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A B S T R A C T   

The accurate estimation of tree attributes is essential for sustainable forest management. Terrestrial Laser 
Scanning (TLS) is a viable remote sensing technology suitable for estimating under canopy structure. However, 
TLS measurements generally underestimate tree height in taller trees, which leads to the underestimation of 
other tree attributes (e.g., stem volume). The integration of information derived from TLS and Unmanned Aerial 
Vehicle (UAV) photogrammetry could potentially improve tree height estimation. This study investigated the 
applicability of integrating TLS and UAV photogrammetry to estimate individual tree attributes in managed 
coniferous forests of Japan. Diameter at breast height (DBH), tree height, and stem volume were estimated by (1) 
TLS data only, (2) integrating TLS and UAV data with TLS tree locations, and (3) integrating TLS and UAV data 
with treetop detections of the tree canopy. The TLS data only approach achieved high accuracy for DBH esti-
mations with a root mean squared error (RMSE) of 2.36 cm (RMSE% 5.6%); however, tree height was greatly 
underestimated, with an RMSE of 8.87 m (28.9%) and a bias of − 8.39 m. Integrating TLS and UAV photo-
grammetric data improved tree height estimation accuracy for both the TLS tree location (RMSE of 1.89 m and a 
bias of − 0.46 m) and the treetop detection (RMSE of 1.77 m and a bias of 0.36 m) approaches. Integrating TLS 
and UAV photogrammetric data also improved the accuracy of the stem volume estimations with RMSEs of 0.21 
m3 (10.8%) and 0.21 m3 (10.5%) for the TLS tree location and treetop detection approaches, respectively. 
Although the tree height of suppressed trees tended to be overestimated by TLS and UAV photogrammetric data 
integration, a good performance was obtained for dominant trees. The results of this study indicate that the 
integration of TLS and UAV photogrammetry is beneficial for the accurate estimation of tree attributes in 
coniferous forests.   

1. Introduction 

Tree and forest structural attributes are essential components of 
forest management at various scales. Monitoring tree attributes, such as 
tree species, diameter at breast height (DBH), tree height, and stand 
volume, provides a basic understanding of forest dynamics and condi-
tions over time (Tomppo et al., 2010). Conventionally, individual tree 
attributes are measured in tree-by-tree field surveys, then aggregated to 
obtain stand-level forest parameters based on survey objectives. Field 
surveys are commonly performed based on sample plots and require cost 
and effort to retrieve accurate tree and forest attributes. Thus, reliable, 
cost-effective methods to quantify tree and forest attributes are desired 

for operational forest management. 
Forest inventories using Terrestrial Laser Scanning (TLS) have 

advanced in the last few decades (Liang et al., 2016). TLS collects dense 
point clouds using a laser scanner mounted on ground-based equipment 
to measure surrounding three-dimensional objects (Calders et al., 2020). 
Advances in TLS hardware and software have rapidly decreased the 
price of TLS systems, enabling more studies to investigate the utility of 
TLS measurements in various forest environments (Liang et al., 2016). 
Previous studies have attempted to estimate fundamental tree attributes, 
including tree height, DBH, biomass, and stem volume (e.g., (Bazezew 
et al., 2018; Liang et al., 2019; Wang et al., 2019; Yrttimaa et al., 2019)), 
and other parameters, such as tree location and stem taper (e.g., (Kelbe 
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et al., 2016; Puletti et al., 2019; Pyörälä et al., 2019)). Since TLS can 
capture forest structures under the tree canopy, it is suitable to estimate 
under canopy attributes, such as DBH (Liang et al., 2018). Conversely, it 
is generally difficult to detect treetops and attain accurate tree height 
due to occlusion by understory vegetation and branches, which leads to 
large uncertainties and underestimations of tree height (Liang et al., 
2016; Wang et al., 2019). Taller trees are particularly affected by un-
derestimation because of the limited visibility of tree crowns (Wang 
et al., 2019), which hampers the accurate estimation of tree height and 
other structural attributes, such as stem volume. 

Airborne Laser Scanning (ALS) and Unmanned Aerial Vehicle (UAV) 
photogrammetry are other widely used remote sensing approaches that 
retrieve canopy height profiles. ALS is a reliable approach for estimating 
accurate tree and canopy heights at a large scale (Beland et al., 2019; 
Puletti et al., 2020; White et al., 2016); however, it generally cannot 
acquire detailed structural information under the tree canopy. Thus, 
several studies have combined ALS and TLS measurements to retrieve 
tree attributes and demonstrated its estimation capabilities (Bazezew 
et al., 2018; Giannetti et al., 2018b; Lindberg et al., 2012). However, the 
extensive cost of ALS data acquisition prevents up-to-date monitoring. 
UAV photographs are a good alternative to regularly acquire tree and 
forest attribute information because of the low acquisition cost, high 
spatial resolution data, and flexible flight planning (Colomina and 
Molina, 2014; Guimarães et al., 2020). UAV-based photogrammetry can 
reconstruct three-dimensional forest structures as a photogrammetric 
point cloud through the Structure from Motion (SfM) and Multi-View 
Stereo (MVS) approaches (Snavely et al., 2008). Unlike point cloud 
data from ALS, UAV-based photogrammetry cannot provide terrain 
surface in forest areas (Giannetti et al., 2018a; Guimarães et al., 2020; 
Ota et al., 2015); however, it can capture the upper canopy layer with a 
comparable accuracy to ALS (Goodbody et al., 2019). The combined use 
of understory and terrain information from TLS and upper canopy pro-
files from UAV photogrammetry potentially provides complementary 
information for characterizing tree and forest structural attributes 
(Aicardi et al., 2017; FFPRI, 2020). Although this approach is promising, 
only limited studies have investigated its applicability for field surveys. 

The estimation accuracies obtained from the integration of TLS and 
UAV photogrammetry can be affected by several factors, including data 
processing and forest stand structures. For example, the integration of 
the point cloud from TLS and UAV photogrammetry requires sufficient 
data registration. Because pulses from ALS and UAV-based laser scan-
ning (ULS) can penetrate tree crowns, they have some overlap with the 
TLS point cloud, which has led to the proposal of automatic registration 
approaches (Polewski et al., 2019; Zhang et al., 2021). In contrast, there 
is little overlap between point clouds from TLS and UAV photogram-
metry, especially for mature forest stands. To register these point clouds, 
Tian et al. (2019) investigated a tree height estimation approach that 
combined TLS and UAV photogrammetry based on Ground Control 
Points (GCPs) and registration algorithms. Although they demonstrated 
the applicability of this approach, the integration of TLS and UAV 
photogrammetry in actual forestry application is still lacking. Since the 
integration of TLS and UAV photogrammetry could be effective in for-
ests with taller tree heights, further assessment of estimation accuracies 
in such forest environments is required. In managed plantation forests, 
forest stand structure varies depending largely on silvicultural treat-
ments (e.g., thinning). As forest structure influences the estimation of 
tree attributes using TLS and UAV photogrammetry (Iizuka et al., 2018; 
Moe et al., 2020; Roşca et al., 2018; Xu et al., 2021), the investigation of 
estimating tree attributes and the influencing factors associated with 
silvicultural treatments in old managed forests would provide valuable 
insights for the integration of TLS and UAV photogrammetry in forest 
resource management. Understanding the influence of forest structure 
would also be useful to assess the potential use of the integration 
approach in other forest environments. 

The objective of this study was to investigate the applicability of 
integrating TLS and UAV photogrammetry in the estimation of DBH, tree 

height, and stem volume in managed coniferous plantation forests in 
Japan. Specifically, we examined the accuracy of these individual tree 
attributes in thinned and not-thinned forests using TLS data alone and 
combining TLS and UAV data. When combining TLS and UAV data, we 
investigated two tree height estimation approaches; thus, we investi-
gated the total of three tree height estimation approaches in this study. 
The thinned and not-thinned forest stands have different forest struc-
tures, thus their comparative analysis can provide insights into estima-
tion uncertainties associated with different forest structures. 

2. Study area 

The study area of this research was coniferous planted forests in 
Yokoyama National Forest, Ibaraki prefecture, Japan (latitude 
36◦49′58′′ N; longitude 140◦35′04′′ E; ~580 m above sea level) (Fig. 1). 
The annual rainfall in this region is about 1730 mm with a mean tem-
perature of 10.5 ◦C. In the study area, Japanese cedar (Cryptomeria 
Japonica) trees were planted in 1910. Two rectangular permanent plots 
were established in not-thinned (“Unthin”, 0.085 ha) and thinned 
(“Thin”, 0.40 ha) forests in 1940 and 1960. The mean topographic slope 
was 13.9◦ and 9.1◦ in the Thin and Unthin plots, respectively, with 
moderate understory vegetation. All standing Japanese cedar trees were 
numbered and marked at breast height (i.e., 1.2 m) in both plots. In the 
Thin plot, thinning was undertaken at the age of 15, 30, 40, 50, and 79 
years. Field surveys have been conducted about every 5–10 years since 
the establishment of the permanent plots. 

3. Methods 

3.1. Overview 

In this study, we investigated three approaches for estimating the 
DBH, tree height, and stem volume of individual trees (Fig. 2). For each 
approach, DBH was obtained directly using TLS measurements, but tree 
height was estimated in three different ways, leading to different stem 
volume estimates. The approaches included: (1) using only TLS mea-
surement data (“TLS”), (2) integrating TLS and UAV data to estimate 
tree height by extracting tree canopy height values just above tree lo-
cations (“TLS + UAV 1”), and (3) integrating TLS and UAV data to es-
timate tree height by detecting the treetops of the tree canopy (“TLS +
UAV 2”). We calculated the accuracy metrics of these estimations using 
field survey data as a reference and then compared the accuracy of each 
approach. 

3.2. Field survey data 

We performed a field survey in two permanent plots (“Thin” and 
“Unthin”) from 17 to 19 February 2021, at the age of 112 years 
(Table 1). All numbered living (Japanese cedar) trees were included in 
the measurements, but dead trees that were alive during the last mea-
surement were also included. A total of 200 and 86 trees were included 
in the Thin and Unthin plots, respectively. DBH, tree height, and tree 
form class were measured for each tree during the field survey. DBH was 
calculated as the mean of diameter measurements obtained using steel 
calipers from two orthogonal directions at the marked height of 1.2 m 
above the ground. Tree height measurements were conducted using a 
Vertex IV hypsometer (Haglöf, Sweden). Tree form class was assigned 
based on the Terazaki’s tree-form classification in the field, but later 
reclassified into the dominant, suppressed, and dead tree classes. We 
calculated the stem volume of each tree using the measured DBH and 
tree height in the volume equation by (Hosoda et al., 2010), which was 
developed by destructive measurements of trees in this region. 

3.3. UAV photogrammetric data 

We acquired RGB images using a DJI Phantom 4 Pro quadcopter UAV 
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Fig. 1. The study area of this research. (a) The location of the study area in Japan. (b) Field survey plots in Thin (above) and Unthin (below) forests with an 
orthomosaic generated from photographs taken by the unmanned aerial vehicle (UAV). (c) Photograph of the forest stands in the Unthin plot. 

Fig. 2. Flowchart of the overall processing. Diameter at breast height (DBH), tree height, and stem volume of individual trees were estimated in three estimation 
approaches after the generation of a digital terrain model (DTM) from terrestrial laser scanning (TLS) and a digital canopy height model (DCHM) from UAV 
photogrammetric data. 
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(DJI, China), which had a 20-million-pixel camera, on 18 February 
2021. The flight mission was controlled using the DJI GS Pro software 
version 2.0.14. The flight altitude was about 100 m above ground from 
the launched location with forward and side overlaps of 90% and 80%, 
respectively. The flight settings resulted in an estimated ground sam-
pling distance of 2.7 cm. The UAV flight measurements included the 
entire field survey plots, covering about 6.5 ha of total area. Five GCPs 
were distributed within the study area. The Reach RS (Emlid, China) 
Global Navigation Satellite System (GNSS) receivers were used to obtain 
the geographical locations for each GCP. The GNSS signals were pro-
cessed with a Post-Processed Kinematic solution using the RTKLIB 
software version 2.4.2. 

Metashape Professional version 1.6.1 (Agisoft, Russia) was used to 
generate a photogrammetric point cloud from the photographs acquired 
by UAV using the SfM-MVS approach (Snavely et al., 2008). The UAV 
photogrammetric data was processed by image alignment, building a 
dense point cloud, building a mesh, and building an orthomosaic pro-
cedures. To align images and determine the internal parameters, we 
used a high-quality setting in Metashape Professional, resulting in a total 
of 162 aligned photographs. After initial image alignment, we manually 
identified the GCPs in corresponding photographs to optimize camera 
locations and orientations. In this procedure, we did not import 
geographical locations from the GNSS signals because the processing 
without GNSS locations achieved better accuracy in a preliminary 
analysis. Thus, the geographical locations in this analysis depended on 
the GNSS onboarded on the UAV. We built a dense point cloud using 
high-quality and mild depth filtering settings. Then, we processed the 
mesh building and generated an orthomosaic at 2 cm resolution. Finally, 
we exported the photogrammetric point cloud, which had a point den-
sity of 1973 points/m2, for further processing. 

3.4. TLS data 

We implemented the TLS measurement within and around the per-
manent plots using the Optical Woods Ledger (OWL) (AdIn Research, 
Japan) on 18 February 2021. OWL is a one-legged TLS instrument 
equipped with the UTM-30LX-EM laser sensor (Hokuyo, Japan), offering 
a point density of 1.94 million points per scan (Table 2). A total of 93 

scans were performed at a scanning distance of about 10 m. While 
scanning these locations, four scans were performed directly above the 
GCPs for the purpose of registering the point clouds from TLS and UAV 
photogrammetry in the later processing. We mapped the preliminary 
tree locations using the TLS data and then matched trees in the field 
survey and the detected trees in TLS during in situ field observations. 

We processed the TLS point cloud using the OWL manager software 
version 1.7.3.1 (AdIn Research, Japan). The multi-scan TLS data were 
first co-registered (Tsubouchi, 2019), and then used to identify scan and 
tree locations and to retrieve DBH and tree height of each tree using 
built-in functions in the OWL manager. DBH was retrieved by fitting a 
circle for stem points of individual trees at breast height, whereas tree 
height was retrieved as the height difference between the maximum and 
minimum individual tree points (Muroki and I, 2019; Suematsu et al., 
2020). The point cloud, scan locations, and tree locations from the TLS 
data had a local coordinate system. After the above processing, we 
eliminated trees that had an estimated tree height of < 10 m and an HD 
ratio (=tree height/DBH) of < 20 to remove any false detections caused 
by understory vegetation in the plots; however, trees that matched with 
the field surveyed trees were retained regardless of this filtering process. 
Since trees with the HD ratio of <20 are unlikely, this threshold is 
applicable to other forest environments, whereas the threshold for tree 
height (<10 m) is specific to our study area for eliminating understory 
vegetation. Other forest environments and study objectives would 
require different thresholds of tree height. 

3.5. Registration of TLS and UAV data 

To register the point clouds from TLS and UAV photogrammetry, two 
sequential steps were implemented: coarse registration using both the 
GCPs and scan locations and fine registration using the Iterative Closest 
Point (ICP) algorithm (Besl and McKay, 1992). The point cloud from TLS 
was transformed to match with the reference point cloud from the UAV 
photogrammetry in these procedures. In the coarse registration, XYZ 
coordinates from four GCPs that intersected with the TLS scan locations 
were manually extracted from the orthomosaic and the photogram-
metric point cloud. Then, a transformation matrix was retrieved using 
the affine transformation between scan locations in the local coordinate 
system and the GCPs in geographic locations for the XY coordinates and 
the mean Z difference for the Z coordinate. The TLS tree locations and 
the point cloud were transformed using the retrieved transformation 
matrix. In the fine registration, the coarsely registered point cloud was 
aligned with the UAV photogrammetric point cloud using the ICP al-
gorithm, which iteratively minimizes the distance between the points 
from two point sets (Besl and McKay, 1992), using CloudCompare 
version 2.11.3. Because TLS and UAV photogrammetry only partially 
shared point clouds for the same objects due to their different mea-
surement properties, we set the overlap as 10% in the ICP algorithm. TLS 
tree locations were also transformed using the transformation matrix 
from the ICP algorithm (Fig. 3). 

3.6. Generation of terrain and canopy height models 

We generated a Digital Terrain Model (DTM) using the registered 
TLS point cloud in the R statistical software version 4.0.3 (R Core Team, 
2020) with the package “lidR” (Roussel et al., 2020). A cloth simulation 
filtering algorithm (Zhang et al., 2016) was used to identify ground 
points in the TLS point cloud. The derivation of the DTM was performed 
by interpolating the ground points with a triangle irregular network at 
the spatial resolution of 0.25 m. To generate a Digital Canopy Height 
Model (DCHM), we first normalized the UAV photogrammetric point 
cloud using the DTM. The normalized photogrammetric point cloud was 
then used to generate a DCHM with a pit-free algorithm (Khosravipour 
et al., 2014) at the spatial resolution of 0.25 m. This procedure was also 
completed using the package “lidR”. 

Table 1 
Description of measured tree attributes (DBH, tree height, and stem volume) and 
forest attributes in each plot in the field surveys.   

Thin Unthin All 

Area [ha] 0.40 0.085 0.485 
N of trees 200 86 286 
Stand density [trees/ha] 500 1012 590 
Mean DBH [cm] (min – max) 45.4 

(23.8–73.4) 
34.5 
(21.2–56.5) 

42.1 
(21.2–73.4) 

Mean tree height [m] (min – max) 31.7 
(21.7–39.2) 

28.4 
(18.4–33.8) 

30.7 
(18.4–39.2) 

Mean stem volume [m3] (min – max) 2.28 
(0.55–5.27) 

1.29 
(0.32–3.19) 

1.98 
(0.32–5.27)  

Table 2 
Specification of OWL (sensor: UTM-30LX-EM).  

Feature Description 

Pulse density 43,200 pulse/sec 
Detection range 0.1–30 m 
Maximum detection distance 60 m 
Laser wavelength 905 nm 
Measurement time per scan 45 sec 
Field of view 360◦ (Horizontal)  

270◦ (vertical) 
Ranging accuracy ±30 mm (0.1–10 m)  

±50 mm (10–30 m) 
Angular Resolution 0.25◦

Weight 3.7 kg  
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3.7. Derivation of DBH, tree height, and stem volume in each approach 

We estimated tree attributes (i.e., DBH, tree height, and stem vol-
ume) using three different approaches. DBH estimation was the same for 
all these approaches, whereas the tree height estimation was different. 
Although the equation for calculating stem volume (Hosoda et al., 2010) 
was the same for each approach, the obtained stem volume estimates 
varied depending on the estimated DBH and tree height values. In this 
study, we investigated the following approaches: (1) tree height was 
directly obtained from TLS estimation (“TLS”); (2) tree height was 
estimated from DCHM and TLS tree locations (“TLS + UAV 1”). The 
DCHM values that coincided with the tree locations were treated as the 
tree height of individual trees in this approach; and (3) tree height was 
estimated through treetop detection based on DCHM and TLS tree lo-
cations (“TLS + UAV 2”). The assumption of this approach was that the 
treetops were not always directly above each tree’s location, but rather 
near the corresponding tree locations. Treetop detection was performed 
using a local maximum filter, which was applied to the DCHM with a 
window size of 1.75 m and a minimum height of 10 m. The detected 

treetops were matched against the TLS trees based on the distance be-
tween treetops and TLS tree locations: a match was determined if a 
treetop and a tree location were closest to each other and within 3 m 
distance (Fig. 4). The matching procedure was iteratively performed for 
the remaining unmatched candidates until all possible candidates were 
matched. The DCHM values of the matched treetops were assigned as 
tree height. For tree locations that did not match any treetops, we 
assigned DCHM values directly above the tree locations as tree height. 

The performance of the DBH, tree height, and stem volume estima-
tions for individual trees in each approach was assessed using field data 
for the Thin, Unthin, and aggregated (All) plots. We treated the field 
survey as a reference for DBH and tree height. For stem volume, we used 
the calculated value from the volume equation as a reference. We 
calculated the Root Mean Squared Error (RMSE), Mean Absolute Error 
(MAE), bias, coefficient of determination (R2), and Concordance Cor-
relation Coefficient (CCC) (Lin, 1989) for the trees that matched with the 
field survey data. For RMSE, MAE, and bias, we also calculated the 
metrics normalized by the mean values of the field survey (RMSE%, 
MAE%, and bias%). The RMSE, MAE, bias, R2, and CCC were calculated 

Fig. 3. The processed TLS and UAV data in the study area. (a) TLS detected tree locations with a DTM. (b) A DCHM from UAV photogrammetric data. (c) Examples of 
point clouds in the cross-section transects of the Thin and Unthin plots. The DTM was corrected using the signals from the Global Navigation Satellite System. 
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as follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(xi − yi)2

√

(1)  

MAE =
1
n

∑n

i=1
|xi − yi| (2)  

bias =
1
n
∑n

i=1
(xi − yi) (3)  

R2 = 1 −
∑n

i=1(yi − xi)
2

∑n
i=1(yi − y)2 (4)  

CCC =
2σxy

σ2
x + σ2

y + (x − y)2 (5)  

where, n is the number of trees that matched with the field survey; xi is 
the estimated value of tree i in each approach; yi is the measured value of 
tree i in the field survey; x is the mean estimated value in each approach; 
y is the mean value of field survey; σxy is the covariance for the estimated 
and measured values in each approach; σx is the variance of the esti-
mated values in each approach; and σy is the variance of the measured 
values in the field survey. 

4. Results 

4.1. TLS tree detection 

TLS measurement detected 208 and 107 trees in the Thin and Unthin 

plots, respectively (Table 3). Although all of the field surveyed trees 
were detected in both the Thin and Unthin plots, false tree detection (i. 
e., trees detected in TLS but not measured in field survey) was observed 
for both plots, with 8 and 21 trees in the Thin and Unthin plots, leading 
to the ratio of correct TLS detection of 96.2% (=200/208) and 80.4% 
(=86/107), respectively. In the Thin plot, five of these trees were dead 
trees, two were overestimated trees, and the other was a broadleaf tree, 
whereas all 21 trees were confirmed as dead trees in the Unthin plot. The 
ratio of correct TLS detection was lower in the Unthin plot than in the 
Thin plot, indicating that false tree detection occurred more frequently 
in the Unthin plot. 

4.2. DBH estimation by TLS 

The comparison of field measured DBH with TLS measured DBH is 
shown in Fig. 5. The RMSEs of the DBH estimations were 2.27 cm (RMSE 
%: 5.0%), 2.54 cm (7.4%), and 2.36 cm (5.6%) for Thin, Unthin, and All 
plots, respectively (Table 4). All accuracy metrics achieved a better 
performance in the Thin plot compared to those in the Unthin plot. The 
estimations were positively biased, especially in the Unthin plot (1.16 
cm, 3.4%). The CCCs were larger than 0.94 in all three patterns. 

4.3. Tree height estimation in each approach 

The tree height estimations from each approach are compared to 
reference field survey data in Fig. 6. Tree height was largely under-
estimated by the “TLS” approach (bias of − 8.39 m for All plot; Table 5). 
The RMSE (8.87 m), MAE (8.40 m), R2 (0.186), and CCC (0.071) ob-
tained from the “TLS” approach also revealed lower accuracies 
compared to other approaches. In contrast, bias and the other accuracy 
metrics were improved when combined with the UAV data. The RMSE/ 
MAE of all combined plots were 1.89 m (6.2%)/1.38 m (4.5%) and 1.77 
m (5.7%)/1.14 m (3.7%) for the “TLS + UAV 1” and “TLS + UAV 2” 
approaches, respectively. The “TLS + UAV 2” generally achieved better 
performance than the “TLS + UAV 1” approach; however, in the Unthin 
plot, RMSE and bias were better using the “TLS + UAV 1” approach. The 
bias of the tree height estimation in “TLS + UAV 1” was slightly negative 
in the Thin and All plots, whereas the estimation in “TLS + UAV 2” 
approach was positively biased in the all plots. In the “TLS” approach, 

Fig. 4. Example of the matching results of TLS tree locations and treetop detection in the Thin plot. Matching results are shown only for the TLS detected trees within 
the plot. 

Table 3 
Results of TLS tree detection and matching with the field surveys.   

Thin Unthin All 

N of trees in field survey 200 86 286 
N of trees in TLS detection 208 107 315 
N of TLS trees matched with field survey 200 86 286 
N of TLS trees not-matched with field survey 8 21 29 
Ratio of correct field tree detection 100% 100% 100% 
Ratio of correct TLS detection 96.2% 80.4% 90.8%  
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one tree had a tree height of 0 m, which was confirmed to be a forked 
tree. 

In the treetop detection of the “TLS + UAV 2” approach, 78.3% of the 
TLS trees were detected in the local maximum filter procedure. The 
RMSE of the detected trees (1.51 m, 4.8%) was lower than that of the 
undetected trees (2.48 m, 8.7%), which were estimated using the DCHM 
values directly above the tree locations. The biases of the detected and 
undetected trees were 0.34 m and 0.42 m, respectively. 

The tree height of each tree class revealed that suppressed and dead 
trees were likely to be underestimated in the “TLS + UAV 1” and “TLS +
UAV 2” approaches (Fig. 7). Although the dominant class occupied 

95.1% of all trees and relatively few trees were assigned to the sup-
pressed and dead classes, overestimation was observed in both classes. 
The bias of suppressed and dead tree classes were 4.18 m and 6.54 m, 
respectively, for the “TLS + UAV 1” approach, and 4.95 m and 6.74 m, 
respectively, for the “TLS + UAV 2” approach. 

4.4. Stem volume estimation in each approach 

The tree height estimates affected the accuracy of the stem volume 
estimation in this study (Fig. 8). Overall, the approaches that integrated 
both TLS and UAV photogrammetry achieved higher accuracies and 
lower biases (Table 6). The best accuracy metrics for the All plot were 
obtained using the “TLS + UAV 2” approach for RMSE (0.21 m3), MAE 
(0.14 m3), R2 (0.954), and CCC (0.975) with slightly lower values for the 
“TLS + UAV 1” (RMSE, MAE, R2, and CCC of 0.21 m3, 0.14 m3, 0.950, 
and 0.972, respectively). The bias was more improved in “TLS + UAV 1” 
than in “TLS + UAV 2”. 

5. Discussion 

TLS is a promising technology for estimating under canopy tree at-
tributes, such as DBH; however, previous studies have indicated that 
tree height is often underestimated using TLS data (Wang et al., 2019). 
This could be problematic when estimating tree attributes in old 

Fig. 5. Comparison of diameter at breast height (DBH) of individual trees using 
the TLS measurements and field surveys. 

Table 4 
Accuracies of DBH estimation using TLS. The metrics normalized by the mean 
field survey values are shown in parentheses.  

Plot RMSE [cm] MAE [cm] bias [cm] R2 CCC 

Thin 2.27 (5.0%) 1.51 (3.3%) 0.38 (0.8%)  0.940  0.969 
Unthin 2.54 (7.4%) 1.65 (4.8%) 1.16 (3.4%)  0.916  0.946 
All 2.36 (5.6%) 1.55 (3.7%) 0.62 (1.5%)  0.949  0.972  

Fig. 6. Comparison of tree height estimations from “TLS”, “TLS + UAV 1”, and “TLS + UAV 2” approaches against the field survey measurements.  

Table 5 
Accuracies of tree height estimation for each approach. The metrics normalized 
by the mean field survey values are shown in parentheses.  

Approach Plot RMSE 
[m] 

MAE [m] bias [m] R2 CCC 

TLS Thin 9.16 
(28.9%) 

8.80 
(27.7%) 

− 8.80 
(− 27.7%)  

0.062  0.024  

Unthin 8.17 
(28.8%) 

7.47 
(26.3%) 

− 7.45 
(− 26.2%)  

0.127  0.085  

All 8.87 
(28.9%) 

8.40 
(27.3%) 

− 8.39 
(− 27.3%)  

0.186  0.071 

TLS +
UAV 1 

Thin 1.64 
(5.2%) 

1.22 
(3.9%) 

− 0.77 
(− 2.4%)  

0.631  0.738  

Unthin 2.39 
(8.4%) 

1.74 
(6.1%) 

0.27 (1.0%)  0.325  0.450  

All 1.89 
(6.2%) 

1.38 
(4.5%) 

− 0.46 
(− 1.5%)  

0.617  0.733 

TLS +
UAV 2 

Thin 1.41 
(4.4%) 

0.95 
(3.0%) 

0.17 (0.5%)  0.658  0.804  

Unthin 2.40 
(8.5%) 

1.58 
(5.6%) 

0.81 (2.8%)  0.387  0.499  

All 1.77 
(5.7%) 

1.14 
(3.7%) 

0.36 (1.2%)  0.658  0.782  
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managed forests with taller tree canopies. In this study, we investigated 
the integration of TLS and UAV photogrammetric data to estimate DBH, 
tree height, and stem volume in managed conifer plantations in Japan. 
The results indicated the promising prospect of integrating TLS and UAV 
data for the accurate estimation of individual tree attributes. 

All field surveyed trees were successfully detected by the TLS 

measurements in both Thin and Unthin plots. Tree detection in multi- 
scan TLS is influenced by forest structures and scanning setups (Liang 
et al., 2016). Higher stand density and trees with smaller DBH generally 
decrease tree detection (Gollob et al., 2019). In this study, stand density 
was not high (500 and 1012 trees/ha) and all trees had DBH values that 
were larger than 20 cm, which possibly led to the high detection 

Fig. 7. Comparison of tree height estimations of the dominant, suppressed, and dead tree classes in the “TLS”, “TLS + UAV 1”, and “TLS + UAV 2” approaches 
against the field survey measurements. 

Fig. 8. Comparison of stem volume estimation of “TLS”, “TLS + UAV 1”, and “TLS + UAV 2” approaches against the field survey measurements.  
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accuracy. In addition, the scanning distance of about 10 m was enough 
to detect all trees. Suematsu et al. (2020) showed that scanning distances 
longer than 10 m using OWL would decrease detection accuracy, espe-
cially in forests with understory vegetation. This was not the case for our 
study, even with moderate understory vegetation. False detection trees 
were mostly caused by dead trees in this study. Because there existed 
standing dead trees in forests, it was reasonable to include them in the 
TLS measurements; however, dead trees are usually not suitable for 
timber extraction, and forest resources would be overestimated if dead 
trees are treated as exploitable trees. Although there are few studies that 
have examined an automatic method for identifying dead trees using 
TLS data (Marchi et al., 2018), automated procedures are required for 
operational forest monitoring. 

As expected, the DBH estimations using the TLS data achieved high 
accuracy with an RMSE of 2.36 cm (5.6%) and a CCC of 0.972 for the All 
plot. This result is comparable with the estimation accuracy reported in 
previous studies, with RMSEs of 1.1–3.8 cm (5.4–13.1%), using multi- 
scan TLS measurements in different forest environments (Bazezew 
et al., 2018; Giannetti et al., 2018b; Gollob et al., 2019; Lindberg et al., 
2012; Liu et al., 2018; Maas et al., 2008). Similar findings were obtained 
by previous studies focused on the coniferous plantation forests in 
Japan, with an RMSE of 1.1 cm (4.5%) (Suematsu et al., 2020) and MAEs 
of 2.2–3.9% (Nishizono et al., 2020) and 3.0–4.6% (Kitahara et al., 
2020) for Japanese cypress (Chamaecyparis obtusa) forests, and RMSEs of 
1.1–1.3 cm (Matsumura et al., 2020) and 3.2 cm (Muroki and I, 2019) 
for Japanese cedar forests using the OWL measurements. The accuracies 
in the Thin plot generally had a better performance than those in the 
Unthin plot. The accuracies of DBH estimations are largely affected by 
forest structures (Liang et al., 2018). Thus, the high stand density in the 
Unthin plot might have decreased the point clouds on the stems, leading 
to lower estimation accuracies in this study. 

The tree height estimation using only the TLS data showed a large 
underestimation with the biases of − 8.80 m and − 7.45 m for the Thin 
and Unthin plots, respectively. The underestimation of taller trees has 
also been observed in previous studies (e.g., (Liang et al., 2018; Wang 
et al., 2019)), mainly due to occlusions caused by trees and understory 
vegetation. In this study, mean tree height was relatively high (i.e., 30.7 
m) compared to the detection range of TLS (i.e., 0.1–30 m). The capacity 
of the TLS laser sensor made it difficult to detect the treetops using the 
TLS data, as obviously shown in the example point cloud in Fig. 3. 
Although the underestimation of tree height was severe in this study, the 
underestimations of tree height were also found in previous studies 
using other TLS sensors (e.g., (Matsumura et al., 2020; Wang et al., 
2019)). The integration of the UAV photogrammetric data greatly 

improved the estimation biases and accuracies in both the Thin and 
Unthin plots. This is not surprising because tree height from the UAV- 
SfM approach can, in case a valid DTM is available, provide accurate 
estimates (Goodbody et al., 2019; Iglhaut et al., 2019; Puliti et al., 2019; 
Vaglio Laurin et al., 2019). Tree height estimation with treetop detection 
(“TLS + UAV 2”) generally showed higher accuracies (RMSE: 1.77 m, 
5.7%) compared to the tree height estimation based on tree location 
(“TLS + UAV 1”) (RMSE: 1.89 m, 6.2%), revealing that the treetops were 
not always directly above tree locations and should be detected for ac-
curate estimation. In contrast, some smaller trees, especially for the 
suppressed trees, showed an overestimation of tree height (Fig. 7). 
Because we used DCHM values to estimate tree height, trees occluded by 
other taller trees can have overestimated tree height. Relatively larger 
overestimations in the Unthin plot, which had smaller tree heights than 
the Thin plot, can be partially explained by this reason. A more so-
phisticated approach for detecting suppressed trees might improve the 
accuracy of tree height estimations. In addition, although the treetop 
detection approach (“TLS + UAV 2”) achieved high accuracies in Jap-
anese cedar forests in this study, the “TLS + UAV 1” approach might be 
more suited to forests with treetops that are difficult to detect using the 
local maximum filter due to species-specific crown forms (e.g., Japanese 
cypress, Japanese larch, and broadleaf species). Another possible solu-
tion to estimate the accurate tree height of individual trees in such 
forests would be using TLS point clouds for characterizing stem taper 
and deriving the potential treetops. This should be investigated in future 
studies. 

Stem volume was underestimated by the “TLS” approach due to the 
underestimation of tree height. Integrating UAV photogrammetry ach-
ieved better accuracies in both the Thin and Unthin plots. Although 
“TLS + UAV 2” achieved higher accuracies in tree height estimation, 
both “TLS + UAV 1” and “TLS + UAV 2” showed similar accuracies for 
the stem volume estimations. The integration of TLS data and other data 
sources for estimating stem volume and other tree attributes have been 
previously investigated in several studies, especially in combination 
with ALS (e.g., (Bazezew et al., 2018; Giannetti et al., 2018b; Lindberg 
et al., 2012)). These studies showed improved accuracies mainly for tree 
height estimations by integrating multiple data sources. This study 
revealed that the integration of TLS and UAV photogrammetric data also 
improved the estimation accuracies of tree height and stem volume. 

Although it is quite difficult to confirm which data source should be 
used for the integration, the integration of TLS and UAV photogram-
metric data can be used as an alternative approach in forests with 
suitable conditions. As UAV photogrammetry can only acquire the upper 
tree canopy surface, the overestimation of tree height would deteriorate 
in multi-layer forests with many suppressed trees that are not visible 
from photographs. In addition, the registration in this study required 
TLS scans on GCPs, which might be difficult to obtain for forest stands 
with dense canopy cover. Although coarse registration approaches 
without GCPs have been recently proposed (e.g., Hyyppä et al., 2021), 
the applicability of those approaches is still unclear in our study area. 
Furthermore, since the TLS point cloud mainly captures the under 
canopy and UAV photogrammetric point cloud mainly captures the 
upper canopy structure, they shared only a portion of points. For this 
reason, the ICP algorithm in the registration process might not be 
applicable to forests with few gaps or roads. In such forest environments, 
the integration of TLS and UAV photogrammetry should be cautiously 
used. In addition, TLS measurements might not be feasible in dense 
understory vegetation due to occlusion effects (Kelbe et al., 2016; 
Tremblay and Béland, 2018), even if the UAV flight was successfully 
completed. More investigations in additional forest conditions are 
required to better understand the integration of TLS and UAV 
photogrammetry. 

The derivation of stem volume from point clouds has the potential to 
improve estimation accuracy, as demonstrated by previous studies 
(Calders et al., 2015; Liang et al., 2016). However, the TLS point cloud in 
this study did not reach the upper canopy, and thus it might decrease 

Table 6 
Accuracies of stem volume estimation for each approach. The metrics normal-
ized by the mean field survey values are shown in parentheses.  

Approach Plot RMSE 
[m3] 

MAE 
[m3] 

bias [m3] R2 CCC 

TLS Thin 0.76 
(33.2%) 

0.66 
(28.7%) 

− 0.65 
(− 28.3%)  

0.891  0.632  

Unthin 0.39 
(30.5%) 

0.30 
(23.7%) 

− 0.28 
(− 21.9%)  

0.824  0.766  

All 0.67 
(33.7%) 

0.55 
(27.8%) 

− 0.54 
(− 27.1%)  

0.903  0.712 

TLS +
UAV 1 

Thin 0.22 
(9.8%) 

0.15 
(6.5%) 

− 0.04 
(− 1.8%)  

0.940  0.967  

Unthin 0.19 
(14.7%) 

0.13 
(10.2%) 

0.06 (4.5%)  0.916  0.947  

All 0.21 
(10.8%) 

0.14 
(7.2%) 

− 0.01 
(− 0.5%)  

0.950  0.972 

TLS +
UAV 2 

Thin 0.22 
(9.5%) 

0.15 
(6.5%) 

0.03 (1.5%)  0.944  0.971  

Unthin 0.19 
(14.6%) 

0.14 
(10.7%) 

0.09 (6.7%)  0.925  0.950  

All 0.21 
(10.5%) 

0.14 
(7.3%) 

0.05 (2.5%)  0.954  0.975  
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estimation accuracy even with sophisticated algorithms. In such a case, 
the integration of UAV-based laser scanning (ULS) might provide com-
plementary data thanks to the dense point clouds obtained from ULS 
(Liang et al., 2019; Polewski et al., 2019). Although ULS is a promising 
technology, it still requires investigation into its usage in various forest 
environments. The cost and spatial coverage are also important aspects 
for operational forest monitoring. The integration of TLS and UAV 
photogrammetry should also be compared to such remote sensing 
technology to investigate cost-effective monitoring approaches. 

6. Conclusion 

This study examined the integration of TLS and UAV photogram-
metric data to estimate DBH, tree height, and stem volume in thinned 
and not-thinned plots in coniferous planted forests in Japan. We eval-
uated the accuracies of estimation approaches using TLS data alone and 
integrating TLS and UAV data. As expected, DBH estimation using TLS 
data achieved high accuracies, whereas tree height estimation revealed 
a large underestimation when using TLS data alone. In contrast, the 
integration of TLS and UAV photogrammetric data greatly improved the 
tree height estimation accuracies. In particular, tree height estimation 
achieved improved accuracies by extracting the DCHM values at the 
treetops as detected with a local maximum filter. The accuracy of the 
stem volume estimations was also improved by integrating the TLS and 
UAV photogrammetry, which was mainly due to the improved tree 
height estimations. Although the approach presented here might result 
in low estimation accuracies in multi-layer forests and requires some 
specific conditions for the registration process, it is still useful to accu-
rately estimate the DBH, tree height, and stem volume of individual 
trees, especially in coniferous planted forests with taller trees. The 
integration of TLS and UAV photogrammetry could be used for esti-
mating accurate and up-to-date tree attributes in forest inventory, 
improving yield prediction, and understanding forest dynamics of 
coniferous forests, potentially in other study regions. Future studies 
should investigate the cost-efficient and operational use of TLS and UAV 
photogrammetry in actual forest management both in coniferous and 
broadleaved forests. 
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Hyyppä, E., Muhojoki, J., Yu, X., Kukko, A., Kaartinen, H., Hyyppä, J., 2021. Efficient 
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