equation 1) to obtain the canopy range under this profile;

(3) Rotate the profile around T: to another angle to obtain the new Prpce and Pcross. Repeat the
rotation until the rotation angle reaches 180°, then all possible edges are obtained, as well as the
rough range Rt of the tree;

(4) Iterate over the remaining treetop points, removing the point from Cror if it lies within Rt. All high
tree points within Rf can be grouped into the tree's canopy;

(5) Select the next treetop in descending order of elevation and repeat (2) - (4) until all treetop points
have been segmented;

(6) High points within a linear distance less than Dwmax from the tree's axis are grouped into the
corresponding canopy set. The tree's axis is the line from the canopy's center of gravity to the
ground, and this method can exclude some isolated high points.
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(c)

Figure 8. Treetop points location after segmentation. (a) Original point cloud; (b) Segmented point
cloud; (a) A partial profile of (b). The treetop points are shown in rectangles or circles in (b) and (c).

2.2.3. Plots Matching Based on Dominant Trees

The spatial accuracy of measured data is limited by the measurement environment, while point
clouds are more accurate (see Table 2 for accuracy). The measured data and point cloud data do not
match in spatial position, so plot matching is required to register the measured data to the point cloud
data, achieving spatial consistency between the two data sets before further operations can be carried
out.

Table 2. Properties of the point cloud data.

Properties of the Point Cloud Data Contents

Flight Platform Cessna 208b aircraft
LiDAR Scanner Type riegl-vg-1560i
Attitude of Points (m) 1000

Overlap of flight lines 20%

Horizontal accuracy (cm) 15~25
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Vertical accuracy (cm) 15

Point density (pts/m?) 20

The concept of matching degree R is proposed for plots matching: Ah is the difference between
the measured tree height and the point cloud height. When the absolute value of A#h is less than the
threshold D1, the position of the sample tree is considered correct. The matching degree of the plot is
defined as the ratio of the number of trees that satisfy Al < Drto the total number. When the matching
degree of the plot is greater than 90%, the spatial position of the site can be considered accurate.

n
R = X 100% @)

where  R:the matching degree
N: the number of trees in the plot
n: The number of trees in the plot that satisfy Ah < Dr

When the matching degree does not meet the requirement, it is necessary to perform plots
matching based on dominant trees. Dominant trees in forestry refer to the largest trees in terms of
diameter, tree height, tree canopy height, occupying the largest space, receiving the most sunlight
and experiencing almost no compression. Based on the positive correlation between tree height,
diameter and tree canopy height, we define the top 10% of tree heights (or 5% when there are many
trees) in the plot as dominant trees. Using the position information of dominant trees, a translation
and rotation coordinate transformation matrix is established between the plot and the LiDAR point
cloud data. The plot is rotated and translated so that the position of the dominant trees in the plot
matches that of the segmented point cloud, and plot attributes are updated when the matching degree
exceeds 90%.

In fact, the positions of the dominant trees in measured data and the segmented point cloud
cannot achieve complete consistency. This is because of the presence of inclines and tree canopies,
which make the treetop position not fully represent the tree center. Therefore, deviation value D
(Equation 3) is proposed to quantitatively reflect the deviation between the positions of the dominant
trees in the measured data and the segmented point cloud. It is required that the matching degree R
is greater than 90%, and the deviation value D is also smaller than the set threshold. At this point, the
matching of the two data sets is considered complete, and can be used for subsequent parameter
extraction.

i=1Ad;

p =2t @3)
n

where  D: deviation value
n: the number of the dominant trees in the plot
Adi: deviation of the position of the ith dominant tree in measured data and point cloud. (1

<i<n)
A measured location Q @ @ o
® extracted location
2 & (o' A < @
@ ® ©
N @ @, & R @® o
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A
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= )
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Figure 9. Plots matching based on dominant trees. (a) Locations of the measured trees and extracted
trees (from segmented point cloud) before matching; (b) Locations after matching.
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2.2.4. Tree Species Identification and Verification

Traditional field surveys are currently the most reliable way to obtain tree species information.
However, errors in tree species identification and recording are inevitable. Nonetheless, the majority
of tree species information obtained through field surveys is correct. Therefore, this paper utilizes
correct tree species information obtained from field surveys to automatically identify and verify tree
species information in the sample plots.

Currently, many scholars use the combination of canopy point cloud and spectral information
to achieve tree species identification [45, 46]. However, the spectral information of a certain tree
species changes with season, time, and leaf age. Therefore, in addition to deformation caused by
occasional lightning strikes or rock invasion, the geometric shape of the tree canopy is the more
reliable information for tree species identification. Different tree species often have different tree
canopy shapes, as shown in Figure 10. In this paper, we sampled the canopy width of typical species
according to height to represent the geometric shape of the canopy profile. The obtained width set is
used as a sample to train the DBN classifier, and the specific details are as follows:

bAgzatigANe

Figure 10. The shape of the tree canopies and their simplified fitted shapes.

(1) Extraction of key points based on parallel lines

For a given set of segmented tree points of a single tree, draw a vertical line L from the treetop
to the ground. Choose several profiles with a certain width Dw centered on the treetop and use the
selection criterion that they should not be connected to other tree canopies. The size of Dw is related
to the average point distance dis of the point cloud, generally set as Dw = 2dis. On a profile, draw
parallel lines along L with a certain spacing Ad to obtain the positions of endpoints within the parallel
lines space. After all parallel lines are scanned all endpoints can be defined as key points of the canopy
under the profile.

Figure 11. Different profiles of the segmented point cloud from a single tree.
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Figure 12. Extraction of key points based on parallel lines. The yellow points are the key points.

(2) Extraction of geometric morphological features of canopy profiles

Connect key points on the same parallel lines, record the position /i and length gi of obtained
intersection (1 <7 < n, the number of the lines is #+1). The intersection positions and lengths obtained
from parallel lines can summarize the shape of the tree canopy, but the number of intersection lines
for each tree may not be the same due to the influence of tree height. Due to the limitation of point
cloud density, the length accuracy is reduced when the same number of intersection lines are forced
to be intercepted for each tree. To facilitate the subsequent training of the DBN, the cubic spline
interpolation method is used to interpolate the number of intersection lines for each tree to be
consistent. The cubic spline interpolation method is highly accurate and can avoid the Runge
phenomenon, which causes violent oscillations in the interpolation function curve during polynomial
interpolation.

5(]) is set as the interpolation function. Each small interval of S(/) is a cubic function, as shown
in Equation 4 and Equation 5:

SO ={si(D, 1 €[liy,;],i=1,-,n} 4)

Sl'(l) = ail3+bil2+cil+di,(i: 1,-~,n) (5)
The function 5(I) should satisfy the value of gi at node l;, as shown in Equation 6:

S(li)=gi,(i=1,---,n) (6)

At all nodes (except the first node 1, and last nodel,), the first-order derivative and second-order
derivative are continuous, ensuring the same slope and degree of curvature at the nodes, as shown
in Equation 7:

") = s
{51(1) ) i=1-,n-1) @

") = 8" (L)
The natural spline condition: the second derivative of the first node and last node is 0, allowing the

slope of the endpoints to remain balanced at a certain position and minimizing the oscillation of the
interpolation function curve. Equation 8:

S"(ly) =S"(l,) =0 (8)

Based on Equations 6, 7, and 8, the coefficients ai, b;, ¢i and di in Equation 5 can be solved to determine
the interpolation function S(I). Then, by reselecting appropriate positions /i and substituting them
into S(I), the corresponding intersection lengths ¢’ can be obtained. This process yields a set of lengths
with equal dimensions for each profile, which can be used as a feature vector to describe the
geometric characteristics of the profile.

(3) Learning and updating of tree species by DBN

Deep belief network (DBN) [47] is chosen for learning and updating of tree species. Compared
to most other deep learning models, DBN is more thoroughly trained on data, achieving better
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convergence in small-scale samples and making it more applicable in forest environments with
limited sample sizes.

The DBN is formed by stacking multiple Restricted Boltzmann Machines (RBMs), whose
structure is shown in Figure 13. The RBM consists of two layers: a hidden layer and a visible layer.
When stacking RBMs to form a deep learning network, the output layer (hidden layer) of the previous
RBM serves as the input layer (visible layer) of the next RBM, and so on. Finally, an output layer is
added to form the basic structure of the DBN.

h 1 /’l 2 /7 3 /’l 4 h;\"

hidden layer

ORCROIRC
visible layer _ N N B bhe RM
i V2 V3

Figure 13. The structure of RBM.

RBM is a fully connected layer with no connections within each layer, meaning that neurons in
the same layer are independent of each other. Set v as the network input; the neuron likelihood
functions of the visible and hidden layer can be expressed as follows:

N
Phiv) = | [ P(yiv) ©)
j=1
M
P(v|h) = 1_[ P(vj|h) (10)
i=1
where v = [vy,V,, .. ,uy]T ,is the visible layer input vector

h = [hy, hy, ... ,hy]T , is the hidden layer input vector
M and N are the number of neurons in the visible and hidden layers, respectively
The energy function between the visible layer and the hidden layer is defined as follow:

M,N M N
E(v,h; 6) = - Z O)i'jv,:hj —Zbivi —ZC]hj (11)
iLj=1 i=1 j=1
where w; j: weight between ith visible layer neuron and jth hidden layer neuron

b;: bias of ith visible layer neuron

¢;: bias of jth hidden layer neuron

6 = {W, b, c}, are the network parameters, obtained by training
The activation functions of visible layer and hidden layer neurons are:

P(hj|v) = Sigmoid (cj + Z wi,jvi) (12)
i

P(v,|h) = Sigmoid | b; + Z w; ih; (13)
j)
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Sigmoid(x) =

14
1+e™™ (14)

The DBN is formed by stacking multiple RBMs, and Figure 14 shows the DBN structure. During the
training process, the previous layer's RBM is fully trained before the current layer's RBM is trained,
repeating until the final layer where a Softmax classifier is added to form a complete DBN structure.

output layer

hidden layer n

1es

hidden layer 2 visible layer 3

hidden layer 1 visible layer 2

input layer visible layer 1

Figure 14. The structure of DBN.

In this study, the set of interpolated cubic spline intersection lengths g’i are used as input, while
the corresponding tree species are used as the target output to train the DBN to achieve the profile-
based tree species identification. According to the experiment, this study uses a DBN with three
layers of RBMs for the identification, which shows the fastest convergence speed and the highest
accuracy among all models tested.

Trees Information in

Sample Plots
Lengths Set afier Interpolation
and Corresponding Tree Species
Segmented Point
Cloud in Sample Plots
DBN Classifier
Updating Tree |, YES Tree Species

Species

~__ Reclassification ?

NO

| Fetimation of Forecti |

Figure 15. Tree species information extraction and checking process.
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2.2.5. Forestry Parameters Extraction

The segmented point cloud reflects the structure of individual tree canopies, and some forestry
parameters are directly reflected in it. For example, the elevation of the treetop point can be used as
the tree height. East-west canopy width can be obtained based on the maximum distance in the east-
west direction of the canopy point set of an individual tree and the north-south canopy width can be
obtained similarly. Some parameters may not be directly obtained, but they can be indirectly
calculated through estimating equations using known tree species, tree height, canopy width and
other information extracted from the segmented point cloud as parameters. The methods for
obtaining forestry parameters and estimating equation factors are shown in Table 3.

Table 3. Forestry parameters available from LiDAR data.

Forestry Parameters Acquisition Method Estimating equation factors
Tree Height Direct measurement /

Canopy width Segmented Point Cloud Measurements /

DBH Growth Equation Estimation Tree Height

AGB Growth Equation Estimation Tree Height, DBH
Stock Volume Growth Equation Estimation DBH

DBH refers to the diameter of a tree trunk at a height of 130cm above the ground, and can be
estimated by inputting the tree height into the model. Forest biomass is the energy foundation and
material source of the forest ecosystem,; it is divided into AGB and BGB, usually expressed in terms
of dry matter or energy accumulation per unit area or unit time. AGB can be estimated from tree
height and DBH. The stock volume is the total volume of living matter of a tree, expressed in cubic
meters, and it can be estimated from the DBH. The estimation equations for forest parameters are
closely related to tree species, and the models for different tree species are not universal. After tree
species identification and updates the tree species information can be considered accurate and
applied to the estimation of forestry parameters.

The estimation factor of the DBH estimation model is the tree height (H, in m), and the output is
the DBH (D, in cm). The specific equations and application conditions are shown in Table 4.

Table 4. DBH estimation models.

Tree o Estimation Applicable Parameters
Species Formula Condition (H) a b
Pine H D=exp(a+b*H) 2-36.5 1.646 0.081
Oak H D=exp(a+b*H) 8.8-27.4 1.138 0.111
Birch H D=exp(a+b*H) 5-24.2 1.043 0.116
Elm H D=exp(a+b*H) 3-25.9 1.040 0.121
Linden H D=exp(a+b*H) 8.2-29.9 0.733 0.129
Poplar H D=exp(a+b*H) 4.8-30.1 1.171 0.110
Maple H D=exp(a+b*H) 5-22.4 0.958 0.135

The factors of the AGB models are tree height (H, in m) and DBH (D, in cm), and the output is
AGB (M, in t/ha). The specific equations are shown in Table 5.
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Table 5. AGB estimation models.

Tree Estimation Parameters
Species Factors Formula a b c

Pine H, D M=aDVH¢ 0.120 2.064 0.383

Oak H D M=a(D?H)" 0.020 1.039 /

Birch H, D M=a(D?H)" 0.020 1.039 /

Elm H, D M=a(D?H) 0.020 1.039 /
Linden H,D M=a(D?H)" 0.020 1.039 /
Poplar D M=aDv 0.022 2.737 /
Maple H,D M=a(D?H)" 0.020 1.039 /

The same type of equation is used for the calculation of the stock volume of different tree species.
V=a Db (d+——) (15)
D+k

where  V:stock volume, in m3
D: DBH, in cm
The rest of the parameters are shown in the Table 6.

Table 6. Parameters of stock volume estimation models.

Tree Species a b c d e k
Pine 5.09E-05 1.809 1.101 48.429 -2385.550 50
Oak 4.07E-05 1.719 1.253 23.804 -240.081 8
Birch & Poplar 4.06E-05 1.835 1.113 29.850 -439.555 14
Elm 3.63E-05 1.819 1.173 26.744 -472.502 18
Linden 3.55E-05 1.767 1.243 27.297 -384.328 13
Maple 4.25E-05 1.783 1.140 22,511 -258.117 11
3. Results

Eight sample plots, totaling 318 trees, were chosen from the Northeast Tiger and Leopard
National Park to test the plot verification and update method proposed in this paper. The accuracy
of the results from the LiDAR data is compared using the outfield-confirmed data.

3.1. Ground Point Extraction

This article uses a PTD algorithm to separate ground points and non-ground points in point
cloud data. The eight plots used in this study have diverse terrain conditions, including flat areas,
slopes and other situations. To evaluate the accuracy, the following indicators are used:

Separation accuracy: the ratio of correctly classified points to the total number of points in plot;

Type I error: non-ground points classified as ground points after separation;

Type II error: ground points classified as non-ground points after separation.

The ground point separation accuracy of the eight study plots is shown in Table 7.

Table 7. The accuracy of the separation in sample plots.

Separation
Plot ID Type I Error Type II Error Overall Accuracy
Accuracy
47 44 98.2%

97.1%
2 46 44 97.9% ’

doi:10.20944/preprints202304.1062.v1
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3 120 125 95.1%
4 69 54 97.5%
5 91 104 96.2%
6 72 55 97.1%
7 68 66 96.4%
8 6 46 97.2%

As shown in Table 7, the separation accuracy for each plot is above 95%, indicating that the PTD
algorithm has achieved excellent results, and is suitable for various ground conditions. Considering
the high separation accuracy, the separated ground points can be used for DEM generation to achieve
normalization of point cloud data.

3.2. Tree Segmentation

By setting the grid size d, the initial position of trees can be obtained. Using rotating profiles with
an angular step of 0, segmented canopies can be generated while optimizing the tree positions. The
initial positions are the basis for subsequent treetop points acquisition and final segmentation.
Therefore, in order to obtain more accurate initial positions, it is necessary to set a more appropriate
grid size. The setting of d is based on the size of the tree canopy in the sample plots, which is
concentrated in the range of 2-4 meters in diameter. The value of d should be close to the radius of
the tree canopy to ensure that the positions of the trees can be identified to the greatest extent possible.
In the experiment, d is set to 1m, 1.5m and 2m to segment the eight sample plots.

70
60
50
40

30

Tree Number

20

10

S ——— e ————

Plot ID

B d=1m B d=1.5m B d=2m " Measured
Figure 16. The number of trees segmented from each sample plot.

Due to the complexity of natural forest conditions, overlapping canopies can cause short trees
to be mistaken as parts of tall trees, resulting in multiple trees being recognized as one tree.
Additionally, some trees are divided into multiple trees because of their large canopy or complex
shape. These discrepancies cause under-segmentation and over-segmentation in the segmentation
results. To evaluate the correct segmentation, under-segmentation and over-segmentation of each
plot under different grid sizes d, recall, precision and F-score [48] are used as indicators to verify and
evaluate the accuracy of individual tree segmentation (Equations 16, 17 & 18). The results are shown
in Table 8.
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TP

_ 16

"TTPF+FN (16)
TP

_ 17

P=TP+FpP (17)
2(r x
r+p

where 7, p& F: recall, precision and F-score
TP: number of correctly segmented trees
EN: number of under-segmented trees
FP: number of over-segmented trees

Table 8. The TP, FN and FP of different grid sizes d.

i TS Real d=1m d=15m d=2m
Number P FN FP TP FN FpP TP FN FP
1 50 49 1 14 47 3 2 42 8 1
2 42 41 1 9 40 2 0 34 8 0
3 45 45 0 11 44 1 0 39 6 0
4 41 41 0 7 40 1 1 37 4 1
5 29 29 0 6 29 0 2 25 4 1
6 41 41 0 8 40 1 0 36 5 0
7 31 31 0 5 31 0 1 29 2 0
8 39 39 0 5 37 2 0 35 4 0
All 318 316 2 65 308 10 6 277 41 3

Among the three selected grid sizes, when d=1.5m, the total number of under-segmented and
over-segmented trees is the lowest. The number of correctly segmented trees is similar to the actual
number of trees in each plot, with a total of 308 correctly segmented trees, which was close to the total
actual number of 318 trees. The recall, precision and F-score are calculated in Table 9, and the F-
scores for all eight plots exceed 0.95 when d=1.5m, with the highest overall F-score of 0.976 in three
grid sizes, indicating that the rotational profile algorithm achieves good segmentation results.
Therefore, the part of the correctly segmented trees with d=1.5m was selected for subsequent species
identification and parameters extraction.

Table 9. The recall, precision and F-score of different grid sizes d.

Ty Real d=1m d=15m d=2m
Number r p F T p F T p I
1 50 0980 0.778 0867 0940 0959 0949 0.840 0977 0.903
2 42 0976 0.820 0891 0952 1.000 0976 0.810 1.000 0.895
3 45 1.000 0.804 0.891 0978 1.000 0989 0.867 1.000 0.929
4 41 1.000 0.854 0.921 0976 0976 0976 0902 0973 0.937
5 29 1.000 0.829 0906 1.000 0935 0967 0.862 0962 0.909
6 41 1.000 0837 0911 0976 1.000 0.988 0.878 1.000 0.935
7 31 1.000 0.861 0.925 1.000 0969 0.984 0935 1.000 0.967
8 39 1.000 0.886 0.940 0.949 1.000 0.974 0.897 1.000 0.946

All 318 0994 0829 0904 0969 0981 0975 0.871 0989 0.926
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Figure 17. Segmented point cloud of each plot.

3.3. Plots Matching and Tree Species Identification

The main purpose of plot matching is to solve the problem of positional differences between
measured data and point cloud. To this end, this paper proposes the concept of matching degree and
uses dominant trees for plot matching. However, due to the complexity of the actual situation, it is
difficult to achieve complete consistency between the two datasets. Therefore, the deviation of the
position of each tree is statistically collected and the deviation values are calculated, as shown in
Table 10. Plot matching is considered complete when the matching degrees of the eight plots are
greater than 90% and the deviation values are less than the threshold of 8m.

Table 10. Matching degrees and deviation values of eight plots.

Plot ID 1 2 3 4 5 6 7 8
Matching Degree | 92.1% | 90.5% | 91.7% | 942% | 932% | 91.8% | 92.5% | 93.7%
Deviation Value | 6.32m | 713m | 6.57m | 463m | 578m | 7.54m | 584m | 6.77m

Based on the plots matching, accurate tree positions can be obtained. In forest surveys, the trees
species information in sample plots is mostly accurate. This paper utilizes species information from
sample plots to identify and extract individual erroneous tree species information, thereby providing
correct species information for obtaining accurate forestry parameters in subsequent forestry surveys.

This article successfully converts the classification problem of 3D point clouds into 1D feature
vector classification. It also effectively preserves the detailed characteristic information, fully utilizing
spatial structural information to summarize the geometric morphology of each tree, thus achieving
tree species identification, classification and updating. The main tree species in the plots include pine,
oak, birch, elm, poplar, maple and other species. Several typical profiles are selected as training
samples to obtain the morphological structure and parameters of each species. Table 10 shows that
when the sample size of a certain tree species is insufficient, more data can be obtained by selecting
profiles in multiple directions.

The trained model is applied to achieve classification. To evaluate the classification performance,
the correct rate is defined as the ratio of the number of successfully classified trees to the number of
misclassified trees. The method proposed is used to update the tree species information of the trees
in eight plots, and the results are shown in Table 11. Including "Others", which is a collection of trees
with extremely low numbers, the overall correct rate reaches 90.9%, providing a reliable tree species
classification method and model for forest surveys.

Table 11. The number of training samples.

Tree Species Actual Number Number of Selected Number of Profiles
Pine 40 20 80
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Oak 25 10 40
Birch 14 8 32
Elm 19 8 32
Linden 114 50 200
Poplar 19 10 40
Maple 45 20 80

The details are listed in the form of a confusion matrix in Table 13, which can more accurately
indicate the error correction information for each tree species.

Tables 12 and 13 show that most tree species can be corrected with 100% accuracy, and the few
misclassified tree species are due to different degrees of damage to the tree canopy or inaccurate
profile structural information caused by being close to adjacent trees during segmentation. Overall,
using LiDAR data to correct tree species information is a reliable method with high accuracy, suitable
for classifying most normally growing tree species.

Table 12. Accuracy of the tree identification.

Corrected Overall
Tree Correct Type I Type 11 Correct
. L Tree Correct
Species  Classification Error ! Error 2 Rate
Number Rate
Pine 39 1 2 3 100%
Oak 25 0 2 2 100%
Birch 14 0 1 1 100%
Elm 17 2 1 3 100%
90.9%
Linden 107 7 0 6 85.7%
Poplar 18 1 1 2 100%
Maple 45 0 3 2 66.7%
Others 32 0 1 1 100%

! Type I Error: record a tree belonging to the correct tree species as another species; 2 Type II Error: record a tree
belonging to another species as the current tree species.

Table 13. Confusion matrix of tree species misinformation correction.

(llected Pine Oak Birch Elm Linden Polar Maple | Others CR?
True
Pine 39 0 0 1 0 0 0 0 100%
Oak 0 25 0 0 0 0 0 0 100%
Birch 0 0 14 0 0 0 0 0 100%
Elm 1 0 0 17 0 0 1 0 100%
Linden 1 2 1 0 107 1 1 1 87.5%
Poplar 0 0 0 0 0 18 1 0 100%
Maple 0 0 0 0 0 45 0 66.7%
Others 0 0 0 0 0 0 0 32 100%

L CR: Correct Rate.
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3.4. Forestry Parameters Extraction

After tree species identification and updating, information is taken from the major tree species'
segmented point cloud, and is utilized to estimate forestry parameters. Linear regressions are
performed between the measured forestry parameters and the estimated parameters.
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Figure 18. Linear regression plots of six parameters. Red lines are linear regression lines. (a) Tree
height; (b) East-west canopy width; (c¢) North-south canopy width; (d) DBH; (e) AGB; (f) Stock
volume.

To quantitatively describe the estimation results of each parameter, the coefficient of
determination (R?), the mean absolute error (MAE) and the root mean square error (RMSE) are chosen
to evaluate the estimation accuracy (Table 14).

D=1 (i - 5)?

RP=1-2=222- -2 18
NCAEEIE (18)
n
1
MAE == |y, - 3 (19)
i=1
1 n
RMSE = —Z i — 9?2 (20)
n i=1

where  y;: the measured value. (1 <i<n, n is the number of measured values)
¥,: the estimated value
¥: average of measured values
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Table 14. Estimation accuracy of forestry parameters.

Canopy Width
Parameters Tree Height DBH AGB Stock Volume
East-West North-South
R? 0.893 0.757 0.694 0.840 0.896 0.891
RMSE 1.793 0.719 0.638 3.735 70.914 0.090
MAE 1.465 0.575 0.511 3.015 48.875 0.066

The estimation results of four forestry parameters, namely, tree height, DBH, AGB, and stock
volume, show strong consistency with the measured values, with R? exceeding 0.8. Tree height shows
higher consistency in the range of 20-30 m, and in the range of 5-20 m, the estimated tree heights are
slightly higher than the measured heights in general, which was similarly reflected in the estimation
of DBH. The accuracy of canopy width estimation is relatively lower (R?=0.757 for east-west and
R2=0.694 for north-south), and the estimated values are smaller than the measured values in general.
This also confirms that the use of LIDAR data is expected to become a powerful tool for future forestry
surveys, significantly reducing human involvement and achieving rapid and accurate acquisition of
large-scale forest parameters.

4. Discussion

4.1. Tree Segmentation

Among the three tested grid sizes d, the best segmentation performance is achieved when
d=1.5m, with precision, recall and F-score of 0.969, 0.981 and 0.975, respectively.

The eight sample plots utilized in this paper are situated in the natural forest of northeast China,
characterized by complex and diverse tree growth. Processing point cloud data directly provides a
better representation of the 3D structure of trees than raster-based tree segmentation methods.
Compared to traditional tree segmentation algorithms, such as watershed algorithm, the rotation
profile algorithm can be applied to complex forest areas with overlapping canopies and diverse tree
species; it is universal and can segment trees of different scales.

The results of tree segmentation are closely related to the grid size d. When d=1m, the maximum
number of trees are segmented, but the computational cost increases. Moreover, the redundant part
in initial treetop points also increases, resulting in 65 over-segmented trees, requiring a lot of effort
to exclude in practical work. This also leads to the incompleteness of correctly segmented canopies,
which affects the subsequent tree species identification and parameters extraction. However, if the
value of d is set too large to 2m, some short trees will be missed, and multiple trees with distances
less than 2m will be directly merged into one tree. The selection of the optimal value is related to
point cloud density, canopy size and shape.

The results of tree segmentation essentially depend on the point cloud density and forest growth
conditions. Some small trees and closely spaced trees will inevitably be ignored, resulting in multiple
trees being recognized as one after segmentation. When a tree is too large or the canopy shape is
incomplete, it is easily segmented into multiple trees. Based on the selected initial treetop points, the
method in this paper avoids the under-segmentation and over-segmentation of tree canopies by
seeking profiles in multiple directions. Meanwhile, trees located within the high tree canopy range
are identified as redundant parts of high trees and merged to further improve the accuracy of
segmentation.

4.2. Tree Species Identification

Unlike plantation forest, overlapping phenomenon exists between the canopies of trees in
natural forest areas in Northeast China. Therefore, the canopy point cloud obtained by tree
segmentation is incomplete and cannot accurately reflect the tree structure information. This is an
important example of the limits to the application of LIDAR data in natural forest areas.
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Presently, deep learning methods for 3D data are not perfect, and most algorithms are not highly
reliable. Therefore, this paper utilizes the profile information of the segmented point cloud of tree
canopies, extracts the geometric variation of canopy profile by using parallel lines, and converts it
into a 1D vector. The profiles that have no contact with other canopies are used to train the DBN
classifier. Usually, a tree can obtain multiple profiles that satisfy the conditions, and all these profiles
will be applied in the training, which increases the number of training samples, and learns the canopy
structure information from multiple directions. The DBN model will also identify by multiple profiles
to solve the dilemma of sparse samples, thus increasing the accuracy of the tree classification model
and improving the accuracy and reliability of tree species correction (the overall correct rate is 90.9%).
The canopy profiles are not directly applied to the classification. Instead, interpolated equidistant
canopy lengths are used as feature vectors and input into the DBN model. This method reduces the
computational burden while preserving the profile features, and effectively eliminates the random
errors caused by semi-random scattered point clouds.

The method used in this paper relies entirely on the geometric shape of the tree canopy and does
not involve any spectral information. Therefore, if the tree canopy of a tree is damaged naturally or
artificially, or if the tree canopies are too close to each other, it will affect the reliability of the
geometric shape of the section. This can cause the tree species classification model to be unable to
identify incorrect tree species information or to classify tree species information incorrectly. For
example, in this experiment the elm and maple both show a combination of triangular and
rectangular shapes in their sections, making them more prone to misclassification. However, as the
spectral characteristics of the leaves and flowering periods of elm and maple are quite distinct, in
future studies, we will try to integrate spectral information based on the distribution characteristics
of tree species in the study area to achieve high precision tree species classification.

4.3. Forestry Parameters Extraction

Given that the known species of trees, tree height, canopy width, DBH, AGB and stock volume
can be estimated, the estimated values show strong consistency with the measured values.

The accuracy of forestry parameter estimation depends largely on the result of tree
segmentation; for example, canopy width is directly determined by the size of the segmented canopy.
The study area belongs to natural forest, where canopy overlap is more significant compared to
artificial forest, resulting in segmented tree canopies being smaller than the actual situation and
leading to an estimated canopy width which is smaller than the actual measured value. This is more
obvious for taller trees. Therefore, although both are direct parameters, the accuracy of canopy width
estimation is lower than that of tree height (R? of tree height is 0.893, while that of east-west canopy
width is 0.757 and north-south canopy width is 0.694).

Indirect forest parameters such as AGB use tree height and DBH as independent variables in
estimation equations, and DBH estimation also uses tree height as input. Therefore, the accuracy of
tree height is particularly important for the estimation of indirect forest parameters. Tree height has
higher consistency within the range of 20-30m, while in the range of 5-20m, the estimated tree height
is slightly higher than the measured tree height on average, which is caused by the uneven height
distribution and overlapping of trees in natural forest. Correspondingly, in the estimation of DBH,
which uses tree height as the only input, the estimated values of larger trees have higher consistency
with the measured values (usually larger diameter corresponds to higher tree height), and the
estimated values of smaller trees are slightly higher than the measured values. As for AGB and stock
volume, they are obtained by substituting tree height and DBH into the estimation equations, and
their accuracy (AGB R*=0.896, stock volume R?=0.891) is very close to that of tree height and DBH
(tree height R?=0.893, DBH R?=0.840).

5. Conclusions

In this study, based on LiDAR point cloud data and measured data of Northeast Tiger and
Leopard National Park, we conducted the verification and update of sample plots information and
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realized the whole process from data pre-processing to forestry parameters estimation to obtain the
following conclusions:

(1) The article uses the PTD algorithm to separate ground and non-ground points with an accuracy
of more than 95%, achieving excellent separation results and providing a good preparation for
the subsequent steps;

(2) The rotating profile algorithm is applied to the tree segmentation, and the over-segmentation and
under-segmentation are suppressed when grid size d=1.5m. Under this condition, the F-scores
of the eight sample plots exceed 0.94, and the overall F-score is 0.975;

(3) Using information on tree species from the plot samples, the correspondence between tree species
and segmented canopies geometry is established, achieving tree species recognition and
information correction based on LIDAR data, with overall correctness rate of 90.9%;

(4) Based on the updated tree species, tree height, east-west canopy width, north-south canopy width,
DBH, AGB and stock volume are extracted from the sample plots. R? of these estimated
parameters are 0.893, 0.757, 0.694, 0.840, 0.896 and 0.891, respectively, which strongly correlate
with the measured values.

In the future, based on the forest tree species and distribution, comprehensive use of LIDAR
point cloud and image data will enable more accurate estimation of forestry parameters. The
establishment of tree species morphology databases, spectral databases, regional tree species
classification model databases, etc., will promote the comprehensive evaluation system of remote
sensing technology and become an important means for future forestry surveys.
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