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Abstract: Light Detection and Ranging (LiDAR) points and high-resolution RGB image-derived
points have been successfully used to extract tree structural parameters. However, the differences in
extracting individual tree structural parameters among different tree species have not been systemati-
cally studied. In this study, LiDAR data and images were collected using unmanned aerial vehicles
(UAVs) to explore the differences in digital elevation model (DEM) and digital surface models (DSM)
generation and tree structural parameter extraction for different tree species. It was found that the
DEMs generated based on both forms of data, LIDAR and image, exhibited high correlations with the
field-measured elevation, with an R? of 0.97 and 0.95, and an RMSE of 0.24 and 0.28 m, respectively. In

addition, the differences between the DSMs are small in non-vegetation areas, whereas the differences
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updates are relatively large in vegetation areas. The extraction results of individual tree crown width and

_ height based on two kinds of data are similar when all tree species are considered. However, for
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different tree species, the Cinnamomum camphora exhibits the greatest accuracy in terms of crown
width extraction, with an R? of 0.94 and 0.90, and an RMSE of 0.77 and 0.70 m for LiDAR and image

Extraction Results of the Structural points, respectively. In comparison, for tree height extraction, the Magnolia grandiflora exhibits
Parameters of Individual Trees for the highest accuracy, with an R? of 0.89 and 0.90, and an RMSE of 0.57 and 0.55 m for LiDAR and
Different Tree Species Based on UAV image points, respectively. The results indicate that both LiDAR and image points can generate
LiDAR and High-Resolution RGB an accurate DEM and DSM. The differences in the DEMs and DSMs between the two data types
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Field measurements can accurately obtain individual tree structural parameters, but
they are usually time-consuming and laborious, and the data update frequency is relatively
long. Light Detection and Ranging (LiDAR) is a technique that uses a laser transmitter to
send a laser beam and obtain three-dimensional information on ground and object surfaces
by receiving the reflected signal from these surfaces. Therefore, it can penetrate the forest
canopy and obtain vertical and horizontal structural information, which compensates for
the shortcomings of field measurements and can replace them in some cases. It has been
widely used for forest individual tree structural parameter extraction, achieving good
results [2-5]. For instance, Jaakkola et al. [6] estimated individual tree heights using the
LiDAR data from unmanned aerial vehicles (UAVs), and the RMSE was 0.30 cm. da Cunha
Neto et al. [7] extracted the height of individual trees based on UAV LiDAR data, and
the R? was 0.73. The commonly used LiDAR data at present mainly include spaceborne
LiDAR, terrestrial LIDAR, airborne LiDAR, and UAV LiDAR. Due to the coarse resolution,
spaceborne LiDAR data are widely used in the estimation of forest structural parameters at
the sample scale. Although terrestrial LIDAR can accurately estimate the diameter of the
breast height of an individual tree, it is difficult to accurately extract the height and crown
width owing to the difficulty in obtaining data from the upper layer of the forest canopy.
Because of the high cost, the density of airborne LiDAR data is relatively low, which has
a certain effect on the extraction of individual tree structural parameters. UAV LiDAR is
advantageous, as it flexible to operate and is low cost. Therefore, it can obtain high-density
data with a low flight altitude and multiple flights, making it the most used form of LiDAR
data for extracting individual tree structural parameters at present.

In addition to using UAV LiDAR to directly obtain three-dimensional point cloud data,
it is also possible to generate such data through processing high-resolution RGB stereo
images. The development of structure from motion (SFM) and multi-view stereo (MVS)
technologies has made it possible to rapidly extract three-dimensional point cloud data
using high-resolution stereo images [8,9]. In comparison to LIDAR data, this method greatly
reduces the cost of data acquisition. Therefore, it has been widely used to extract individual
tree structural parameters [10,11]. For example, Karpina et al. [12] extracted the heights
of 22 Scottish pines on a plantation using point data derived from UAV high-resolution
images, with an average accuracy of 5 cm. Guerra-Hernandez et al. [13] estimated the
growth changes in a pine plantation from 2015 to 2017 using point data derived from multi-
temporal UAV images. The results showed that the growth in tree height and biomass were
0.45m 4 0.12 m and 198.7 & 93.9 kg, respectively. Tang et al. [14] measured the monthly
growth in individual tree height based on point data derived from multi-temporal UAV
images. Dempewolf et al. [15] measured the height growth of different tree species during
a growing season based on point data derived from multi-temporal UAV images.

To assess the advantages and disadvantages of extracting individual tree structural
parameters using point data generated from LiDAR and high-resolution images, researchers
have conducted extensive related research. For instance, Guerra-Hernandez et al. [16]
utilized point data generated from UAV LiDAR and images to determine the average tree
height of a eucalyptus plantation. The results showed that the extracted tree heights from
the point data were almost identical, with a RMSE of 2.80 and 2.84 m, respectively. Wallace
et al. [17] also utilized the above two data types to estimate tree height, and the RMSEs
were 0.92 and 1.30 m, respectively. Guerra-Herndndez et al. [18] estimated individual tree
volume in a eucalyptus plantation using both UAV LiDAR and images, with a RMSE of
0.026 and 0.030 m?, respectively. These results indicate that the difference in the results
of the extraction of individual tree structural parameters, such as tree height and volume,
between LiDAR and high-resolution imagery-derived point data is small when tree species
are not considered. However, different tree species usually exhibit certain differences in
their horizontal and vertical structures during growth; thus, the growth differences between
tree species may lead to differences in the extraction results of individual tree structural
parameters based on two-point data. In addition, the principles of obtaining point data for
LiDAR and images are different. Specifically, LIDAR obtains 3D points through obtaining



Drones 2023, 7,317

3 0f20

laser pulse echoes, while image points are generated based on stereo images using the
SFM algorithm. Thus, LiDAR data can penetrate the forest canopy and obtain more points
inside the canopy and ground points, while the images may encounter blind areas caused
by the canopy, with the generated points consisting of more canopy surface points and
few ground points under the canopy. Therefore, there may also be some differences in
generating digital elevation models (DEMs) and digital surface model (DSMs) between the
two-point data in different areas, such as bare land, grassland, and forest. Therefore, it is
necessary to study the differences in DEM and DSM generation results in different regions
and the differences in individual tree structural parameter extraction results of different
tree species based on the two-point data.

Accordingly, this study utilized a UAV to collect LIDAR data and stereo images, and
DEMSs, DSMs, and CHMs in different regions were generated through data processing.
Then, individual tree heights and crown widths of four different tree species were extracted
based on the individual tree segmentation results of the CHM. Furthermore, comparative
research was conducted to systematically explore the differences in DEMs and DSMs in
different regions and the differences in the individual tree structural parameter extraction
results of different tree species based on LiDAR points and image points. The study aims
to achieve the following objectives: (1) to explore the differences in generating DEMs
and DSMs in different regions from LiDAR points versus image points; (2) to explore the
differences in the extraction results of individual tree heights and crown widths from LiDAR
points versus image points; and (3) to explore the differences in extracting individual tree
heights and crown widths of different tree species from LiDAR points versus image points.
The results of this study not only provide technical guidance for low-cost forest resource
investigation and monitoring, but also provide scientific data support for the sustainable
management and development of forest resources.

2. Materials and Methods
2.1. Study Area

As shown in Figure 1, The study was carried out in a mixed broad-leaved tree plan-
tation, with an area of 2 hectares in Guilin, Guangxi Zhuang Autonomous Region, China
(110°17'44” E-110°17'50" E, 25°3/46" N-25°3'50" N). The terrain in most parts was rela-
tively flat, with only some steep slopes in the southern and southeastern regions. The pre-
dominant tree species mainly included Cinnamomum camphora (Cinnamomum camphora
(L.) Presl), Osmanthus fragrans (Osmanthus sp.), Liriodendron chinense (Liriodendron chinense
(Hemsl.) Sarg.), and Magnolia grandiflora (Magnolia grandiflora L.). Among the four tree
species, Cinnamomum camphora, Osmanthus fragrans, and Magnolia grandiflora are ever-
green broad-leaved trees, whereas Liriodendron chinense is a deciduous broad-leaved tree.

2.2. Data Collection and Processing
1.  Field Data

On 6 October 2021, a total station was employed in conjunction with real-time kine-
matic (RTK) measurements to obtain the horizontal positioning and the elevation informa-
tion for individual trees. In addition, 21 ground points in the open areas free of canopy
cover were collected using RTK on 1 April 2023. The tree heights were measured with a
measuring pole while recording the species information. The crown diameters of individual
trees were measured in both the east-west and north-south directions determined via a
mobile phone compass. The edges of individual tree crowns were visually determined
by people standing under the canopy. The mean of the crown diameter measurements
in the east-west and north-south directions is used as the crown width. A total of
143 trees were measured, including 8 Cinnamomum camphora, 87 Osmanthus fragrans,
14 Liriodendron chinense, and 34 Magnolia grandiflora. The specific statistical results
are shown in Table 1.
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Figure 1. Location of the study area: (a) Cinnamomum camphora; (b) Magnolia grandiflora;
(c) Osmanthus fragrans; (d) Liriodendron chinense.

Table 1. Statistical results of field measurement (SD represents standard deviation).

Trees Species Number (Tree) Mean Tree Mean Crown SD of Tree SD of Crown
Height (m) Width (m) Height (m) Width (m)
Cinnamomum camphora 8 8.83 6.99 0.75 1.03
Osmanthus fragrans 87 4.19 3.63 0.76 0.87
Liriodendron chinense 14 16.16 6.06 0.68 1.25
Magnolia grandiflora 34 8.32 4.88 0.86 0.75

2. UAV LiDAR Point Cloud Data

On 4 July 2022, the LiDAR points cloud data (hereinafter referred to as LIDAR points)
were obtained using a DJI Zenmuse L1 sensor mounted on a DJI Matrice 300 RTK UAV. The
operation mode of the UAV was mapping aerial photography, with a flight altitude of 80 m
and a side overlap of 70%. The echo mode was dual echoes, with a scanning frequency of
240 KHZ and a scanning mode of repeated scanning.

The acquired LiDAR data were preprocessed to generate LiDAR points in LAS for-
mat using DJI Terra V3.6.8 software; the average point density of LiDAR points was
439.75 points/m?. The LiDAR points were denoised and classified, and then the classified
ground points were interpolated into a DEM using the inverse distance weighting interpo-
lation algorithm in LiDAR360 V6.0 software. The inverse distance weighting interpolation
algorithm is a distance-based interpolation method that assumes that similar points in space
have similar attribute values. The algorithm uses the reciprocal of distance as the weight,
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so that the weight of points closer to each other is larger, while the weight of points farther
away is smaller, enabling a more accurate estimation of the elevation values of unknown
points. To avoid the effect of pits in the CHM for individual tree segmentation, the pit-free
algorithm was used to generate a DSM using “lidR” packages in R 4.2.1 software [19].
Specifically, the classified non-ground points were normalized based on the DEM. The
normalized points were separated into multiple layers with different height thresholds
and every layer was interpolated into the DSM using the triangular irregular network
(TIN) algorithm. The DSMs of all layers were stacked to generate the final DSM using the
maximum value. A CHM with a spatial resolution of 2 cm could be obtained by subtracting
the DEM from the DSM. Through multiple experiments, it was found that the generated
CHM could effectively remove the pits by using height thresholds of 0, 1, 5, 8, and 10 m.

3.  High-resolution RGB Stereo Image-derived Point Cloud Data

On 4 July 2022, high-resolution RGB stereo images were obtained using a consumer-
grade RGB camera mounted on a DJI Phantom 4 RTK UAV. The flight mode was a five-
directional flight mode, with a flight altitude of 60 m. The longitudinal overlap was 80%,
and the side overlap was 70%.

The acquired high-resolution RGB stereo images were processed to generate a DSM
using ContextCapture 4.4.12 software and simultaneously were processed to generate point
data (hereinafter referred to as image points) using Pix4D 4.7.5 software. The average
point density of image points was 1015.68/m?. Then, the image points were denoised and
classified, and then the classified ground points were interpolated into the DEM using the
inverse distance weighting interpolation method algorithm in LiDAR360 V6.0 software [20].
A CHM with a spatial resolution of 2 cm was obtained by subtracting the DEM from
the DSM.

The accuracy of the DEM is closely related to the subsequent generation of the
CHM. Therefore, the differences between the DEMs generated from LiDAR and image
points and field-measured elevation were evaluated using R? and root mean square error
(RMSE) [18,21].

2.3. Individual Tree Crown Segmentation

The watershed segmentation algorithm is a segmentation method based on the mathe-
matical morphology of topological theory. The basic idea is to treat the inverted CHM as a
topographic terrain image, where the elevation of each point is indicated by its grayscale
value. Each local minimum and its affected area are called catchment basins, and the point
on the boundary between the catchment basins becomes the watershed [22]. The watershed
algorithm involves an iterative calculation process, mainly including two steps: sorting
and flooding. During the sorting process, the grayscale values of each pixel are sorted from
low to high. Then, during the flooding process from low to high, a first-input-first-output
(FIFO) structure is used to judge and label each minimum value in the image domain at
a certain height. Due to the good response to weak edges, the watershed algorithm has
been successfully used in individual tree segmentation research and has achieved good
segmentation results [23-25]. Therefore, the watershed algorithm was used for individual
tree segmentation in this study. During the individual tree segmentation process, it was nec-
essary to determine the values of two parameters: the Gaussian smoothing factor and the
smoothing window radius. Through multiple experiments with LiDAR360 V6.0 software,
the Gaussian smoothing factor was set to 16, and the smoothing window radius was set to
111 pixels.

To further assess the accuracy of the individual tree segmentation results, a com-
parison was made between the results obtained from the watershed algorithm and the
field-measured data. The accuracy of individual tree segmentation results was evaluated
using recall (1), precision (p), and F-score (F) [26,27].
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2.4. Individual Tree Structure Parameter Extraction

Based on the individual tree segmentation results, individual tree crown widths and
heights were extracted. Specifically, the four corner points of each tree crown were calculated
based on the vectorized individual tree segmentation results using ArcGIS 10.6 software. By
subtracting the northernmost coordinates from the southernmost coordinates, and the
easternmost coordinates from the westernmost coordinates of the four points on the tree
crown, then taking the average, an individual tree crown width can be obtained. At the
same time, the local maximum method was used in ArcGIS 10.6 software to extract the
maximum CHM values within the vectorized region of each individual tree segmentation
as the extraction results for the individual tree heights.

To further explore the differences in the extraction results of individual tree structural
parameters between LiDAR points and image points for different tree species, the extraction
results of individual tree crown widths and tree heights for different tree species were
statistically analyzed and compared.

3. Results
3.1. Analysis of the Generation Results of the DEMs and DSMs

1.  Results of the DEMs

The correlations between the DEMs generated from image points and LiDAR points
and field-measured elevations were analyzed, as shown in Figure 2.
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Figure 2. Elevation correlation analysis results: (a) comparing results of the DEMs generated from
image points and field-measured elevation; (b) comparing results of the DEMs generated from LiDAR
points and field-measured elevation.

The results shown in Figure 2 indicate that the DEMs generated from both image
points and LiDAR points are highly correlated with field-measured elevations, with an R?
of 0.95 and 0.97, and a RMSE of 0.28 and 0.24 m, respectively. The difference in correlation
results was evaluated through a t-test in Python, and the p-value was 0.76, which indicated
that there was no significant difference between the DEMs generated based on the image
points and the LiDAR points. The spatial distributions of the DEMs generated based on the
image points and LiDAR points, as well as the differences, are shown in Figure 3.

The results in Figure 3a,b show that both DEMs’ values are within the range of
134-140 m, but the DEM generated from LiDAR points exhibits smoother readings in areas
with a high canopy closure. Additionally, the difference between two DEMs in areas with a
high canopy closure is also relatively large, as shown in Figure 3c.
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Figure 3. Spatial distribution of DEMs and the differences: (a) DEM generated based on image points;
(b) DEM generated based on LiDAR points; (c) difference between the two DEMs.
To further demonstrate the differences between the two DEMs, two cross sections,
a and b, with relatively high and low canopy closure, respectively, were selected on the
spatial distributions of the DEMs (as shown in Figure 3) and are presented in Figure 4.
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Figure 4. Distribution maps of elevation differences between the two DEMs for different cross
sections: (a) cross section a; (b) cross section b.

According to Figure 4, it is evident that the elevation values of the DEMs generated
based on image points are generally higher than those obtained from LiDAR points. In
areas without forest, the elevation values of the two DEMs are almost identical. However,
as the forest canopy closure increases, the differences between the values of the two DEMs
tend to increase.

2. Results of the DSMs

Compared to ground points, both image points and LiDAR points include more forest
canopy points, so the generated DSM has higher accuracy in theory. However, further
verification is needed to explore the differences between the DSMs generated from LiDAR
points and image points. The elevation distributions of the DSMs generated based on
image points and LiDAR points, as well as the differences, are shown in Figure 5.
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Figure 5. Spatial distribution of the DSMs and the differences: (a) DSM generated based on image
points; (b) DSM generated based on LiDAR points; (c) difference between the two DSMs.

The results in Figure 5a,b show that both DSMs’ values are within the range of
140-157 m, indicating that the maximum tree height is within 15 m. As shown in Figure 5c,
the differences between the DSMs mainly occur at the boundary of the tree canopy.

To further explore the differences between the DSMs, two cross sections, a and b,
with relatively high and low canopy closure, respectively, were selected on the spatial
distributions of the DSMs (as shown in Figure 5) and are presented in Figures 6 and 7.
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Figure 6. Cross section a: (a) elevation distribution map; (b) grassland; (c¢) canopy boundary;
(d) canopy top; (e) flatland. (Note: The red, purple, green, and orange rectangles correspond to the
grassland, canopy boundary, canopy top, and flatland, respectively).
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Figure 7. Cross section b: (a) elevation distribution map; (b) grassland; (c¢) canopy boundary;
(d) canopy top; (e) flatland. (Note: The red, purple, green, and orange rectangles correspond to the
grassland, canopy boundary, canopy top, and flatland, respectively).

Figures 6a and 7a indicate that the elevation values of the DSM generated based on
image points are higher than those obtained from LiDAR points. Specifically, in the case of
grassland areas, the elevation values of the DSM generated from image points are higher
than those obtained from LiDAR points, as shown in Figures 6b and 7b. In the canopy
boundary area, the DSM generated based on LiDAR points has higher elevation values
than those obtained from image points, as shown in Figures 6¢ and 7c. However, for the
canopy top, the elevation values of the DSM generated from image points are higher than
those obtained from LiDAR points, as shown in Figures 6d and 7d. In the case of flatland
areas, the elevation values of the DSM generated from image points are higher than those
obtained from LiDAR points, but the differences are relatively small, only about 0.1 m, as
shown in Figures 6e and 7e.

3.2. Analysis of Individual Tree Segmentation Results and Extraction Results for the Structural
Parameters of Individual Trees

1.  Segmentation Results for Individual Trees

The segmentation results for individual trees based on the CHM using the watershed
algorithm are shown in Figure 8.

As shown in Figure 8, accurate segmentation results were obtained using the water-
shed algorithm based on the CHMs generated from both image points and LiDAR points,
but there are still some over-segmentations and under-segmentations. The segmentation
results of 143 trees shown in Figure 8 were statistically analyzed, as shown in Table 2.
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Figure 8. Individual tree segmentation results: (a) results based on the CHM generated from image
points; (b) results based on the CHM generated from LiDAR points.

Table 2. Statistical results of individual tree segmentation. (TP represents the number of trees that
are correctly segmented; FN represents the number of trees that are under-segmented; FP represents
the number of trees that are over-segmented; r represents recall; p represents precision; F represents

F-score).
Data Type Quantity (Trees) TP FN FP r (%) p (%) F (%)
UAV-RGB 143 118 10 15 92.19 88.72 90.42
UAV-LiDAR 143 112 13 18 89.60 86.15 87.84

Based on Table 2, it is shown that for the segmentation results of the image points,
fifteen trees were over-segmented, seven trees were under-segmented, and three trees
were not segmented, resulting in an r of 92.19%, p of 88.72%, and F of 90.42%. For the
segmentation results of the LIDAR points, eighteen trees were over-segmented, six trees
were under-segmented, and seven trees were not segmented, resulting in an r of 89.60%,
p of 86.15%, and F of 87.84%. The results indicate that the individual tree segmentation
results of the image points are better than those of the LiDAR points.

2. Result of Tree Crown Width Extraction

To further quantify the differences in crown width extraction based on image points
and LiDAR points, a correlation analysis was conducted between the crown width extrac-
tion results and the field-measured crown widths, as shown in Figure 9.

From the results shown in Figure 9, the results of the crown width extraction based on
image points and LiDAR points exhibit a high correlation with the field-measured crown
widths. Additionally, the crown width extraction results based on the LiDAR points have
a higher correlation (R? = 0.93, RMSE = 0.79 m) than those based on the image points
(R? = 0.88, RMSE = 0.89 m). Performing a t-test to obtain the difference between the crown
width extraction results, the p-value was 0.19, which is much greater than 0.05, indicating
that there is no significant difference in crown width extraction results between the image
points and LiDAR points.
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Figure 9. Crown width correlation analysis results: (a) correlation between crown width extracted
from image points and field-measured crown width; (b) correlation between crown width extracted
from LiDAR points and field-measured crown width.
3. Result of Tree Height Extraction
Similarly, correlation analysis was conducted between the individual tree height
extraction results and the field-measured tree height, as shown in Figure 10.
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Figure 10. Tree height correlation analysis results: (a) correlation between tree height extracted from
image points and field-measured tree height; (b) correlation between tree height extracted from
LiDAR points and field-measured tree height.

As shown in Figure 10, the extraction results of the tree height based both on image
points and LiDAR points exhibit a high correlation with the field-measured tree height,
with an R? of 0.99 and 0.99, and a RMSE of 0.68 and 0.51 m, respectively. Performing a
t-test to obtain the difference between tree height extraction results, the p-value was 0.60,
which is much greater than 0.05, indicating that there is no significant difference in tree
height extraction results between the image points and LiDAR points. Therefore, under
cost-control conditions, image points can be used to replace LiDAR points for extracting
individual tree structural parameters.
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3.3. Comparison of Crown Width and Height Extraction Results for Different Tree Species

To explore the differences in crown width and tree height extraction results of different tree
species based on LiDAR points and image points, four tree species (Cinnamomum camphora,
Osmanthus fragrans, Liriodendron chinense, and Magnolia grandiflora) were studied.

1.  Extraction Results of Crown Width for Different Tree Species

Based on LiDAR points and image points, the crown widths of four tree species
were extracted; the correlation results with the field-measured crown widths are shown
in Figure 11.
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Figure 11. Correlation results between field-measured and extracted crown width of different tree
species based on LiDAR points and image points: (a) Cinnamomum camphora; (b) Osmanthus
fragrans; (c) Liriodendron chinense; (d) Magnolia grandiflora.

From the results shown in Figure 11, among four different tree species, the crown
width extraction accuracy of Cinnamomum camphora is the highest, with an R? of 0.94 and
a RMSE of 0.77 m for LIDAR points, and with an R? of 0.90 and a RMSE of 0.70 m for image
points. The crown width extraction accuracy of Magnolia grandiflora is the lowest, with
an R? of 0.65 and a RMSE of 0.81 m for LIDAR points, and with an R? of 0.69 and a RMSE
of 0.70 m for image points. For Cinnamomum camphora and Liriodendron chinense, the
crown width extraction results based on the LiDAR points are better than those obtained
from the image points. However, for Osmanthus fragrans and Magnolia grandiflora, the
crown width extraction results based on the image points are superior to those obtained
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from the LiDAR points. In the case of Liriodendron chinense, the difference in crown
extraction results between the LiDAR points and image points is the greatest, with an R? of
0.90 and a RMSE of 1.03 m for the LIDAR points, and with an R? of 0.76 and a RMSE of
1.37 m for the image points. The R? and RMSE were 0.14 and 0.34 m, respectively. For the
remaining three tree species, the differences in the crown extraction results between the
LiDAR points and image points are relatively small, with the maximum difference of 0.04
for the R? and 0.15 m for the RMSE.

To further test whether the differences in the crown width extraction results are
significant, one-way analysis of variance (ANOVA) was performed on the crown width
extraction results of four tree species based on LiDAR points and image points using Origin
Pro 2018 software, as shown in Tables 3 and 4.

Table 3. Analysis of variance for crown width of different tree species extracted from both LiDAR
points and image points.

- Data Sources DF Square Sum Mean Square F p
Model 3 193.43 64.48 41.03 0
Error LiDAR points 140 207.41 1.57 - -
Total 143 400.84 - - -
Model 3 219.28 73.09 48.75 0
Error Image points 140 197.71 1.50 - -
Total 143 417.18 - - -

Note: DF represents the degrees of freedom.

Table 4. Tukey’s test for crown width extraction results of different tree species based on LiDAR
points and image points.

Data Sources Species Mean Square SEM q P Alpha Sig
aandb 3.49 0.47 10.58 0 0.05 1
aand c 1.56 0.53 1.50 0 0.05 1
. . aand d 217 0.49 6.27 0 0.05 1
LIDAR points band c 293 0.33 12.56 0 0.05 1
bandd 1.33 0.25 7.42 0 0.05 1
cand d —1.60 0.36 6.29 0 0.05 1
aandb 3.45 0.46 10.69 0 0.05 1
aand c 1.59 0.52 0.53 0 0.05 1
Image points aandd 2.00 0.48 5.94 0 0.05 1
band ¢ 3.25 0.32 14.27 0 0.05 1
bandd 1.44 0.25 8.25 0 0.05 1
cand d —1.81 0.35 7.28 0 0.05 1

Note: a, b, ¢, and d represent Cinnamomum camphora, Osmanthus fragrans, Liriodendron chinense, and Magnolia
grandiflora, respectively. SEM (standard error of the mean) represents the standard error between the sample
mean and the population mean; q is used to calculate the mean differences between each treatment group;
p represents the probability value; Alpha represents the significance level in Tukey’s test; and sig represents the
significance level of the test results.

By analyzing the results shown in Table 3, it was found that the p-values were all
less than 0.05, indicating that further Tukey’s tests could be performed to analyze the
differences in crown width extraction among different tree species. By analyzing the results
of Tukey’s tests on the differences in crown width extraction among different tree species
shown in Table 4, it was found that all the p-values were less than 0.05, indicating that all
the differences in crown width extraction results among different tree species based on
both LiDAR points and image points were significant.

2. Extraction Results of Tree Height for Different Tree Species

Similarly, the correlation results between the field-measured and the extracted tree
heights of different tree species based on LiDAR points and image points are shown
in Figure 12.
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Figure 12. Correlation results between the measured tree heights and the extracted tree heights
of different tree species based on LiDAR points and image points: (a) Cinnamomum camphora;
(b) Osmanthus fragrans; (c) Liriodendron chinense; (d) Magnolia grandiflora.

The results presented in Figure 12 suggest that among four different tree species, the
tree height extraction accuracy of Magnolia grandiflora is the highest, with an R? of 0.89
and a RMSE of 0.57 m for LiDAR points, and with an R? of 0.90 and a RMSE of 0.62 m for
image points. In contrast, the tree height extraction accuracy of Liriodendron chinense is
the lowest, with an R? of 0.69 and a RMSE of 0.54 m for LIDAR points, and with an R? of
0.62 and a RMSE of 0.65 m for image points. For Liriodendron chinense, the tree height
extraction results based on LiDAR points outperform those obtained from image points.
In contrast, for Cinnamomum camphora, Osmanthus fragrans, and Magnolia grandiflora,
the tree height extraction results based on image points are superior to those obtained
from LiDAR points. Specifically, the difference in tree height extraction results between the
LiDAR points and image points is the largest for Liriodendron chinense, with a difference
in R? of 0.07 and in RMSE of 0.11 m. Comparatively, for the other three tree species, the
differences in RZ and RMSE are relatively small, with the maximum differences in R? and
RMSE being 0.03 and 0.06 m, respectively.

To further test whether the differences in tree height extraction results are significant,
Origin Pro 2018 software was used to perform ANOVA, and the results are shown in
Tables 5 and 6.
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Table 5. Analysis of variance for tree heights of different tree species extracted from both LiDAR
points and image points.

- Data Sources DF Square Sum Mean Square F p
Model 3 1807.52 602.51 674.85 0
Error LiDAR points 140 107.14 0.89 - -
Total 143 1914.66 - - -
Model 3 1766.07 588.69 649.71 0
Error Image points 140 108.73 091 - -
Total 143 1874.80 - - -

Table 6. Tukey’s test for tree height extraction results of different tree species based on LiDAR points
and image points.

Data Sources Species Mean Square SEM q p Alpha Sig
aandb 4.83 0.35 19.32 0 0.05 1
aand c -7.10 0.42 23.99 0 0.05 1
. . aandd 3.54 0.37 12.07 0 0.05 1
LIDAR points bandc 11.93 028 60.84 0 0.05 1
band d 44.28 0.20 30.51 0 0.05 1
candd —7.65 0.30 36.05 0 0.05 1
aandb 4.80 0.36 19.11 0 0.05 1
aandc —6.97 0.42 23.36 0 0.05 1
Image points aandd 3.71 0.37 12.13 0 0.05 1
bandc 11.78 0.28 59.61 0 0.05 1
band d 4.26 0.20 30.16 0 0.05 1
cand d —7.51 0.30 35.15 0 0.05 1

Note: a, b, ¢, and d represent Cinnamomum camphora, Osmanthus fragrans, Liriodendron chinense, and Magnolia
grandiflora, respectively. SEM (standard error of the mean) represents the standard error between the sample
mean and the population mean; q is used to calculate the mean differences between each treatment group;
p represents the probability value; Alpha represents the significance level in Tukey’s test; and sig represents the
significance level of the test results.

By analyzing the results shown in Table 5, it was found that all the p-values were
less than 0.05, indicating that further Tukey’s tests could be performed to analyze the
differences in tree height extraction among different tree species. By analyzing the results
of the Tukey’s tests shown in Table 6, it was found that all the p-values were less than
0.05, indicating that all the differences in tree height extraction results among different tree
species based on both LiDAR points and image points were significant.

To summarize, for the extraction of the individual tree crown width and tree height,
the results of different tree species based on LiDAR points and image points are different.
Statistics are provided on the methods with better extraction results for individual tree
crown width and tree height of different tree species, as shown in Table 7.

Table 7. Statistics on methods with greater extraction results for individual tree crown width and tree
height of different tree species.

Tree Species/

Structural Parameters Crown Width Tree Height
Cinnamomum camphora UAV-LiDAR UAV-RGB
Osmanthus fragrans UAV-RGB UAV-RGB

Liriodendron chinense UAV-LiDAR UAV-LiDAR
Magnolia grandiflora UAV-RGB UAV-RGB

As shown in Table 7, for the extraction of individual tree structural parameters, the
LiDAR points and image points have their own advantages and disadvantages, and the
extraction accuracy is closely related to the tree species.
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4. Discussion
4.1. Differences in Analysis of DEM and DSM Results

In this study, LIDAR points and image points were used to generate DEMs. The results
showed that the DEM generated based on LiDAR points had greater accuracy than that
obtained from image points, but the difference was not significant. This finding is in line
with the results of previous studies. For instance, Tilly et al. [28] studied the difference
between the DEMs generated from UAV image points and LiDAR points, and the results
showed that the accuracy of the DEM generated from the LiDAR points was greater than
that obtained from the image points. Wilkinson et al. [29] conducted a similar study and
obtained the same conclusion. The difference is closely related to the principles of obtaining
3D point data for LIDAR points and image points; that is, LIDAR points obtain 3D point
data through obtaining laser pulse echoes, while image points generate 3D point data
through stereo image calculation. Thus, LiDAR can penetrate the forest canopy and obtain
more ground points, whereas image points mainly consist of many canopy points and a few
ground points under the canopy. For example, the differences between the DEMs in cross
sections a and b indicate that in areas without trees, the elevation values of the two DEMs
are almost identical. In areas with a forest canopy, the DEM generated based on the LIDAR
points is more accurate than that obtained from the image points. Furthermore, as the forest
canopy closure increases, the difference between the elevation values of the two DEMs
tends to increase. This is similar to previous research findings, such as the research of
Guerra-Hernandez et al. [16], who found that the terrain surface elevation generated
based on UAV images was slightly higher than that generated by LiDAR, with an average
difference of 1.14 m and a standard deviation of 1.93 m. Goodbody et al. [30] investigated
the effect of forest canopy closure on DEMs by employing UAV images and UAV-LiDAR,
and found that for every 10% in the forest canopy closure, the error of the DEM increased
by approximately 0.03 m. In addition to the forest canopy closure, the ground slope is also
a major factor that affects the generation of DEMs from ground points. For flat terrain, even
if the high forest canopy closure results in less ground points being obtained, a relatively
accurate DEM can still be obtained through interpolation algorithms. However, when
the topography beneath the forest is rugged and the slope is steep, the accuracy of DEM
interpolation is to some extent compromised [31]. Therefore, in future research on forest
structural parameter estimation using the DEM, when the forest canopy closure is relatively
low or the terrain is relatively flat, UAV-LiDAR or UAV-RGB images can be used for direct
measurement. However, in forest stands with relatively high canopy closure and a complex
terrain, it is recommended to frequently use high-precision positioning equipment such as
total stations to obtain ground points under the canopy to generate more accurate DEMs,
as well as to further improve the accuracy of forest structural parameter estimation.

In addition to the DEM, the DSM is also a key factor affecting the quality of the CHM
and thus plays an important role in the extraction of individual tree structural parameters.
In this study, both LiDAR points and image points were used to generate DSMs, and
the DSMs generated from LiDAR points always had higher elevation values than those
generated from image points in grassland or forest areas (as shown in Figures 6 and 7).
This was mainly due to the randomness and discreteness of LiDAR points; it is not possible
to accurately locate key positions in the vegetation canopy, such as the crown vertex.
Therefore, it is difficult to accurately obtain crown vertex information from LiDAR points.
The maximum value obtained based on LiDAR points may come from the area near the
crown vertex rather than the actual tree vertex, commonly resulting in the extracted tree
height being lower than the actual value. In addition, LiDAR points can penetrate the
surface of the vegetation within the interior of the canopy and even the ground. In contrast,
the image points were obtained from stereo images using the SFM algorithm, which can
more easily obtain key positions on the surface of vegetation canopy in unobstructed areas,
such as the crown vertex. Based on the above reasons, the estimated elevation values of the
image points were relatively higher than those obtained from the LiDAR points in grassland
and forest areas. However, in non-vegetation areas, the elevation values estimated by the
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LiDAR points and image points were basically the same. This is also the reason why the
tree heights extracted from image points are relatively higher than those extracted from
LiDAR points (as shown in Figure 12). The results indicate that there were relatively large
differences between the DSMs generated from the two types of data in the vegetation areas,
whereas the differences were relatively minor in the non-vegetation areas. This finding is
consistent with the results of earlier research, such as that conducted by Rogers et al. [32],
who studied the differences between DSMs generated from UAV photogrammetry and
LiDAR data, and found that the differences were relatively large in the vegetation area,
while the differences were small in the non-vegetation area.

4.2. Analyzing the Differences between the Extraction Results of the Structural Parameters
of Individual Trees

As the main forms of acquiring 3D point data, LIDAR points and image points are
widely used in the extraction of individual tree structural parameters. For example, Zarco-
Tejada et al. [33] estimated the individual tree height of an olive tree through a UAV
equipped with an RGB camera, and the results demonstrated an R? of 0.93 and a RMSE
of 0.35 m. Yu et al. [34] used multi-temporal UAV LiDAR data to monitor the growth
and changes in Scottish pine, resulting in an R? of 0.68 and a RMSE of 0.43 m. The above
research results indicate that both image points and LiDAR points are indeed capable of
accurately extracting an individual tree height. The conclusion of this study is consistent
with previous research. In this study, both image points and LiDAR points were used to
extract individual tree heights, with an R2 0f 0.99 and 0.99, and a RMSE of 0.68 m and 0.51 m
being obtained, respectively. The greater accuracy in obtaining the tree height is mainly
related to plantations with a relatively flat terrain and simple structure. Additionally, the
results show that there is no significant difference between the tree height extraction results
based on the LiDAR points and image points. This is mainly because of the relatively
flat terrain and relatively low forest canopy closure in the plantation. Moreover, with
the rapid development of the SFM algorithm and computer science, the accuracy of tree
height extraction using image points for a plantation is comparable to that obtained from
LiDAR points.

In addition to tree height, the crown width of individual trees is also an important
structural parameter for volume estimation. In this study, image points and LiDAR points
were used to extract the crown width of individual trees, and the result based on the LIDAR
points had a higher accuracy (R? = 0.93, RMSE = 0.79 m) than that obtained from the image
points (R? = 0.88, RMSE = 0.89 m). By performing a t-test, it was demonstrated that there
was no significant difference in the crown width extraction results between the image
points and LiDAR points. Therefore, under cost-control conditions, image points are able
to replace LiDAR points for extracting individual tree structural parameters.

4.3. Analyzing the Differences between the Results of Structural Parameter Extraction for Different
Tree Species

The extraction results for the individual tree structural parameters are not only influ-
enced by the data type used, but also by the tree species. The structural characteristics
of different tree species differ, and the principles of the acquisition of LiDAR points and
image points also differ, resulting in differences in the extraction of structural parameters.
As shown in Figure 11, for Cinnamomum camphora, Osmanthus fragrans, and Magnolia
grandiflora, the differences in the crown extraction results between the LiDAR points and
image points are relatively small, with a maximum difference of 0.04 for the R?and 0.15m
for the RMSE. In contrast, for Liriodendron chinense, the difference is the greatest, with
an R? difference of 0.14 and a RMSE difference of 0.34 m. This is mainly determined by
the structural differences of different tree species. Specifically, Cinnamomum camphora,
Osmanthus fragrans, and Magnolia grandiflora are evergreen trees with umbrella-shaped
crowns, while Liriodendron chinense are deciduous trees with conical crowns. The conical
tree crown and larger crown thickness (the distance from the height of the lowest branch to
the crown vertex) usually causes the middle and lower parts of the crown to be obstructed
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by adjacent crowns, resulting in the inability to capture unobstructed images of the middle
and lower part of the crown from all angles during oblique photography. Therefore, when
using the SFM algorithm to generate 3D point cloud data based on obtained stereo images,
it is not possible to obtain the complete point cloud data for the middle and lower parts
of the tree crown, with the result that the CHM generated based on 3D point cloud data
is not able to describe the complete tree crown, ultimately resulting in certain errors in
the crown width extraction of individual trees. In contrast, LIDAR obtains point cloud
data by emitting laser pulses, which can obtain relatively complete information about the
middle and lower canopy parts, thereby achieving accurate extraction of individual tree
canopy width. Different crown shapes are the main reason for the differences in crown
extraction results between LiDAR points and image points. Thus, in the future, in the
case of extracting the crown width of tree species with umbrella-shaped crowns or dense
crowns, it is recommended to use the UAV high-resolution image acquisition method.
When extracting the crown width of tree species with conical or sparse crowns, the UAV
LiDAR method is recommended. However, if the cost needs to be controlled, the UAV
high-resolution image method is the optimal choice.

Similarly, the tree heights of four different tree species were extracted separately
based on the LiDAR points and image points. The results showed that for Liriodendron
chinense, the tree height extraction results based on the LiDAR points were better than
those derived from the image points. For Cinnamomum camphora, Osmanthus fragrans,
and Magnolia grandiflora, the tree height extraction results based on the image points were
superior to those obtained from the LiDAR points. Although for different tree species there
are differences in the tree height extraction results between the LiDAR points and image
points, the differences are relatively small, with a maximum R? difference of 0.07 and a
maximum RMSE difference of 0.11 m. The results indicate that there is little difference in
the results between the LiIDAR points and image points when extracting the height of the
same tree species. When the heights of different tree species were extracted, the accuracy of
determining the tree height of Liriodendron chinense was the lowest among the four tree
species. This is mainly because the crown of Liriodendron chinense has a conical structure,
and both LiDAR points and image points cannot capture the crown vertex well, resulting
in relatively weak tree height extraction results. Therefore, in future research on estimating
the height of individual trees, the UAV high-resolution image method is recommended,
which can greatly save on costs while still ensuring accuracy.

As shown in Table 1, the standard deviations of the tree height and crown width for
each tree species in the study area are relatively small; thus, the above results were obtained.
However, when the forest trees have more variability in tree height, crown width, and
forest age, the results of tree height and crown width extraction, as well as the differences
in extraction results among different tree species may be different from the results of our
study area.

5. Conclusions

The results of this study indicate that both LIDAR points and image points can generate
accurate DEMs and DSMs and accurately extract individual tree height and crown width.
This not only provides economically reliable technical means for the monitoring of forest
time-series growth, but also provides basic data for a global correction of understory DEMs
through the generation of high-accuracy DEMs. At the same time, accurate extraction of
individual tree structural parameters can not only provide high-precision verification data
for other data sources, such as ICESAT-2 and GF-7, but also provide data support for other
related research, such as on carbon storage estimation, biodiversity, climate change, digital
city modeling, etc. However, there are still some limitations in the study. In particular, the
terrain of the study area is relatively flat, with little variation in slope and relatively simple
plantation forest structures. In addition, when extracting and comparing the differences in
individual tree structural parameters of different tree species using two forms of data, only
the differences between four different broad-leaved tree species were considered, without



Drones 2023, 7, 317 19 of 20

considering the differences between more tree species or coniferous tree species. Therefore,
in future studies, more complex terrain and more diverse tree species should be considered
to further validate the differences between extracting individual structural parameters with
LiDAR points and image points.
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