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A B S T R A C T

Accurate tree metrics is essential for forest management. Quantitative Structure Model (QSM) which can re-
construct an accurate 3D model of trees, has been used with Terrestrial Laser Scanning (TLS) point cloud as
input. Indeed, image-based Structure from Motion (SfM) can produce point cloud as well. Unmanned Aerial
Vehicle (UAV), which can collect images of a large scale in a short period, seems like a good choice for forest
study.

This study aims to investigate the feasibility of UAV point cloud for QSM of individual trees. Flights were
carried out during the leaf-on and leaf-off seasons with an inclined camera onboard. Four oblique camera angles
were used during the leaf-on season to obtain the optimal angle for UAV data collection. The Diameter at Breast
Height (DBH) derived from UAV point cloud and QSM were compared with field measured data. The accuracy of
QSM-biomass estimations was assessed with reference, which was calculated using field measured DBH through
the allometry.

In this study, it was found that the point density of the whole scene increased with the increase of oblique
camera angle. DBH extracted from the UAV-generated point cloud versus reference showed no significant dif-
ference (p > 0.05), while a significant difference was found between QSM-estimated DBH and the reference
DBH. The QSM-based biomass showed 49.16% underestimation for leaf-off season. Although the QSM did not
behave well with UAV data, it was found that the UAV point cloud could be used for accurate tree parameter
extraction and could be a useful tool for forest management.

1. Introduction

Biomass estimation is the basic step for forest management. The
invasive methods for biomass estimation, such as felling and weighing,
are commonly used for the exact measurement of biomass, which can
be expensive and time-consuming. Therefore, non-invasive methods are
increasingly used for biomass measurement, for instance, applications
of remote sensing. However, the accuracies of these methods are not as
high as the invasive methods. Hence, it is essential to find a non-in-
vasive biomass estimation method that can appropriately balance the
relationship between accuracy and efficiency. The study of Dittmann
et al. (2017) shows the performances of non-invasive methods: they
indicate that Light Detection and Ranging (LiDAR) and Structure from
Motion (SfM) techniques, are the most efficient and most accurate
methods for biomass estimation of a single tree at medium scale; while
allometric approaches and optical images are limited by accuracy,
scale, and the time constraints.

The direct output of LiDAR is a highly detailed 3-D point cloud

which makes it possible to extract accurate tree structure parameters.
During the data collection phase of LiDAR, the laser pulse is emitted to
the object, the return time, the azimuth and zenith angle of the laser
beam are recorded for determining the 3-D coordinate of the object.
The development of LiDAR technique opened new possibilities in forest
studies making Airborne Laser Scanning (ALS) and Terrestrial Laser
Scanning (TLS) widely used tools in forest biomass studies.

As the name implies, the ALS collects data from the top of the ca-
nopy while the TLS collects data on the ground. Thus, the applications
of ALS in forest studies usually focus on the z dimension — the tree
height. Sačkov et al. (2017) detected and corrected tree heights using
ALS data, and the result showed there was no statistically significant
difference compared with the field measured data. Furthermore, in the
study of Bouvier et al. (2015), it was proved that the heterogeneous
canopy structure could be extracted successfully from the ALS data. The
integration of ALS height and other remote sensing data is commonly
seen in forest studies as well, for instance, the combination of ALS and
the hyperspectral data (Romero Ramirez et al., 2018), multispectral
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data (Pflugmacher et al., 2014), Digital Aerial Photogrammetric (DAP)
data (Tompalski et al., 2018).

Comparing with ALS, TLS misses the information of tree height
when the upper canopy is too dense to penetrate, but it can provide a
precise determination of other forest inventory parameters. Ghimire
et al. (2017) obtained a coefficient of determination (R2) that ranged
from 0.75 to 0.96 at the plot level when comparing the tree DBHs re-
corded by TLS point cloud and field data. Momo Takoudjou et al.
(2018) and Putman et al. (2018) used TLS point cloud to reconstruct 3-
D tree model for volume estimation; the result was proved to be very
accurate compared with the invasive result. It is also proved that using
TLS for inventory parameter estimation is feasible for various types of
forests: coniferous forest (Ghimire et al., 2017), mixed forest with
coniferous and deciduous trees (Bienert et al., 2007), tropical forest
(Gonzalez de Tanago et al., 2015; Momo Takoudjou et al., 2018).

It is undoubtedly that ALS and TLS have particular advantages in
forest research with the ability to capture accurate 3-D information.
However, the cost of purchasing these two instruments is rather high.
On the other hand, Structure from Motion (SfM) technique can also be
used to generate 3D point clouds from numerous overlapping photos to
assist the biomass estimation. The image sequence can be collected with
a commercial Unmanned Aerial Vehicle (UAV), the price of which is
only thousands of dollars.

In addition, SfM is one of the most efficient and accurate non-in-
vasive methods for forest study, and it has been progressively used for
detecting forest attributes. Because the UAV flight height is usually low,

UAV based remote sensing is rarely affected by clouds and the flight
plan can be more flexible and easily manipulated (Rango et al., 2014).
The oblique aerial image is also highlighted because of its technical
advantages in the remote sensing field. Compared with the traditional
nadir image, oblique imaging can record more details because the
image provides a side view of the ground objects. Therefore, the
identification of the hard-to-see objects, such as fine branches, can be
improved; the blind spot, such as the trunk occluded by the tree crown,
can be exposed (Lin et al., 2015). Hence, the use of UAV obtained ob-
lique images seems to be a good choice for forest study. After UAV data
acquisition, the acquired data can be used for SfM to obtain the re-
quired product: dense point cloud.

In some cases, the point cloud data generated based on UAV images
could be an equally good or even better choice for the biomass study
than the TLS point cloud. TLS, which is a circular-plot-based method,
would face the problem of making plots for linear-shape study area.
Also, when the study areas are swamps or some wet area, it will be
difficult to enter the plot and find an appropriate location for placing
the expensive TLS instruments. Besides, it is also time-consuming to
move the instruments from one plot to another, whilst UAV just flies
above the study area, and the time for image acquisition is short.

Quantitative Structure Modelling (QSM) is a method for compre-
hensive, precise, compact, automatic and fast tree model reconstruction
by using Terrestrial Laser Scanning (TLS) acquired point cloud as the
input (Raumonen et al., 2013). In QSM, accurate and precise 3D models
of trees can be reconstructed based on the individual tree point cloud,

Fig. 1. The study area in Gronau, Germany. The background orthophoto was acquired in July 2017 and provided by the University of Twente. The orthophoto was
generated using nadir images obtained by DJI Phantom 4, with a 50m flight height, 80% forward and 70% side overlap.
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and branches will be represented by hierarchical collections of cylin-
ders or other building blocks (Raumonen et al., 2013). Consequently,
the tree parameters, such as DBH and tree height, can be easily ob-
tained for accurate biomass estimation because the direct output of
QSM is the size of the cylinders. This method has been validated using
volume and biomass as references through the study of Raumonen et al.
(2013); Calders et al. (2013); Burt et al. (2013), and the overestimation
of the retrieved Above Ground Biomass (AGB) was less than 10%,
which is better than the allometric equation method with an under-
estimation approximately 30%. However, QSM has only been applied
using TLS data.

This research aims to investigate the potential of QSM for tree
parameter extraction of single trees by using a UAV-derived point cloud
during the leaf-on season and leaf-off seasons. It also studies the in-
fluences of oblique camera angles for point cloud generation by com-
paring the point clouds generated by four UAV flights. The specific
objectives are listed as follows:

• To identify the influence of oblique camera angle of UAV flights on
point cloud generation as input in QSM.
• To estimate DBH through QSM, UAV point cloud, compare their
accuracy to field measured DBH during the leaf-on season and leaf-
off season, respectively.
• To estimate AGB using QSM volume and compare its accuracy with
AGB calculated through tree allometry during the leaf-on season and
leaf-off season, respectively.

2. Methodology

2.1. Study area

The study area was selected based on the airspace restrictions and
the spatial appearance of trees. Areas that have trees planted in a linear
shape with flight clearance are preferred.

In the study area, which is shown in Fig. 1, trees are planted along
the road inside a park in Gronau — the town belongs to the German
province of North Rhein-Westfalen. In addition, the studied tree species
is American sweetgum (Liquidambar styraciflua).

2.2. Data collection and pre-processing

2.2.1. Reference data
The reference data were collected from all trees within the study

area since the study object was individual trees. The Diameter at Breast
Height (1.30m from the base of the tree trunk) and would be used for
biomass calculation were manually measured with a diameter tape. The
measured data would be used for result validation.

A total number of 76 trees were sampled in the field. For the DBH
collection, the diameter tape was wound around the trunk in the hor-
izontal plane at breast height. Köhl et al. (2006) stated that bias could

be produced during the measurements for the following reasons: posi-
tive bias caused by noncircular cross section; instrumental error caused
by stretching of cloth/fibreglass tapes; and operator error caused by an
incorrect location of breast height. It’s undoubtedly that bias happened
during the field measurements, but the error of filed measured DBH was
out of the scope of this study.

2.2.2. UAV data
The UAV based images were acquired using the DJI Phantom 4 on 4

October 2017 (leaf-on season) and on 1 December 2017 (leaf-off
season), both with the onboard RGB camera (12.4M effective pixels).
Before the UAV flight, Ground Control Points (GCPs) were selected and
marked. The accurate locations of GCPs were recorded with the help of
differential GNSS (Leica CS15).

During the UAV data acquisition procedure, images with different
oblique camera angles were collected to determine the optimal angle
for point cloud generation. The flight height was approximately 20m
above the crown to guarantee the flight safety and the high quality of
the images. The drone speed was set to slow mode to ensure the sta-
bility of the UAV and proper image acquisition. During the flight mis-
sions, the overlap parameter was set to 70–75% for the side and 90% for
the forward during the leaf-on and the leaf-off seasons. Flight time
based on the above settings for the given study area was approximately
15min each allowing also for a single-battery flight image acquisition.

The range of oblique camera angles to avert crown occlusion was
calculated prior to UAV flights. After the preliminary field visits and
calculation, the oblique angles were set at 35°, 40°, 45°, and 50°. During
the leaf-on season, for each oblique angle, two inverse double-grid
pattern flights were carried out to make sure the tree structure could be
recorded at as many perspectives as possible (Fritz et al., 2013). The
flights in the leaf-on season are shown in Fig. 2A. In addition, an extra
flight with flight pattern B as shown in Fig. 2 was carried out during the
leaf-off season at oblique camera angle of 50°.

2.2.3. Structure from Motion and pre-processing of the UAV point cloud
After the UAV image acquisition, the Structure from Motion (SfM)

method was used to construct a dense point cloud. The process of SfM
was implemented automatically using Pix4D software with some ne-
cessary manual edits/corrections, such as importing the GCPs and
manually marking the GCPs in multiple images. Fig. 3 is used to illus-
trate the locations of GCPs, images as well as the estimated 3D point in
Pix4D.

The point density was checked based on the quality reports which
were generated automatically in Pix4D software. The number of images
used for the SfM processes are shown in Table 1.

The individual tree point cloud was manually extracted with the use
of CloudCompare software after generation of the dense point cloud. To
extract the DBH from the UAV point cloud, a circle was fitted to the
point cloud at 1.3m above the base of the tree. Each cluster of 10 cm
thickness from 1.25m to 1.35m of the individual tree was used as the

Fig. 2. Two inverse one-grid flights. Background image source: University of Twente.
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input for circle fitting to ensure the sufficiency of points (Tansey et al.,
2009).

The approach for DBH circle fitting was the principle of least square
adjustment. The best-fitted circle of DBH was estimated by minimising
the distance from the circle to the points of the point cloud with the
iterative operation (Richard Brown, 2007).

The tree height was determined by measuring the vertical distance
between the lowest point and the highest point of the individual tree
point cloud in the software CloudCompare.

2.3. Qsm

The QSM reconstruction by using the UAV point cloud consists of
the following three steps: noise filtering, topological reconstruction of
the branching structure and geometrical reconstruction of the branch
surfaces.

Noise filtering must be performed before the reconstruction of the

tree model when the input data are UAV point clouds. The noise caused
by certain problems, such as the swinging of branches, blurred images,
and inaccurate image calibration, will not be used for the reconstruc-
tion of the real surface of the tree model. During the leaf-on season,
leaves are a large part of the individual tree point cloud, while one of
the main assumptions of QSM is “the whole tree is wood” (Raumonen,
2017). Hence, the filtering process can have a significant influence on
the reconstruction by separating leaves and wood. Although the noise
problem caused by leaves is eliminated during the leaf-off season, the
unstable image acquisition of UAV due to wind may increase the
number of noise points as well.

During the topological reconstruction of the branching structure in
QSM, the point cloud should be segmented into stems and individual
branches, then, locally approximated cylinders are fitted around the
segments to reconstruct the tree.

The QSM uses the cover set as the basis of segmentation, and it is
observed as small patches of the tree surface. The cover sets are the
smallest “unit” for segmenting the point cloud, and it plays two roles in
QSM. First, cover sets are used to remove the points that do not belong
to the tree, and secondly, the cover sets act as building bricks that are
used to grow the tree from the base to the tip. The cover set should be
not only small enough for recording the local details such as the tip and
base of the individual branches but also be large enough for efficient
and correct segmentation.

Two related cover sets are generated for different reasons. The first
cover set was segmented using large patches, the information about the
local size of the branches, the branching order, the height and position
of the branch are extracted (Calders et al., 2015). After that, the in-
formation got from the first segmentation is used for the second itera-
tion. Smaller and varied size patches are used to partition the branches:
the size of cover set decreases linearly from the base to the tip without
bifurcation, the size at the branch base decreases with the increase of
height and order of branches (Calders et al., 2015).

The final step is the geometrical reconstruction of the branch sur-
faces concerning the topological relation. The stem is reconstructed
from the base to the tip using the neighbour relation of the cover sets,
then the cover sets are expanded into stems, after that the stems are
expanded into tree crown. The process of defining neighbour relation-
ship and connecting the components doesn’t stop until the tree is one
connected component.

Finally, the cylinder fit for the branch data was computed, including
the length, volume, and angle of each branch, in the function branches.
Tree measurements such as DBH, height, and volume can be easily
derived from the model.

The QSM was run five times with the same input parameters for
each tree. The reason for this was to avoid the influence of randomness
— the cover set was generated randomly in each run (Raumonen et al.,
2013). The average value of the results of the five runs, such as DBH,
height, and volume, was calculated for future analysis.

Fig. 3. Part of the dense point cloud of the leaf-on season with 50° oblique
camera angle in Pix4D. The optical centre (green dot), the 2D point on the
image and the estimated 3D point (red cross) are all fall on the red line. The
blue circles with a vertical line represent some of the GCPs used in the study
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article).

Table 1
The number of input images in SfM.

Oblique camera angle Number of input images

Leaf-on season 35° 500
40° 496
45° 437
50° 542

Leaf-off season 50° 430

Fig. 4. The densified point cloud with and without image positions at 50° oblique camera angle of the leaf-on season in Pix4D.

N. Ye, et al. Int J Appl  Earth Obs Geoinformation 81 (2019) 47–57

50



2.4. Allometry and wood density

To estimate the biomass, the tree volume and biomass were calcu-
lated with the allometric equation created by Clark, Phillips, &
Frederick (1986). The sampled American sweetgums for developing the
allometric equation were in mixed, even-aged hardwood stands in the
Upland-South (Clark et al., 1986).

The density of oven dry biomass per fresh volume is extracted from
the database of global wood density; the density of Sweetgum is
460 kg/m3 (Chave et al., 2005; Zanne et al., 2009).

2.5. Analysis

The point density of the whole flight area is calculated and recorded
automatically during the SfM process. The value of the parameter was
compared by looking through the quality reports. However, the points
of the UAV point cloud are not uniformly distributed because the points
are densified based on tie points which are irregularly distributed
(Rosnell and Honkavaara, 2012). During the SfM procedure, the tie
point is detected based on the texture of the objects. The point density
of homogeneous objects is lower than that of the heterogeneous objects
because it’s difficult to extract and match feature points on the smooth/
homogeneous surface (Mancini et al., 2013). As a result, the point
density of the whole flight area cannot be directly used to indicate the
completeness of individual trees. Thus, ten trees for each oblique angle
were extracted, a QSM was reconstructed to make the comparison.

The two-sample t-test was used to assess the accuracy of extracted
DBH. The null hypothesis states that there is no difference between the
mean values, while the alternative hypothesis states that there is a
significant difference between the mean values. The H0 hypothesis is
rejected on a 95% confidence interval (α=0.05). Model bias (in %)
was calculated for assessing the accuracy of different biomass estima-
tion methods (Gonzalez de Tanago Menaca et al., 2017). AGB calcu-
lated by allometry that uses the field-measured DBH is used as a re-
ference.

3. Results and discussion

3.1. UAV data acquisition and SfM

In practice, the most time-consuming parts of UAV data collection
were making the flight plan and the selection and collection of GCPs.
However, for the TLS data collection, the scan position should be
planned beforehand, and the GCPs and reflectors all need to be ap-
propriately located; these first-phase preparations can require con-
siderable time as well.

There were some unexpected circumstances that occurred during
the UAV flight, which negatively influenced the data processing and the

Fig. 5. The point cloud densities in tree area for the leaf-
on season. The red boundary in the left graph was defined
as tree area. The right graph demonstrated the point
density of the specific oblique camera angle. The back-
ground image is the 50°-point cloud in CloudCompare (For
interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this
article).

Fig. 6. The locations of the ten extracted trees and the corresponding point numbers during the leaf-on season.

Fig. 7. Combined individual tree point cloud.
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quality of the final products.
The change in sunlight during a flight resulted in poor-quality

images. The cloudy weather decreased the radiometric quality of the
images, and the camera could not modify itself automatically to the
change in sunlight intensity. As a result, underexposed and overexposed
images were collected, and those images negatively affected the SfM
process together with the accuracy and density of the generated point
clouds and orthophoto (Wierzbicki et al., 2015).

Wind speed directly affects the stillness of the shots. Blurred images
were collected due to the windy flight condition; during the flight, the
wind speed exceeded 9m per second — the pilot-suggested safety
threshold. This was mainly creating problems during the leaf-on season.

A blurred image has a significant influence on the SfM. The first step
of SfM is to detect feature points and find corresponding feature points
in multiple images. However, the same feature points can appear dif-
ferently in the images due to the blur. Consequently, matching corre-
sponding points becomes increasingly difficult, errors occur, and

accuracy decreases (Sieberth et al., 2014). In this study, SfM was au-
tomatically processed in Pix4D, the cause of image blur was beyond the
scope of this study. Nevertheless, Kedzierski and Wierzbicki (2015)
developed a new method for radiometric quality assessment of images
acquired by UAV, they collected data in three weather conditions
(good, poor and very poor) and classify data to four categories (good,
medium, poor, very poor) according to quality index. Their method
could prove valuable in explaining the reason of image quality varia-
tion.

It was found that the average point density of the whole scene in-
creased considerably with the increase of oblique camera angle from
35° to 50° with a 5° interval, whilst the median of matching per cali-
brated image decreased. The “matching” here means that a feature
point that has been detected on at least two images has been defined to
be the same point. Thus, it seems like the feature points on images,
which were acquired with lower oblique camera angle, are easier to be
identified.

Empirically, the point density should increase with the increase in
matching points, because the densified point cloud is computed based
on the number of matching points. However, the opposite result ap-
peared in this study. It can be explained by the attribute of the oblique
image: the resolution of the oblique image is not uniform. The closer
part of the image (to the camera) owes higher resolution, and more
feature points are detected and matched. As shown in Fig. 4, we can see
that the point cloud outside the area covered by images was not as
complete as that inside the image-covered area. Assuming the flight
height is constant, when the camera oblique angle decreases, the re-
solution decreases because the distance from the camera to object also
increases. Smaller camera oblique angle will lead to poorer feature
detection and matching result especially at the maximum distance from
the camera to the object. Compared with the orthophoto of 50° oblique
camera angle, there are more poor-quality and useless parts at a 35°
oblique camera angle. It’s caused by the big distance from the camera to
the object at 35° camera oblique angle. Moreover, the camera with a
lower oblique angle was capable of a wider view. The points were
spread over a larger area, and the poor-quality and useless parts re-
duced the average density of the point cloud.

To study the change of point density in tree area, the four point
clouds acquired in the leaf-on season were clipped with a boundary
inside which located all trees used in this study, then the point densities
of the tree area were calculated (Fig. 5). Interestingly, it can be seen
that the point density decreased from 35° to 45°, but 50° owes the
highest point density. This might be caused by the quantitative differ-
ence of the SfM input. However, there was not enough data that al-
lowed us to dive deeper in density changing problem.

All in all, the average point density of the whole scene increased
with the increase of oblique camera angle, but it was easier for feature

Fig. 8. Reference DBH versus DBH extracted by fitting a circle around the point cloud at breast height during the leaf-on and leaf-off season. The DBH is estimated
after removing the noise points.

Fig. 9. The noise caused by overhanging branches. The red line indicates the
breast height. The image shows that at breast height, the points of overhanging
branches are also included in the slice (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this
article).
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point detection with images captured at a lower oblique camera angle.
In addition, the balance between the distance (from camera to objects)
and oblique angle should be considered for reality application.

As mentioned before, the bad flight condition during the leaf-on
season resulted in the poor quality of the point clouds. Ten individual
trees for each oblique angle were extracted and used for the QSM to
assess the completeness. The statistic of point density for specific tree is
shown in Fig. 6, it seems that it is not possible to identify the change
mode between oblique angles and point densities of the individual tree.

The DBH result shows that most estimated DBHs are smaller than
the corresponding reference DBHs, approximately half of the reference
value. While in the study of Calders et al. (2015), a very accurate DBH
estimation, an RMSE of 0.02m and a slope of 0.98, was got using TLS-

Fig. 10. Field measured DBH versus DBHs extracted by QSM during the leaf-on and leaf-off seasons. The DBH for the leaf-off season is estimated after removing the
noise points.

Fig. 11. The influence of over filtering. For TREE A, less than 45% points were left after filtering process, while 60% of the whole point cloud was left after processing
TREE B.

Table 2
The result of two-sample t-test comparing DBHField and estimated DBHs

Statistic DBHUAV DBHQSM DBHCYL

Leaf-on season H0 accepted Yes No No
n 63 63 63
P-value 0.080937 0.000001 0.000002

Leaf-off season H0 accepted Yes No No
n 61 49 49
P-value 0.367649 0.000002 0.000012
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collected point cloud as input for QSM. To summarize, none of the
QSMs can provide accurate estimates of DBH during the leaf-on season;
the quality of the four datasets are too poor to support a good re-
construction of QSM. Consequently, one innovative method was put
forward to continue the study. Point cloud datasets of the four different
camera angles were combined to increase the completeness of the in-
dividual tree. Fig. 7 is an example of the combined individual tree point
cloud.

After combining, the QSM DBHs and heights improved a lot, ap-
proximately 20% underestimation of DBH and 5% underestimation of
tree height. Thus, the following analysis used the QSM reconstructed

using combined point cloud as input.

3.2. DBH estimation

Fig. 8 shows the comparison of field measured DBH and DBH esti-
mated by fitting a circle around the point cloud at breast height for the
leaf-on and leaf-off seasons. For the leaf-on season, the RMSE of
DBHUAV versus DBHField is 0.027; for the leaf-off season, the RMSE of
DBHUAV versus DBHField is 0.024.

In fact, after processing all the trees, the R-squared for different
seasons were quite low (0.006 for the leaf-on season, 0.014 for the leaf-

Fig. 12. The influence of filtering for biomass estimation. Image A illustrates the QSM with low filtering parameters, and Image B is the QSM of high filtering
parameters.

Fig. 13. The QSM reconstruction process for the leaf-off season.
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off season) because of the noise points. Some of the noise points were
the inevitable noise in SfM (Bebis et al., 2006). This problem is also
discussed in other studies, Fritz et al. (2013) used a UAV image-gen-
erated point cloud to reconstruct the 3D model and estimate the tree
parameter. In that study, although noise point of SfM-cloud could be
observed easily, a good Pearson’s correlation coefficient of r= 0.696
(DBH of the TLS-cloud and DBH of the SfM-cloud) was achieved with
Random Sample Consensus (RANSAC). The RANSAC is a method which
is carried out iteratively to formulate a model using a set of observed
data that contains outliers. In the study of Fritz et al. (2013), the
RANSAC based cylinder fitting was proved to be able to handle the high
variation within the stem points. This algorithm can be used in the
future to improve the model reconstruction. Another kind of noise was
caused by the overhanging branches as shown in Fig. 9. Hence, the
noise points were manually removed by visual inspection, and the R2

increased dramatically.
Fig. 10 illustrates field measured DBH versus QSM DBH (DBHQSM

and DBHCYL) estimated for the leaf-on and leaf-off seasons. The DBHQSM

is extracted from the QSM cylinder at 1.3m height, while DBHCYL is the
diameter of the cylinder fitted to the points between 1.1 and 1.5m
(Raumonen, 2017). For the leaf-on season, the RMSE of DBHQSM versus
DBHField is 0.031, and the RMSE of DBHCYL versus DBHField is 0.032. For
the leaf-off season, the RMSE of DBHQSM versus DBHField and the RMSE
of DBHCYL versus DBHField are equal to 0.017.

However, the result for the leaf-off season was estimated after re-
moving outliers. As mentioned in the methodology section 2.3, the
individual tree point cloud should be filtered before the QSM re-
construction. In addition, there was only one parameter set that applied
to all trees. Some trees kept the complete structure of the woody parts
after filtering, while some become fragmented which could increase the
uncertainty of the reconstruction. By checking the DBH values and the
corresponding filtering information — the percentage of remaining
points of individual trees after the filtering process, almost all the ex-
treme DBH values appeared when the percentage of remaining points
was lower than 45%. The influence of filtering process is visualized in
Fig. 11. Thus, the DBH estimates from less than 45% of the original
points were removed from the dataset. Estimated DBH values of 12
trees out of the 61 samples were defined as outliers and were removed
in this study.

3.3. Summary of DBH estimations

Table 2 shows the results of the independent sample t-test for DBHs.
There was no significant difference (p > 0.05) between the DBH

estimated by fitting a circle and the field measurements (DBHUAV&
DBHField). However, the result was obtained after removing the noise
points by visual inspection, which was quite subjective. Except for this,
the result is in contrast with Brolly and Kiraly (2009), who observed a
significant underestimation comparing the DBH estimated by fitting a
circle with field measured DBH. The difference in input data can ex-
plain this contrast. The UAV image-generated point cloud was similar to
the first-return pulse of Lidar, while the TLS point cloud which was used
in the study of Brolly and Kiraly (2009) was able to sample the rifts of
the branch through the bark. The roughness of the bark depended on
the tree species, which also caused the difference between the studies.
Moreover, a 10-cm slice at breast height of an individual tree point
cloud was used to fit the circle, and the points of the slice were pro-
jected to a horizontal plane. Thus, a leaning stem with a circular cross-
section creates an elliptical projection, which would lead to over-
estimation (Brolly and Kiraly, 2009). However, in this study, the bark of
studied tree species was quite smooth, trees were well managed by park
administration with no leaning trunk existing, and the UAV images
were collected with at least two side views. The factors affected the
circle fitting most in my study seemed to be the accuracy of the point
cloud.

There is a significant difference (p < 0.05) between the DBHField

and the DBH estimates using QSM (DBHQSM and DBHCYL. Tilon (2017)
also found there was a significant difference between DBHQSM/DBHCYL

and DBHField; she attributed this to QSM algorithm. The DBHQSM/
DBHCYL was inaccurate if the cylinder at breast height were not well
fitted with the curvatures in the stem (Tilon, 2017).

3.4. Biomass estimation

For the leaf-on season, QSM was generated using the combined
point cloud as input. However, there is a serious problem caused by the
leaves. The sunlight cannot penetrate the non-transparent object; con-
sequently, the branch cannot be recorded due to the foliage shield, and
most points at the canopy part are useless for the reconstruction of
woody parts. Raumonen et al. (2011) and Krooks et al. (2014) reported
that the reconstruction was poor with the presence of needles and
leaves as well. Also, the noise point at the canopy part cannot be re-
moved entirely. If the parameters of the filtering are too low, the points
of the trunk part will also be removed; then, the QSM cannot generate a
whole tree (Fig. 12 A). When the parameters are increased, the QSM is
generated, but at the canopy part, the branch volume is overestimated
(Fig. 12 B).

The QSM based TotalVolume, TrunkVolume and BranchVoulme could
be directly used for biomass estimation without the help of allometric
equation, but the TotalVolume and BranchVoulme showed over-
estimation in leaf-on season. Thus, for the leaf-on season, QSM-esti-
mated volume was not used for the accuracy assessment.

For the leaf-off season, the QSM of individual trees could be re-
constructed without the occlusion problem (Fig. 13). Thus, the To-
talVolume was used for the biomass calculation and accuracy assess-
ment. However, the filtering process was still necessary to eliminate the
noise points produced during the SfM. Even though the number of noise
points is low, the absence of filtering leads to the wrong reconstruction
(Calders et al., 2013). The trade-off of filtering intensity is important.
Intensified filtering is able to remove most of the noise points, but there
is a risk of removing the points that belong to the useful woody parts,
less efficient filtering leaves too many noise points and will also lead to
the wrong reconstruction by QSM (Madhibha Tasiyiwa, 2016).

Table 3 shows the mean and standard deviation of biomass calcu-
lated by QSM and through tree allometry. The mean of AGBQSM is lower
than AGBs calculated by tree allometry.

Table 4 shows the model accuracy by calculating the over-
estimation/underestimation rate. The biomass calculated by the QSM
volume shows almost 50% underestimation for the leaf-off season. But
it should be noticed that only one point cloud was used for tree

Table 3
Statistics of biomass estimations derived from QSM and through tree allometry.

AGBQSMa AlloQSMb AlloUAVc AlloFieldd

Leaf-on season SD – 67.103 69.838 55.515
Trunk biomass (n= 61) Mean – 95.988 143.418 131.535
Leaf-off season SD 27.270 39.098 57.614 54.834
AGB (n=49) Mean 72.890 92.815 120.232 137.844

a AGBQSM =VolumeQSM×wood density.
b AlloQSM=Allometry (DBHQSM) ×wood density.
c AlloUAV=Allometry (DBHUAV) ×wood density.
d AlloField=Allometry (DBHField) ×wood density.

Table 4
The over-/underestimation of different methods comparing with reference da-
taset (AlloField).

AGBQSM AlloQSM AlloUAV

Leaf-on season trunk biomass (n=61) – −27.03% 9.03%
Leaf-off season AGB (n=49) −49.16% −34.17% −14.82%
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parameter extraction for the leaf-off season, while four point clouds
were combined for information extraction for the leaf-on season. Be-
cause for the leaf-on season, the completeness of individual point cloud
was too low to retrieve tree parameters. Therefore, a better result may
be generated if the same process is done for the leaf-on season.

This result is opposite to the study of Madhibha Tasiyiwa (2016). It
was found that a significant difference existed when comparing AGB
derived from QSM to AGB calculated by allometric equations with an
overestimation of 47%. The overestimation was contributed by the bias
of height estimation in a tropical forest (Madhibha Tasiyiwa, 2016),
also in this study, only tree DBH was used for the reference AGB cal-
culation.

Non-circular branches and stems result wrong QSM reconstruction
as well. One assumption of QSM was that the tree surface is the cylinder
(Raumonen et al., 2013), whilst Pfeifer et al. (2004) stated that the
cross-sections of branch and stem were not circular in most cases.

The constant QSM parameters were another source of error. For
datasets from the leaf-on and leaf-off seasons, the QSM parameters were
tested using one trail tree. After that, for each dataset, the same para-
meters were used for the whole trees. Choosing optimal parameters for
QSM is quite subjective, and the parameters might not be suitable for all
trees in the dataset (Tilon, 2017).

4. Conclusion and recommendations

4.1. Conclusion

This study explored the feasibility of reconstructing QSM using
UAV-derived point cloud as input data of windbreaks and individual
trees. This approach is very promising in estimating above ground
biomass.

It can be concluded that DBH derived from UAV point cloud using
circle fitting method is accurate and can be used to estimate DBH.
However, the UAV point cloud acquired in the leaf-on season is not
feasible for QSM reconstruction. Besides, UAV point cloud collected in
the leaf-off season cannot be used to generate accurate QSM as well.
Comparing with the biomass calculated through allometry with field
measured DBH, the biomass estimated based on the QSM volume
showed 49.16% underestimation for the leaf-off season.

In this study, four point clouds were combined for QSM for the leaf-
on season, whilst only one point cloud was used for the leaf-off season.
It can be concluded that the QSM behaved better during the leaf-off
season with UAV-generated point cloud as input.

4.2. Recommendations

• Prepare the UAV flights considering the weather condition, relia-
bility of equipment.
• Collect UAV data during the leaf-off season.
• Classify UAV images according to radiometric quality.
• Use RANSAC for fitting a circle to handle the high variation of points
at breast height.
• Validate the accuracy of QSM biomass through destructive sam-
pling.
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