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ABSTRACT The parameters of individual trees in forests are important for accurate forestry inventory and
sustainable management. Unmanned aerial vehicle (UAV) oblique photogrammetry technology plays an
important role in forest surveys because of its flexibility, low cost, high spatial data resolution. Few studies
have committed to extract individual tree parameters and estimate individual tree biomass using oblique
photography data. In this study, images of larch(Larix gmelinii) and Chinese pine(Pinus tabuliformis) plan-
tations with different ages were acquired byUAV oblique photogrammetry. Then, three dimension (3D) point
clouds were constructed recovered by the structure from motion (SFM) algorithm and than normalized. The
watershed segmentation, point cloud segmentation (PCS) and object-oriented multiresolution segmentation
(MRS) methods were used to delineate individual trees and extract tree height and crown area. Finally,
stepwise regression was used to fitting individual tree biomass models based on the point cloud metrics,
crown area obtained from individual tree segmentation and measured biomass. The results indicated that:
most suitable segmentation method are determined for different tree species at different ages; optimal
prediction models of individual tree biomass can be constructed by combining the point cloud metrics
with the tree crown area obtained by segmentation, accuracy of the models are all greater than 0.8. The
results show that UAV oblique photography technology can be used to accurately extract the individual tree
parameters of larch and Chinese pine plantation forests in northern China and can meet the requirements of
large-scale and low-cost forestry inventory.

INDEX TERMS UAV oblique photography, point clouds, individual tree segmentation, individual tree
parameters, individual tree biomass models.

I. INTRODUCTION
Plantation forests account for approximately 7.3% of global
forest resources and play an important role in mitigating
global climate change, conserving water resources and pro-
tecting biodiversity. Accurate and efficient measurement of
individual tree parameters is the basis of inventorying plan-
tation forest resources [1]–[3]. Traditional forestry meth-
ods require in-depth outdoor ground-level measurements,
which are time-consuming, labor-intensive, and inefficient.
It is difficult to obtain continuous individual tree param-
eters over large areas [4], [5]. The proposal of precision
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forestry poses new challenges to the traditional forestry
management model. Efficient acquisition of nondestructive,
high-resolution forestry data represents the key to accurate
extraction of individual tree parameters [6], [7].

With the rapid development of modern remote sensing
technology, it has become possible to obtain large-scale forest
information and monitor the growth of trees and the distribu-
tion of forest resources quickly and efficiently. Many studies
on the extraction of forest parameters have been based on
satellite images, but due to the high cost, spatial and spectral
resolution, and influence of atmospheric conditions and other
factors, the precise acquisition of individual tree parame-
ters remains limited. Segmentation algorithms are the base
of individual tree parameters estimation. There are mainly
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two kinds of individual tree segmentation methods based on
point cloud data: one is based on normalized point clouds,
which is called NPC(normalized point cloud) method; the
other is based on canopy height model(CHM) generated by
point clouds interpolation. NPC method complete the seg-
mentation by setting distance threshold according to spatial
location relationship among point clouds, while the method
based on CHM detects the tree tops and tree crown by height
change of forests canopy surface. There are many image-
based segmentation methods, such as edge detection algo-
rithm, region segmentation, image threshold segmentation
and so on.

Among the existing remote sensing technologies for forest
resource inventories, light detection and ranging (LiDAR)
and photogrammetry are two commonly used methods for
obtaining 3D forest information [8]–[11]. LiDAR is a detec-
tion method that actively emits laser beams. With its advan-
tages of strong penetrability and resistance to weather,
it can obtain 3D information on forest canopy structure
and terrain with high accuracy. A large number of stud-
ies have shown that the point clouds generated by LiDAR
can accurately obtain forest scale and individual tree scale
structure information, such as tree height, crown area and
biomass [12], [13]. However, LiDAR does not include
spectral and textural information, and the acquisition cost
is relatively high, making it difficult to use for continuous
monitoring of forest growth. Unmanned aerial vehicle (UAV)
oblique photogrammetry technology is a high-precision
remote sensing measurement technology that has been
rapidly developed in recent years. It has gradually been
applied to forest parameter extraction and continuous mon-
itoring of forest growth and features advantages such as low
cost and high flexibility [14]–[16]. Compared with LiDAR,
oblique photography can not only obtain high-resolution,
high-overlap images but also reconstruct high-density point
clouds, so it can more accurately characterize forest canopy
information, realize the visualization of complex forest struc-
tures and reduce the possibility of missing treetops due to
insufficient point clouds density. In addition, the acquired
images have rich textural information, which can effectively
preserve the canopy edge information and has a unique
advantage in extracting the crown area accurately [17]–[20].

Jensen et al. (2016) extracted the height of sparse
mixed forest in Texas in the United States by using
three-dimensional point clouds produced from UAV
high-resolution images (R2 > 0.89), which yielded
results similar to those based on UAV-LiDAR [21].
Goodbody et al. (2017) used LiDAR and point clouds to esti-
mate the stem volume of a spruce forest in western Canada.
In that study, a digital elevation model (DEM) extracted from
the LiDAR data was used to normalize the point clouds,
and the prediction model was then constructed by the met-
rics extracted from UAV-acquired stereo-photogrammetric
point clouds and the measured values of the sample plot
(rRMSE = 18.5%) [22]. Giannetti et al. (2018) tested the
accuracy of estimating forest volume by using unnormalized

digital aerial photography (DAP) point cloud metrics in a
coniferous forest on a plain in Norway and in temperate
mixed forests in a mountainous area in Italy [23]. The
results showed that the forest volume can also be estimated
accurately by using unnormalized DAP point cloud metrics
(rRMSE = 15.9%-17.9%). Hernández et al. (2017) used
multitemporal high-resolution image data to monitor the
dynamic growth of golden pine plantations in central Portugal
and extracted the height and crown area of individual tree
at different times. The final estimation result of tree height
had an R2 of 0.96 [24]. Lin et al. (2018) used UAV oblique
photography to extract individual tree height and estimate
aboveground biomass of subalpine sparse coniferous forests
in Sichuan, China, and the research results showed that
oblique photogrammetry has good accuracy in estimating
tree height and biomass (RMSE = 1.77 m and 54.9 kg,
respectively) [25].

The above studies show that UAV oblique photogrammetry
technology can be efficiently and accurately applied to forest
resource monitoring and sustainable management. Oblique
data can not only generate point clouds similar to LiDAR to
describe the 3D information of forests, but also have spec-
tral information. However, most of the studies were based
on point clouds and did not consider the role of spectral
information. Point clouds metrics were used when estimating
biomass, and other parameters (such as crown area, crown
shape, etc.) were not considered. Besides, most of the studies
were conducted at the stand scale and involved mostly sparse
forestland [26], [27]; few of them set individual trees as the
research object, and there was no systematic comparison of
the application effects of different segmentation algorithms
for different densities, terrains, age classes, tree species and
other situations, resulting in a lack of scalability and prac-
ticality. The research goal of this paper is to use the 3D
information in point clouds and the spectral information of
the images to determine the algorithms suitable for extract-
ing individual tree parameters, and estimate individual tree
biomass using parameters and point cloud variables. In this
study, the typical plantations in northern China were taken
as the research object, and the application potential of UAV
oblique photography technology in the investigation of plan-
tation resources is explored. By constructing the technical
framework of automatic extraction of individual tree struc-
ture parameters, the adaptability of tree species segmenta-
tion algorithm for different forest ages is explored, which
provides a new way for low-cost and high-precision forest
investigation.

II. MATERIALS AND METHODS
In order to extract the parameters of individual tree, structure
from motion (SFM) algorithm was used to restore the point
clouds of original UAV oblique images. Tree height and
crown area of individual trees were estimated by segment-
ing normalized point cloud, CHM and orthophoto. Multiple
stepwise linear regression was used to construct individual
tree biomass models in different forest stands based on the
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FIGURE 1. Flowchart of individual tree parameters estimation. SFM:
structure from motion; GCPs: ground control points; DEM: digital
elevation model; DOM: digital orthophoto map; PCS: point cloud
segmentation; MRS: multi-resolution segmentation; MLR: multiple linear
regression; H: tree height; DBH: diameter at breast height.

point cloud metrics, crown area obtained from individual tree
segmentation and measured biomass. Flowchart of individual
tree parameters estimation is shown in Figure 1.

A. STUDY AREA AND FIELD MEASUREMENTS
The study area is located in the Wangyedian experimental
forest farm (118◦09’ ∼ 118◦30’ E, 41◦35’ ∼ 41◦50’ N) in
Karaqin Banner, Chifeng city, Inner Mongolia, China. The
elevation range of this mountainous is 200 ∼ 400 m, and
the slope is 15∼35◦ with complicated terrain conditions. The
annual average temperature is 7.4 ◦C, and the annual average
rainfall is 300-500 mm. The forest coverage in the study area
reaches 80%, and the vegetation types are diverse. There are
four mainly dominant tree species, including larch (Larix
gmelinii), Chinese pine (Pinus tabuliformis), spruce (Picea
asperata Mast.) and birch (Betula platyphylla Suk.). Among
them, larch and Chinese pine are the main tree species,
accounting for more than 90% of the planted area of the
plantation forests. The location of the study area and the
sample plot distribution are shown in Figure 2.

To ensure that the sample plots are uniformly distributed
and representative, systematic sampling was performed in the
Wangyedian area of Chifeng city, and the area was divided
into 22 grids with a size of 4km× 4km. Considering compre-
hensive factors such as tree species, forest age, and planting
density, six representative grids were selected. Within each
area, a square sample plot of 25 m × 25 m was set up.
In this study, 2 mature larch plots (L1, L2), 1 young larch
plot (L3), 2 mature Chinese pine plots (P1, P2) and 1 young
Chinese pine plot (P3) were selected to analyze the suitability
of UAV oblique photography for extracting individual tree

FIGURE 2. Study area and position of sample plots.

parameters for trees of different ages. Field measurements
were conducted from September 10-17, 2019. Trees with a
diameter at breast height (DBH) greater than 5 cm in the
plots were measured to determine position and certain param-
eters, including tree height, branch height, DBH and crown
width. The total tree height were measured with a Vertex V R©

ultrasonic laser altimeter, DBH was measured by the breast
diameter ruler at 1.3 m of the tree trunk on the uphill slope,
crown width was determined by the longest distance between
the north-south and east-west directions of the canopy by a
tape measure. The position of an individual tree was deter-
mined with Sanding STS-722 tripod laser total station. The
total station was located at a known point and used another
known point for orientation. The laser was emitted to height
of 1.3m of individual tree to obtain its position, the vertical
accuracies were within ± 10 cm. Other information, such as
slope, slope direction and canopy cover, were recorded at the
same time. The parameters of individual trees and the stand
density in the sample plots are shown in Table 1.

B. LiDAR DATA ACQUISITION AND PREPROCESSING
LiDAR data were acquired during September 15-18, 2019.
An Rc6-2000 UAV was equipped with a RIEGL vux-1
LiDAR sensor to acquire data within the sample area. The
overall point density is better than 25 points/m2. We removed
the noise points of the original data with the height threshold,
then aligned LiDAR points through boresight calibration. The
point clouds after noise removal and air belt splicing were
classified to distinguish ground points, vegetation, buildings
and other features. Then, the ground points were interpolated
with inverse distance weight (IDW) to generate a DEM with
a resolution of 0.2 m.

C. UAV OBLIQUE PHOTOGRAPHY DATA ACQUISITION
AND PREPROCESSING
UAV oblique photography data were obtained under sunny
and windless conditions during September 23-27, 2019.

96186 VOLUME 8, 2020



X. Zhou, X. Zhang: Individual Tree Parameters Estimation for Plantation Forests Based on UAV Oblique Photography

TABLE 1. Summary of measured sample plot parameters.

ADJIM600 Pro six-rotor UAV equippedwith a five-lens JHP
QX3MINI camera (1 vertical and 4 oblique lenses) collected
high spatial resolution RGB images of the study area. The
UAV had its own positioning system, and the flight height
range was 150-250 m, which was same as LiDAR data acqui-
sition and determined according to the altitude difference
between the UAV and the hillside on which the sample plots
were located. The course overlap was not less than 80%, and
the side overlap was not less than 70%. A total of six flights
were carried out, each flight time was 15-20 minutes and
obtained 2000-2500 images. In addition, in each plot area,
6 ground control points (GCPs) were uniformly arranged
around each plot to ensure that they were clearly visible in the
images [28]. The flights were completed within three hours
before and after noon to reduce the shadow effect of the solar
altitude angle. The geographical coordinates and elevation
of the GCPs were measured by real-time kinematic (RTK)
GPS measurements. The horizontal and vertical accuracies
were within ± 3 cm. The layout and measurement of ground
control points are shown in Figure 3.

The structure from motion (SFM) technique is an algo-
rithm that can reconstruct 3D structure from a large number
of unordered photos. First, the focal length information was
extracted from the images, then feature detection and match-
ing were carried out, and the camera orientation and scene
geometry information were automatically solved by iterative
bundle adjustment [29]. After adding ground control points
for geometric precision correction, a nonlinear least square
algorithm was used to continuously optimize and generate
sparse point clouds. Finally, dense point clouds with abso-
lute coordinates were generated by pixel matching through a
dense matching algorithm.

The point clouds generated by 3D reconstruction were
interpolated by the IDW algorithm to generate a digital sur-
face model (DSM) with a resolution of 0.2 m. The stitching

FIGURE 3. Layout and measurement of ground control points (GCPs):
(a) The relative position of the GCPs and the sample plot,(b) measuring
the absolute coordinates of the GCPs with RTK GPS measurements.

line was selected for the orthophoto with absolute coordinates
and high overlap, and mosaicking was carried out to obtain an
orthophoto in each survey area with a resolution of 5 cm. The
3D reconstruction and orthophoto generation in this study
were completed in Context Capture software.

D. REGISTRATION
The 3D point clouds recovered from oblique photography
images had absolute geographical coordinates, but they still
deviated from LiDAR data. In each flight area, several identi-
cal ground objects with obvious characteristics, such as roofs
and road intersections, were selected from the point clouds of
oblique photography and LiDARdata formanual registration.
After point cloud registration, the error range was controlled
to within 0.2 m, which can meet the requirements of individ-
ual parameter extraction.

The DEM generated from the LiDAR data was used to
normalize the point clouds after registration and DSM gen-
eration [30], and the normalized point clouds and CHM were
obtained. The normalized point clouds, CHM and orthophoto
were clipped using the boundary of the sample plots.

E. SEGMENTATION ALGORITHMS AND ACCURACY
INDICATORS
1) WATERSHED
The watershed algorithm is a kind of mathematical mor-
phology segmentation method based on topological the-
ory [31], [32]. The gray value of each pixel in the image
represents the altitude of that point, and each local minimum
and its area of influence become a watershed. First, the gray
level of each pixel is sorted from low to high, and then the
catchment basin is constructed according to the gray value
during the merging process to obtain the canopy boundary.
Because of the sudden change caused by holes or noise in
the CHM, the watershed method often exhibits oversegmen-
tation. Therefore, smoothing processing involving a Gaussian
filter and setting of a minimum tree height threshold is carried
out for the CHM. The larger the Gaussian smoothing factor
is, the higher the smoothness degree is, and the smoothness
degree affects the number of individual segmented trees.
If there is oversegmentation, the smoothing factor should be
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increased. The smoothing window size is generally set as
large as the average crown width. Trial and error revealed
that using Gaussian smoothing factors of 0.7 and 0.5 and
window sizes of 5 × 5 and 3 × 3 were optimal for mature
and young larch forests, respectively, and that using Gaussian
smoothing factors of 1.3 and 1.0 and window sizes of 7 × 7
and 5 × 5 were optimal for mature and young Pinus forests,
respectively. The watershed segmentation algorithm of this
study was implemented in software MATLAB R2017a. The
maximum pixel value was taken as the height of an individual
tree in the range of the canopy boundary.

2) POINT CLOUD SEGMENTATION (PCS)
The principle of the point cloud segmentation (PCS) algo-
rithm involves regional growth combined with a distance
threshold[33]. The PCS algorithm divides the normalized
point clouds into individual trees and uses the location infor-
mation contained in all point clouds directly. The algorithm
makes full use of the fact that there is a certain distance
between trees, especially between treetops. First, the highest
point in the normalized point clouds is taken as the starting
point and is considered the treetop of the first tree. Then,
the first tree is identified on the basis of the first treetop by
judging the distance between the surrounding points and the
growth area. Finally, all individual trees are segmented by
iteration. Compared with the watershed algorithm, the advan-
tage of PCS is that it can directly use the height and posi-
tion information of point clouds to avoid the reduction of
segmentation accuracy caused by the error in the process of
interpolation. In this study, according to the characteristics
of tree species and forest age, the distance thresholds for
mature larch and Chinese pine were set to 2 m and 3 m,
respectively, and those of young larch and Chinese pine were
set to 1 m. PCS was implemented with package lidR in
software RStudio.

3) MULTIRESOLUTION SEGMENTATION (MRS)
The object-oriented multiresolution segmentation (MRS)
algorithm is based on fuzzy mathematics. The statistics of the
grayscale, size, and texture of multiple pixels of the object
in the image are calculated to obtain the probability that the
object belongs to a certain category [34]. On the premise of
maintaining the maximum feature similarity between similar
pixels, the image is segmented at different scales. The correct
setting of scale and shape parameters is the basis of the
ideal effect of MRS. The threshold of heterogeneity between
objects is determined by scale parameters; the larger the scale
parameters, the larger the average area of the segmentation
unit. The determination of the shape parameters depends on
the regularity of the shape of the features. To enhance the con-
trast between the ground and the tree crown, a linear grayscale
transformation in the spatial domain of the original image
was performed in this study [35]. After the first MRS of the
enhanced image, the object units in the image were merged
to ensure the minimum heterogeneity between the objects.
Based on the results of the first multiscale segmentation,

TABLE 2. Algorithm rules and parameter settings.

the nearest neighbor classification of the rule set was used
to distinguish the crown and the ground for each object after
segmentation. The samples of the ground background and the
crown were selected by visual interpretation, and the band
mean value was configured as the nearest neighbor feature for
classification [36]–[38]. Based on merged tree crown object,
MRS was carried out again to obtain the ideal individual
segmentation result. The segmentation parameters set for
different forest ages, tree species and average crown sizes
are shown in Table 2. MRS was implemented in software
eCognition Developer 64 8.7.

Taking the measured position of an individual tree as the
center and the average value of the measured crown width in
the north-south and east-west directions as the diameter for
circular buffering, the accuracy of the results is judged based
on the crown boundary obtained by segmentation. The num-
ber of correct crowns (NT), the number of missing crowns
(NO) and the number of oversegmented crowns (NC) were
selected for evaluation. If the overlapping area of the circular
buffer zone and the segmented crown accounts for more than
50% of each or one of the two, then the crown is judged to
be correctly segmented. If there is more than one circular
buffer in the segmented crown or there is no segmented crown
for more than 50% of the area of the buffer zone, then the
crown is judged to be missing. If multiple segmented tree
crowns appear in the circular buffer, the crown is judged to
be oversegmented [39].

Three indicators were used to evaluate the accuracy of indi-
vidual tree segmentation, and the formulas were as follows:

r =
NT

NT + NO
(1)

p =
NT

NT + NC
(2)

F =
2(r × p)
r + p

(3)

r represents the individual tree detection rate, p represents
the detection accuracy rate, and F represents the overall
accuracy. NT is the number of individual trees obtained by
segmentation and matched with the measured data, NO is
the number of individual trees that cannot be segmented but
do exist in the measured data, and NC is the number of
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TABLE 3. Biomass growth equation of different tree species.

individual trees that have been segmented but do not exist in
the measured data [40], [41].

F. INDIVIDUAL TREE BIOMASS MODELS
In this study, the measured DBH and tree height were sub-
stituted into an allometric equation to obtain the biomass
of individual trees, which was taken as the measured value.
Stepwise regression was used to fit the biomass models of
mature and young larch and Chinese pine with 13 height
metrics, segmented tree crown and measured biomass [42].

Referring to the Comprehensive Database of Biomass
Regressions for China’s Tree Species (2015) [43], allometric
equations suitable for mature and young larch and Chinese
pine were determined according to the conditions of tree
species, age and density, and then the measured DBH and
tree height of individual trees were substituted to calculate the
measured biomass. The allometric growth equations based on
DBH and tree height are shown in Table 3.

Multiple height metrics were calculated from individual
tree point clouds. In this study, 14 metrics were selected,
among which 13 were height metrics and 1 was the seg-
mented crown area. The metrics and descriptions are shown
in Table 4.

Seventy percent of the measured biomass of individual
trees in sample plots was selected randomly as the dataset for
biomass model fitting. The linear equation constructed by the
stepwise regression method is used to estimate the biomass of
individual trees. The model form is as follows:

y = b0 + b1q1 + b2q2+ . . .+bnqn + ε (4)

In the model, y is the biomass of an individual tree, q is the
independent variable, b is the constant, and ε is the error.

G. ACCURACY EVALUATION INDICATORS
In this study, the coefficient of determination (R2), root
mean square error (RMSE) and relative root mean square
error (rRMSE) are used to evaluate the accuracy of height
detection and the biomass model of individual trees. Addi-
tionally, RMSE and rRMSE are used to evaluate the accu-
racy of the crown area. The circular area obtained from the
diameter of the average crown width in the north-south and

FIGURE 4. Display of point cloud registration results. The colored points
represent the oblique photography point cloud, and the red points
represent the LiDAR point cloud.

east-west directions was taken as the measured crown area.
The formulas are as follows:

R2 = 1−

∑n
i=1

(
x̂i − x̄

)2∑n
i=1 (xi − x̄)2

(5)

RMSE =

√
1
n

∑n

i=1
(xi − x̂i)

2 (6)

rRMSE =
RMSE
x̄
× 100% (7)

In the formulas, xi is the measured value, x̂i is the estimated
value, and x̄ is the measured average value.

III. RESULTS
A. POINT CLOUD REGISTRATION, IMAGE ENHANCEMENT
AND CLASSIFICATION
Taking the point clouds recovered from 3D reconstruction
of oblique images as the reference point clouds, the LIDAR
point clouds are used as the registration point clouds. Obvious
feature points. such as roofs and intersections, are selected
manually in the overlapping area. After registration, the hor-
izontal error was less than 0.2 m, and the vertical error was
less than 0.1 m, which meets the requirements of individual
tree parameter extraction. The normalized point clouds after
registration are shown in Figure 4.

The original images generated by oblique photography
have gray concentrations, and the local brightness value is too
high. Gray linear stretching of the spatial domain was applied
to the orthophoto images, which increased the difference
between the crown and the ground to facilitate the subsequent
classification and individual tree crown segmentation. The
images were classified into two categories-the crown and
the ground-by the nearest neighbor classification method to
eliminate the possible influence of the background value on
the segmentation. The results of image enhancement and
classification are shown in Figure 5.

B. SEGMENTATION RESULTS AND ACCURACY
EVALUATION
In watershed segmentation, the CHM generated by point
cloud interpolation was used as the base image, the seg-
mentation boundary was used as the crown edge, and the
maximum pixel value of the CHM within the boundary was
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TABLE 4. Description of metrics derived from UAV oblique photography point clouds data.

FIGURE 5. Image enhancement and classification: (a) the orthophoto
image of the sample plot generated by oblique photogrammetry, (b) an
enhanced view of the image, (c) the result of tree crown and ground
classification (green is the tree crown, translucent gray is the ground
background).

considered the treetop. The results of PCS were presented
in a 3D view of the normalized point cloud, and the trees
were rendered according to different colors. The results of
MRS used the orthophoto image after enhancement as the
base image and the segmented object boundary as the crown
edge. The segmentation results for larch and Chinese pine
are shown in Figure 6 and Figure 7, and the segmentation
accuracy statistics are shown in Table 5.

Evaluation indicators show that the PCS method performs
best in the individual tree segmentation of larch (average
F-score = 0.94), and MRS and PCS yield similar segmen-
tation results for young larch. The crown shape of larch is
relatively regular, the gap between adjacent trees is relatively
clear, and the height of individual trees is relatively close to
the average. The SFM method has a high accuracy of feature

point matching, so setting a suitable point cloud distance
threshold can achieve a good segmentation effect.

The evaluation indicators show that the watershed method
performs best in the individual tree segmentation of Chinese
pine (average F-score = 0.89), and the accuracy of MRS is
lower than that of the other two methods. Part of the crown
branches of Chinese pine are flat, and the crowns of adjacent
trees overlap. This caused the number of mismatched points
to increase in the process of point cloud restoration. The
watershed algorithm performs better than the PCS method
in segmentation when the CHM is smoothed by a Gaussian
filter.

The PCS method is suitable for individual larch segmenta-
tion and has the highest accuracy (average F-score = 0.94);
furthermore, the segmentation accuracy of mature larch is
higher than that of young larch. The watershed algorithm is
suitable for individual Chinese pine segmentation and has
the highest accuracy (average F-score = 0.89); additionally,
the segmentation accuracy of mature Chinese pine is higher
than that of young larch. The same method has different
segmentation accuracies for larch and Chinese pine. Under
the three different segmentation methods, the segmentation
results of larch are all greater than those of Chinese pine.
The tree heights of Chinese pine vary, and the branches
are flat. Because the upper part of the tree canopy could
not be detected, undersegmentation occurred, and the overall
segmentation accuracy for Chinese pine was lower than that
for larch.
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FIGURE 6. Results of individual larch segmentation. (a),(b), (c), (d), (e), and (f) are the results of individual tree
segmentation based on the watershed algorithm; the edge of the tree crown is represented by a red boundary, and the
detected treetop and measured treetop are marked. (a), (b) and (c) are in planar view; (d), (e) and (f) are in 3D view.
(g), (h) and (i) are the segmentation results based on PCS; (j), (k) and (l) are the segmentation results based on MRS.

C. EXTRACTION RESULTS AND ACCURACY EVALUATION
OF THE HEIGHT AND CROWN AREA OF INDIVIDUAL TREES
The maximum value of CHM pixels in the individual tree
crown boundary was obtained by the watershed method,
and the maximum elevation of normalized point clouds was
extracted as the tree height in the individual tree crown
boundary by the PCS method. The average RMSE for larch
and Chinese pine was 0.79 m, and the rRMSE was no
higher than 5.0%; the average RMSE of young larch and
Chinese pine was 1.25 m, and the rRMSE was no higher
than 12.2%.

The estimated tree height is linearly correlated with the
measured tree height. With the watershed and PCS methods,
the extracted tree height accuracy ofmature larch andChinese
pine is greater than that of young larch and Chinese pine.
For mature stands, the height accuracy of larch and Chinese

pine extracted by PCS method is higher than that by the
watershed algorithm; for young stands, the height accuracy
of the watershed and PCS methods differs between the two
species: for the tree height extraction of young larch, the accu-
racy of the watershed method is higher than that of the PCS
method, while for the tree height extraction of young Chinese
pine, the accuracy of the watershed algorithm is lower than
that of PCS method. The results show that the PCS algorithm
is suitable for extracting individual tree heights of mature
larch, mature Chinese pine and young Chinese pine and that
the watershed algorithm is suitable for extracting individual
tree heights of young larch.

For larch and mature Chinese pine, the watershed algo-
rithm has the best performance in extracting the individual
tree crown area; for young Chinese pine, the PCS method
works best. The crown area acquired by field measurement
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FIGURE 7. Results of individual Chinese pine segmentation. (a),(b), (c), (d), (e), and (f) are the results of individual tree
segmentation based on the watershed algorithm; the edge of the tree crown is represented by a red boundary, and the detected
treetop and measured treetop are marked. (a), (b) and (c) are in planar view; (d), (e) and (f) are in 3D view. (g), (h) and (i) are the
segmentation results based on PCS; (j),(k) and (l) are the segmentation results based on MRS.

and extracted by the watershed, PCS, and MRS methods are
shown in Figure 9, and the accuracy comparison is shown
in Table 6. The borders of larch and mature Chinese pine
are relatively clear, and the height fluctuation information
of the crown can be better preserved in CHM smoothed by
the Gaussian filter. The LiDAR point clouds have penetrat-
ing capability, and echo information of some low vegetation
below the forest canopy might cause inaccurate forest crown
edges. The extracted crown area of young larch and Chinese
pine by the MRS algorithm is significantly smaller than the
values extracted by the other two methods and the measured
values. The reason may be related to the small canopy of the
young forests and the calculation method of the measured
crown area.

D. INDIVIDUAL TREE BIOMASS MODEL AND ACCURACY
EVALUATION
Seventy percent of individual trees were randomly selected as
training samples from mature larch plots (L1 + L2), young
larch plots (L3), mature Chinese pine plots (P1 + P2), and
young Chinese pine plots (P3). Stepwise regression was used
to select the metrics that fit the biomass of larch and Chinese
pine at mature and young ages, respectively. The results are
shown in Figure 10, which shows that the crown area metrics
have a good contribution to all the biomass models. The
adjusted R2 of the optimal models is between 0.79-0.84,
which indicates that the fitting effect of the models is good.

The biomass models and accuracy evaluation for larch and
Chinese pine at mature and young ages are shown in Table 7.
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TABLE 5. The accuracy assessments for three individual tree
segmentation algorithms in sample plots.

TABLE 6. The accuracy assessments for extracted crown area of
individual tree.

The R2 values are all greater than 0.8, and the rRMSE values
are 14.03%, 11.76%, 13.26% and 13.85%, respectively.

The remaining 30% of individual trees are treated as the
validation sample and substituted into the fitted prediction
model of individual tree biomass. The validation results are
shown in Figure 11. The results show that the validation R2

is greater than 0.84, and the rRMSE is between 9.9% and
18.2%. The point cloud height metrics and crown area are
used to fit the biomass model of individual trees with high
accuracy.

IV. DISCUSSION
A. THE FEASIBILITY AND PRACTICABILITY OF
EXTRACTING INDIVIDUAL PARAMETERS BY UAV OBLIQUE
PHOTOGRAPHY
One of the purpose of this study is to explore the potential
of UAVs equipped with oblique cameras to accurately extract
individual tree parameters. Therefore, we obtained hundreds
of high-overlap high-resolution photos, successfully restored
three-dimensional point clouds in the survey area using the
SFM technique and generated orthophoto images. Through

individual tree segmentation, the height and crown area of
larch and Chinese pine trees in stands of different ages in
northern China were estimated efficiently and accurately.
The prediction model correlated point cloud height metrics,
crown area and individual tree biomass was established, and
segmentation methods suitable for estimating individual tree
parameters of larch and Chinese pine in stands of different
ages were determined. Studies have proven that increasing
the density of point clouds can effectively improve the accu-
racy of detecting treetops and extracting tree height. This
study reached a similar conclusion. Lin et al. (2011) and
Wallace et al. (2012) found that high-density point clouds
can significantly reduce the underestimation of tree height
and the estimation error of single tree parameters through
comparative analysis [44]. Zarco Tejada et al. (2014) ana-
lyzed olive tree images obtained by a fixed-wing UAV and
extracted the tree height from a DSM generated from the
reconstructed high-density point clouds [45], and the results
had a good correlation with the measured tree height (R2

=

0.83, RMSE = 35 cm). Therefore, point clouds acquired by
UAV oblique photography have great potential in extracting
the height of a single tree due to their high-density charac-
teristics [46]. In addition, images acquired by UAV oblique
photography can also provide information on the color and
texture of forest canopies, whereas LiDAR cannot [47]; this
information provides more data with which to segment indi-
vidual tree crowns [48], [49]. The high-resolution character-
istics of orthophoto images make up for the shortcomings
of traditional remote sensing images in precision forestry
inventories. This study explored the ability of individual tree
parameter extraction and the adaptability of segmentation
algorithms to stands of different ages and plantation densities
of larch and Chinese pine in northern China. Subsequent
studies should increase the amount of data and detect the
applicability of oblique photography techniques to different
areas, tree species, natural forests and secondary forests.

B. COMPARISON OF SEGMENTATION ALGORITHM
ACCURACY BETWEEN LARCH AND CHINESE PINE OF
DIFFERENT AGES
In this study, we selected the watershed, PCS andMRSmeth-
ods for individual tree segmentation. The results show that
the PCS algorithm is suitable for individual larch segmen-
tation with the highest accuracy (average F-score = 0.94),
which may be because the larch crown is oval and
cone-shaped and the width is relatively uniform. This result
is similar to that of Li et al. (2012), who successfully used
LiDAR point clouds to segment individual trees of conif-
erous broad-leaved mixed forest, with a detection accuracy
of 90% [33]. The results show that the point clouds acquired
by oblique photography can be used to segment the mature
larch effectively. The watershed method performs best in
the individual tree segmentation of Chinese pine (average
F-score = 0.89). Some crown branches of Chinese pine are
flat, and the crowns of adjacent trees overlap. This caused
the number of mismatched points to be relatively high in
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TABLE 7. The fitting biomass model and accuracy evaluation of different tree species.

FIGURE 8. Accuracy of individual tree height in different sample plots. (a), (b) and (c) and (d), (e) and
(f) are the results of individual larch segmentation based on watershed and PCS, respectively;
(g), (h), and (i) and (j),(k) and (l) are the results of individual Chinese pine segmentation based on
watershed and PCS, respectively.

the process of point cloud restoration, and the watershed
algorithm is better than the PCS method in segmentation

when the CHM is smoothed by a Gaussian filter. Under the
optimal segmentation algorithm for different tree species,
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FIGURE 9. Results of individual tree crown areas in different sample plots. (a), (b) and (c) are the
comparison between the crown areas of L1, L2, and L3 based on measured and different segmentation
algorithms; (d), (e) and (f) are the comparison between the crown areas of P1, P2, and P3 based on
measured values and different segmentation algorithms.

FIGURE 10. Results of stepwise regression for selecting the combination variables of the optimal models.

the overall segmentation accuracy of mature forests is better
than that of young forests. Due to the large planted density of
young forests and the fact that there are branching trees in the
young larch sample plot, the branching tree crown is small
and centralized, which increases the difficulty of automatic
crown segmentation. Wallace et al. (2016) obtained LiDAR
point clouds and high-resolution images of eucalyptus at an
ultralow altitude (45 m) using a UAV and found that the two
methods can provide terrain and canopy feature information
in low canopy cover areas [50]. This finding is consistent with

the result showing that the segmentation accuracy of mature
forests with relatively low canopy cover is higher than that of
young forests. Compared with the research areas of Wallace
and others, the study area in this study has a higher canopy
cover, which may lead to the accuracy of MRS being lower
than that of PCS. However, compared with larch, Chinese
pine features some flat branches, thick twigs, and overlapping
crowns of adjacent trees. The mean values of bands in the
orthophoto image vary little, which results in some under-
segmentation, and the segmentation accuracy of Chinese pine
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FIGURE 11. Accuracy verification results of the optimal models.
(a), (b), (c) and (d) are the verification results of the biomass of mature
larch, young larch, mature Chinese pine and young Chinese pine,
respectively.

(average F-score= 0.83) is generally lower than that of larch
(average F-score= 0.92). In the future, we plan to explore the
impact of UAV flight height and tilt angle of the camera on
obtaining forest vertical structure information and potential
improvements in UAV oblique photography techniques for
detecting trees in a forest. Additionally, we may explore
a combination of oblique photography data with terrestrial
laser scanning or close-range photography data to achieve
the purpose of improving the accuracy of individual tree
segmentation by combining information on the low levels of
the forest with information on the canopy.

C. ACCURACY COMPARISON AND APPLICATION
POTENTIAL OF INDIVIDUAL TREE PARAMETERS
EXTRACTED BY UAV OBLIQUE PHOTOGRAPHY
The accuracy of tree height extraction was similar to that of
segmentation for the trees of different ages. The accuracy
of the individual tree height extraction of larch and Chinese
pine is relatively good (average rRMSE = 6.12%), and the
tree height extraction accuracy of the mature forests (average
RMSE = 0.79 m, rRMSE ≤ 5.0%) is higher than that of the
young forests (average RMSE = 1.25 m, rRMSE≤12.2%).
This is similar to the results of Edson et al. (2011), whose
research showed that the accuracy is lower for young tree
plots than old tree plots based on LiDAR point cloud data
extraction [51]. The canopies of mature forests have clear
borders and relatively low densities, while young forests have
higher densities; thus, mismatches are more likely to occur
when recovering 3D point clouds of young forests. The PCS
algorithm is suitable for extracting individual tree heights of
mature larch and mature and young Chinese pine, and the

watershed algorithm is suitable for extracting individual tree
heights of young larch.

In terms of crown area extraction, the accuracy of the
watershed and PCS methods is better than that of MRS.
The canopy segmented by MRS excludes the influence of
the ground background, and the compactness of the crown
boundary is high, resulting in a crown area that is smaller
than the measured value. On the other hand, the calculation
of the measured crown area uses the average length in the
north-south and east-west directions as the diameter to cal-
culate the circular area, which results in the measured area
being larger than the actual canopy area. In addition, there
is an error in the artificial estimation in field measurements.
All of the above might lead to such results. Panagiotidis
et al. (2017) successfully estimated the height and crown
diameter of individual trees in European coniferous forests
based on high-resolution UAV images [52], their success
might be because their study area was amixed forest, whereas
the study area in this paper is a pure forest, which leads to
the lower precision of the individual tree height extraction
(rRMSE = 11.42 ∼ 12.62). The selection of crown width as
the evaluation indicator of canopy extraction might result in a
crown area accuracy (rRMSE= 14.29∼ 18.56) that is better
than that extracted in this paper.

In this study, the parameters of larch and Chinese pine
in northern China were extracted using UAV oblique pho-
tography. The results show that the low-cost UAV oblique
photography technique performs well in the extraction of
individual tree parameters and can meet the daily demand of
forestry production and can be applied to achieve large-scale
biomass estimation. Because the canopy cover of the sample
plots in this study is relatively large, oblique photogramme-
try technology cannot detect all the information of the low
levels of the forest, so when selecting the metrics of point
clouds, the metrics with strong correlation with tree height
(such as the percentile of the upper height, the coefficient
of height variation, the median of point cloud height and
other metrics) should be selected. The crown area can be
extracted by segmentation and has a strong correlation with
biomass; therefore, it was used as an independent variable
together with point cloud metrics in the fitting of individual
tree biomass prediction models. The independent variables
with the highest correlation are combined into the optimal
models (average R2

= 0.88, average rRMSE = 14.3%).
Lin et al. (2018) successfully estimated the biomass of Cun-
ninghamia lanceolata (Lamb.) Hook. (R2

= 0.96, RMSE
= 54.90 kg) [25]. Jing et al. (2017) successfully estimated
the aboveground biomass of aquatic plants (R2

= 0.84,
RMSE= 7.13%) [42] based on the regressionmodel of height
variables and vegetation index extracted from a point cloud
and orthophoto images recovered with the SFM technique.

V. CONCLUSION
In this study, high-resolution oblique photographs of larch
and Chinese pine in mature and young stands collected with a
UAV were used to generate orthophoto images and 3D point
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clouds for the flight area using the SFM technique. A DSM
was generated using IDW interpolation. The watershed, PCS
and MRS methods were used to segment individual trees
and extract individual tree parameters for 188 mature larch
trees, 139 young larch trees, 64 mature Chinese pine trees and
117 young Chinese pine trees. Biomass models were gener-
ated for individual trees of mature and young Chinese pine,
and their accuracy was assessed. The results are as follows:
PCS is suitable for individual larch segmentation (average
F-score = 0.94), tree height extraction of mature larch and
mature and young Chinese pine (average rRMSE = 3.9%,
4.3%, 9.8%), and crown area extraction of young Chinese
pine (rRMSE = 33.5%). The watershed algorithm is suitable
for individual Chinese pine segmentation (average F-score
= 0.89), tree height extraction of young larch (rRMSE =
7.4%), and crown area extraction of larch and young Chinese
pine (rRMSE= 33.5%). The stepwise regression method was
used to fit the individual tree biomass models, and the coef-
ficients of determination (R2) of the models are all greater
than 0.8, which shows that the combination of individual tree
point cloud metrics and crown area can effectively fit the
biomass model of larch and Chinese pine. This study shows
that UAV oblique photography has good effects in terms
of individual tree identification for larch and Chinese pine
plantation forests in northern China and has good potential
for the extraction of individual tree parameters.
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