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Abstract: A growing societal interest exists in the application of lidar technology to monitor forest
resource information and forestry management activities. This study examined the possibility of
estimating the diameter at breast height (DBH) of two tree species, Pinus koraiensis (PK) and Larix
kaempferi (LK), by varying the number of terrestrial laser scanning (TLS) scans (1, 3, 5, 7, and 9) and
DBH estimation methods (circle fitting [CF], ellipse fitting [EF], circle fitting with RANSAC [RCF],
and ellipse fitting with RANSAC [REF]). This study evaluates the combination that yields the highest
estimation accuracy. The results showed that for PK, the lowest RMSE of 0.97 was achieved when
REF was applied to the data from nine scans after noise removal. For LK, the lowest RMSE of 1.03 was
observed when applying CF to the data from seven scans after noise removal. Furthermore, ANOVA
revealed no significant difference in the estimated DBH from nine scans when more than three scans
were used for CF and RCF and more than five for EF and REF. These results are expected to be useful
in establishing efficient and accurate DBH estimation plans using TLS for forest resource monitoring.

Keywords: LiDAR; TLS; DBH; RANSAC; circular fitting; circle fitting; ellipse fitting

1. Introduction

Traditional monitoring of forest resources for the construction of forest structural
parameters typically involves in situ measurements using diameter tapes, calipers, and
hypsometers [1]. In particular, diameter at breast height (DBH) is a fundamental param-
eter for calculating forest biomass and is used in various forest resource-related models,
including stem taper, growth prediction, and height estimation [2–4].

Research related to DBH measurement has been conducted on comparisons of mea-
surement results based on measurement height and tools, such as calipers and diameter
tapes, as well as analyses of differences due to field crews [5–7]. Since the 2000s, with the
advancement of remote sensing techniques, data collection using various platforms has
become feasible, leading to diverse studies on DBH estimation modeling using satellite im-
agery, drone imagery, and ‘light detection and ranging (LiDAR)’ [8,9]. In particular, LiDAR
technology, which is capable of acquiring high-resolution three-dimensional data, has been
extensively researched for extracting information on forest structural parameters [10].

Research on DBH estimation using LiDAR utilizes data collected from various plat-
forms and sensors including terrestrial laser scanning (TLS), mobile laser scanning (MLS),
and airborne laser scanning (ALS). ALS has been commonly used for decades, but recently,
there has been concurrent research on the utilization of TLS and MLS for ground-based data
collection. Because it involves data acquisition from aircraft, ALS allows for efficient data
collection; however, its low point density limits its analysis of forest structures. However,
TLS and MLS collect data from the lower parts of a forest, making them more suitable
for analyzing forest structures. MLS, utilizing localization algorithms (e.g., simultane-
ous localization and mapping), is more effective in covering large areas and addressing
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occlusions owing to its ability to move while scanning. However, its accuracy is lower
than that of TLS owing to cumulative errors in scanner positioning and movement. TLS,
being stationary, can gather high-density and accurate point data on clouds compared to
other platforms. However, occlusions can occur owing to terrain and other obstructions,
necessitating adjustments in the number and positions of scans to effectively collect data
on point clouds [11,12].

In particular, TLS enables high-accuracy DBH estimation based on dense and precise
point cloud data, compared to LiDAR systems on other platforms [13]. Consequently,
numerous studies have applied various algorithms using TLS to estimate DBH, such as
the Hough transform, circle fitting algorithm, ellipse fitting algorithm, linear least square
circle fitting, nonlinear least square circle fitting, minimum bounding box method, centroid
method, and maximum distance method. These studies have also proposed new algorithms
in this field [14–19]. Additionally, the random sample consensus (RANSAC) algorithm was
presented as an effective method for eliminating the influence of noise [20]. The accuracy
of DBH estimation using TLS can vary under different conditions. According to previous
research, higher slopes may result in lower accuracy of DBH estimation [21]. Moreover,
because TLS operates from a fixed point and rotates to acquire data, high stand density and
uneven vertical distribution can lead to significant occlusions [22,23]. Consequently, the
number of TLS scans significantly impacts data quality. Scanning methods are primarily
categorized into single-scanning and multi-scanning, depending on the number of scans.
Single-scanning was typically conducted at the center of the plot. Consequently, although
data acquisition and preprocessing are rapid, this method is vulnerable to occlusions
caused by the terrain and objects [24]. Multi-scanning involves scanning more than twice
and aligning the collected data for acquisition. In multi-scanning, there is a trade-off
relationship in which an increased scanning frequency leads to higher costs but also
improves accuracy [21].

Previous studies have primarily focused on applying various algorithms to single-
point clouds acquired in forest environments. However, these approaches often fail to
thoroughly examine the relationship between the number of TLS scans, point cloud quality,
and DBH estimation accuracy. Therefore, this study aimed to analyze the patterns of
accuracy variation relative to the number of TLS scans in the same study area. Additionally,
the impact of the presence and treatment of noise and various DBH estimation methods
on accuracy was investigated, intending to contribute to the development of forest point
cloud strategies for DBH estimation.

2. Materials and Methods

In this study, point clouds were collected using the TLS. The datasets were created
from data scanned one, three, five, seven, and nine times following the alignment and
ground control points (GCP) correction processes. The point cloud constructed for each
scanning frequency was processed using a Cloth Simulation Filter (CSF) algorithm to
extract ground points and construct the mesh data of the terrain. Subsequently, the distance
between the mesh and points was calculated to extract the DBH point cloud at breast height
(ranging from 1.15 to 1.25 m). The location of each tree was determined using the position
coordinates collected using the Real-Time Kinematic (RTK) system during the field surveys.
For each tree, DBH was estimated and evaluated using circle fitting (CF), ellipse fitting
(EF), RANSAC circle fitting (RCF), and RANSAC ellipse fitting (REF) on the respective
DBH point cloud. Finally, for each tree, the Completeness of the Stem Point Cloud (CPC),
Field DBH, Point Density, and Slope were calculated, and their relationship with bias was
analyzed (Figure 1).
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This research was conducted in Kangwon-do within the academic forest of Kangwon 

National University. Five plots each for Pinus koraiensis (PK) and five for Larix kaempferi 
(LK) were installed. The plots were configured as circles with a radius of 11.3 meters. The 
PK and LK plots were artificial forests of the fifth age class, with 185 PK trees and 78 LK 
trees distributed across the five plots. The average slope of the five plots was approxi-
mately 21° for PK and 40° for LK, indicating variation in stand density and slope between 
species. Additionally, LK had a lower stand density than PK, and owing to the character-
istics of the species, a higher amount of light was passing through the canopy, leading to 
well-developed understory vegetation [25] (Figure 2). 

  

Figure 1. Workflow Diagram of the Research Methodology for DBH Estimation Using Terrestrial
Laser Scanning (TLS).

2.1. Study Area

This research was conducted in Kangwon-do within the academic forest of Kangwon
National University. Five plots each for Pinus koraiensis (PK) and five for Larix kaempferi (LK)
were installed. The plots were configured as circles with a radius of 11.3 m. The PK and LK
plots were artificial forests of the fifth age class, with 185 PK trees and 78 LK trees distributed
across the five plots. The average slope of the five plots was approximately 21◦ for PK and
40◦ for LK, indicating variation in stand density and slope between species. Additionally, LK
had a lower stand density than PK, and owing to the characteristics of the species, a higher
amount of light was passing through the canopy, leading to well-developed understory
vegetation [25] (Figure 2).
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2.2. Data Acquisition and Preprocessing
2.2.1. Field Survey for DBH and Individual Tree Locations

During the field survey, data on the locations and DBH of individual trees were
collected. The DBH was measured using a diameter tape at a height of 1.2 m from the
ground in accordance with the standards of the National Forest Resources Survey of
South Korea [26]. The locations of individual trees were determined using an RTK system
composed of two R12i units (Trimble Inc., Westminster, CO, USA). One of the two units
was installed in a cleared area on a forested road and served as the base station. The other
unit, which was used as a rover, was employed within the forest to acquire points in close
proximity to each tree. The location of individual trees acquired using the RTK system was
used to match the estimated Diameter at Breast Height (DBH) from the LiDAR data with
the Field DBH measured using a diameter tape. The average DBH was 27.4 cm at PK and
32.3 cm at LK (Table 1).

Table 1. The statistics of each plot using conventional in situ measurements.

Species Plot
Number of Trees

(n)
Stem Density

(Stems/ha)
DBH (cm) Basal Area

(m2/ha)Min Max Mean Std

PK

1 37 925 12.9 43.0 27.6 8.2 1258
2 25 625 12.5 50.3 30.0 8.3 925
3 44 1100 15.0 47.0 26.5 7.0 1438
4 44 1100 12.0 42.0 25.9 6.0 1408
5 35 875 16.0 42.8 28.5 6.0 1230

Total 185 925 12.0 50.3 27.4 7.1 1252

LK

1 18 450 22.3 38.2 31.2 4.8 692
2 13 325 20.1 40.5 31.3 6.5 501
3 13 325 16.9 46.5 33.2 8.6 532
4 11 275 23.9 47.5 37.3 8.7 506
5 23 575 16.2 42.8 31.0 7.5 879

Total 78 390 16.2 47.5 32.3 7.3 622

2.2.2. Data Collection and Preprocessing

Data collection using TLS includes scanning for point cloud acquisition and estab-
lishing GCPs for georeferencing. The collection of point cloud data was conducted using
the BLK 360 (Leica Geosystems AG., Heerbrugg, Switzerland). The BLK 360 is mounted
on a tripod for use. It can complete scanning within 5 min from a single position and
accurately collect data within a radius of 10–15 m. The specifications of the BLK 360 include
a shooting range of 0.6–60 m, a point measurement rate of over 360,000 points per second,
and a ranging accuracy of 4 mm at 10 m [27,28]. The scanning positions were set up once at
the center of the standard plot and at eight directional points located 11.3 m from the center
(Figure 3). Each scanning location was determined using a tape measure and a compass
from the center of the plot, and stakes were installed for easy identification at each location.
In addition, the positions of the installed stakes were recorded using an RTK system to
acquire the GCPs.

Preprocessing of the TLS data was performed in the order of alignment, followed by
GCP correction. Registration was performed on data captured 1, 3, 5, 7, and 9 times to
compare the results of DBH estimation according to the number of scans. Data from 2, 4, 6,
and 8 scans were excluded from the analysis owing to the asymmetric positioning of the
scanning locations when including the central position. The root mean square error (RMSE)
for all registration processes was maintained below 5 mm. The scanning positions used
for each number of scans correspond to those shown in Figure 3. The GCP correction was
performed individually for the point cloud constructed for each number of scans, matching
the stakes identifiable in each point cloud to the GCPs. All the GCP correction processes
were completed with an RMSE of less than 5 cm. Finally, the noise points located below the
ground and points situated beyond 13 m from the central coordinates (x and y) and outside
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the plot were removed. Cyclone (2023.0.2) software was used for alignment, whereas cloud
computing was employed for geometric correction and point removal.
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2.2.3. Noise Point Removal for DBH Estimation

The constructed point clouds contain points distributed across the understory vegeta-
tion and canopy, which are unnecessary for DBH estimation and necessitate the prepro-
cessing of these points. Firstly, the Cloth Simulation Filter (CSF) algorithm was applied to
extract ground points, and the extracted ground points were used to construct terrain mesh
information [29,30]. The parameters for the CSF filter were set as follows: cloth resolution at
0.1, max iterations at 900, and classification threshold at 0.1. The ground mesh constructed
using CSF was set above the actual ground at locations where individual trees existed,
but ground points did not. To address this, the smooth mesh tool was utilized to create a
uniform ground mesh. The parameters for the smooth mesh were set at 20 iterations and
a smoothing factor of 0.2. Furthermore, the distance of each point from the ground was
calculated, and considering the measurement height for DBH, points located at a distance
of 1.15 m–1.25 m from the ground were extracted. The extracted points were defined as
‘raw data’. ‘Raw data’ includes branches and understory vegetation that could interfere
with the estimation of DBH [31]. Subsequently, noise points that were unnecessary for
the DBH estimation were removed through visual inspection. The data from which these
points were removed was defined as ‘denoised data’ and used to construct the DBH point
cloud (Figure 4). This process was performed using cloud compare (v2.13 beta) software.

2.3. Estimation and Evaluation of DBH Using Circular Fitting

Algorithm-based circular fitting, as opposed to manual measurement of DBH, elimi-
nates subjectivity and offers high reproducibility when the same data are used [32]. There-
fore, the least squares method for CF and EF algorithms for DBH estimation was applied in
this study [33]. The least squares method seeks the optimal solution where the sum of the
squared distances between the given points and the drawn circle is minimized. Addition-
ally, the RANSAC algorithm, known for its high performance in noisy data environments,
was applied to each fitting algorithm, resulting in four DBH estimation outcomes, including
RCF and REF. The optimal solutions for CF and EF were estimated using the x, y coordinates
of points within 30 cm from the center of individual trees and the normal equation.
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The RANSAC algorithm is a method for predicting noise removal from the given
data [34]. The RANSAC algorithm procedure is primarily divided into the hypothesis
phase and the verification phase, and it operates by iterating through these two stages. The
hypothesis phase involves extracting n data points from the entire dataset and applying a
prediction model, whereas the verification phase evaluates the applied results and stores
the model with the highest performance. In this study, the hypothesis phase involved
randomly selecting 10 points to apply the CF and EF. The verification phase was evaluated
based on the number of points in the entire dataset whose distances from the estimated
circle were below the threshold (0.6 cm). These two phases were repeated 100 times, and
the circle with the highest number of points within the threshold was selected [20]. The
threshold was set based on the error range of the BLK360 when used at a shooting distance
of 10 m.

The evaluation of the DBH estimation results involved checking the possibility of
estimating DBH according to the circular fitting method and the number of scanning
sessions. Cases were defined as unfeasible for estimation when the circular fitting method
yielded negative radius values or when the DBH was estimated to be outside the 6–60 cm
range. Accuracy was evaluated by comparing the DBH estimated using the circular fitting
method with the Field DBH. This comparison considered factors such as noise removal,
tree species, and number of scans. Subsequently, the RMSE and Rˆ2 were calculated based
on these comparisons. Additionally, to determine the optimal number of scans for each
circular fitting method, analysis of variance (ANOVA) was conducted. This analysis tested
for significant differences at the 0.05 level in the mean absolute values of the bias between
the number of scans for each circular fitting method. Furthermore, post hoc tests were
performed to examine whether there were significant differences in the mean absolute
values of bias when comparing one, three, five, and seven scans against the highest number
of scans, which was nine.

2.4. Construction and Evaluation of Influencing Factors on DBH Estimation

The influencing factors were CPC, Point Density, Field DBH, and Slope. Because
the TLS is scanned from a single location, it is difficult to collect complete data for a plot
owing to occlusion by terrain and objects. Therefore, in the case of a single scan or an
insufficient number of scans, the point cloud for DBH is formed as an incomplete circle.
The Circular fitting method can estimate DBH with an incomplete circle. However, the
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incompleteness of a circle can affect DBH estimation [35]. Consequently, the CPC was
selected as the influencing factor. The CPC involves constructing the central point of each
tree and calculating the angle with all points of the DBH point cloud, rounding off to the
nearest degree. Subsequently, the CPC was calculated in percentage terms by removing
duplicate values of the calculated angles and dividing the count of unique values by 360.

The point density increased as the distance between the LiDAR and subject decreased,
and additional scanning was conducted at various locations. Point density was added
as an influencing factor, considering the relationship between the scanning locations and
positions of individual trees [21]. Point density was calculated by dividing the number of
points in the DBH point cloud by the length of the circular arc, resulting in the number of
points per centimeter. The length of the circular arc was calculated using the computed CPC.

Field DBH and Slope were selected as influencing factors based on prior research that
indicated that DBH and slope affect estimation accuracy [35,36]. The slope was calculated
by constructing a 1-m buffer zone around the central point of the DBH point cloud and
computing the average of the pixels located within the buffer zone. The slope for each plot
was determined using the digital elevation model (DEM) constructed for that plot. The
DEM was based on point cloud data collected from nine scans. Utilizing the constructed
ground mesh, a DEM with a resolution of 10 cm was created (Figure 5). The CPC and Point
Density were calculated using Python (3.7.2), while Slope was constructed using the Cloud
Compare and ArcGIS Pro (3.0.2) programs.
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point cloud (CPC, %)’ and ‘point density’; (b) calculating average slope values within a 1-m radius
around individual tree.

3. Results and Discussion
3.1. Evaluation of the Possibility of DBH Estimation Based on the Circular Fitting Method and
Number of Scans

In PK, DBH estimation was possible for all individual trees using five scans. The
number of trees that could be estimated was the same for both denoised and raw data. In
contrast, for LK, DBH estimation was possible for all individual trees using the three scans,
except when EF was applied to the raw data (Table 2). When a single scan was conducted,
the number of trees for which DBH estimation was possible was the same for both CF
and RCF. In addition, the distribution was higher for CF and RCF than for REF and EF.
DBH estimation using CF and RCF was possible even when a small number of points were
collected. However, with EF and REF, when a few points were collected, the DBH was
estimated to be less than 6 cm, rendering the estimation infeasible (Figure 6a). In contrast,
in LK, with abundant understory vegetation, using EF on raw data from nine scans led to
an overestimation in some cases. Specifically, two individual trees were estimated to have
DBHs exceeding 60 cm owing to noise points, rendering the DBH estimation unfeasible



Forests 2024, 15, 313 8 of 16

(Figure 6b). Consequently, to estimate the DBH for all individual trees, it is necessary to
consider the environmental conditions of the study area and the circular fitting algorithm.
To estimate the DBH of all individual trees in each plot, noise points were removed and
at least five scanning sessions were performed. The CF was more suitable than the EF for
data from fewer than five scans. Additionally, because EF is sensitive to noise points, it is
essential to include a process for removing these points or to consider the application of
the RANSAC algorithm.

Table 2. Number of trees for which DBH estimation was possible based on noise removal status,
number of scans, and circular fitting algorithm.

Species PK (n = 185) LK (n = 78)
Number of Scans 1 3 5 7 9 1 3 5 7 9

Raw
data

CF 174 184 185 185 185 74 78 78 78 78

RCF 174 184 185 185 185 74 78 78 78 78

EF 164 184 185 185 185 65 74 76 76 76

REF 168 184 185 185 185 72 78 77 76 78

Denoised
data

CF 174 184 185 185 185 74 78 78 78 78

RCF 174 184 185 185 185 74 78 78 78 78

EF 164 184 185 185 185 71 78 78 78 78

REF 168 184 185 185 185 72 78 78 78 78
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3.2. Accuracy Evaluation of DBH Estimation

For both tree species, the highest accuracy was achieved when the REF was applied to
the data scanned seven times, resulting in an RMSE of 1.01 PK and 1.12 LK. In the denoised
data, the highest accuracy for PK was observed when REF was applied to data scanned
nine times, with an RMSE of 0.97. For LK, the highest accuracy was achieved using CF on
data scanned seven times, resulting in an RMSE of 1.03. The aforementioned RMSE values
were distributed similarly to the range of 0.5 to 1.6 cm for RMSE obtained in previous
studies on DBH estimation [13,37–39] (Table 3).

As a result of estimating DBH using a single scan, a difference in accuracy was
observed between CF and EF. In single-scanning data, the RMSE of EF was approximately
1.3 to 3.7 times higher than that of CF. Therefore, CF is deemed more suitable for single-
scanning data. In contrast, in the multi-scanning data, the RMSE decreased for both the
raw and denoised data as the number of scans increased. In particular, the accuracies of
EF and REF improved significantly as the number of scans increased. In four cases based
on noise removal status and tree species, REF achieved the lowest RMSE in three of the
cases. Accordingly, EF is more significantly influenced by the number of scans than CF. EF
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requires optimization of more variables, such as the center point, major axis, minor axis,
and rotation angle, compared with CF during the fitting process. Therefore, sufficient data
acquisition is necessary for accurate DBH estimation using EF.

Table 3. Evaluation results of accuracy by tree species and number of scans according to noise
removal status and circular fitting method.

Species PK LK
Number of Scans 1 3 5 7 9 1 3 5 7 9

Raw
data

CF
RMSE 3.27 1.53 1.55 1.55 1.46 3.21 2.92 2.23 2.59 1.64

r2 0.81 0.96 0.96 0.96 0.96 0.83 0.86 0.91 0.89 0.96

RCF
RMSE 2.95 1.59 1.85 1.80 1.79 2.54 2.02 1.57 1.33 1.28

r2 0.84 0.95 0.94 0.94 0.94 0.89 0.94 0.96 0.97 0.98

EF
RMSE 4.71 2.24 1.54 1.45 1.32 7.12 3.53 1.92 1.90 1.72

r2 0.70 0.91 0.96 0.96 0.97 0.53 0.78 0.93 0.93 0.95

REF
RMSE 4.58 1.75 1.17 1.01 1.03 6.06 2.72 1.38 1.12 1.33

r2 0.67 0.94 0.98 0.99 0.99 0.59 0.89 0.98 0.99 0.98

Denoised
data

CF
RMSE 3.08 1.12 1.10 1.06 1.03 1.68 1.25 1.14 1.03 1.09

r2 0.84 0.98 0.98 0.99 0.99 0.95 0.99 0.99 0.99 0.99

RCF
RMSE 2.69 1.29 1.31 1.25 1.18 2.00 1.57 1.35 1.30 1.13

r2 0.87 0.97 0.98 0.98 0.98 0.93 0.97 0.98 0.98 0.99

EF
RMSE 4.13 1.56 1.27 1.11 1.02 6.19 2.65 1.11 1.09 1.10

r2 0.78 0.96 0.98 0.99 0.99 0.63 0.90 0.99 0.99 0.99

REF
RMSE 4.05 1.73 1.16 1.20 0.97 6.52 2.46 1.22 1.84 1.26

r2 0.74 0.94 0.98 0.98 0.99 0.53 0.91 0.98 0.95 0.98

However, in some cases, the RMSE increases with the number of scans. Such cases
were predominantly observed when the raw data were used. For example, when using raw
data from single-scanning data, there were no noise points, allowing all four circular fitting
methods to correctly estimate the DBH. However, as the number of scans increased, noise
points were progressively added, leading to gradually larger errors in DBH estimation by
CF and EF. Notably, EF was more significantly affected by noise points than CF (Figure 7).
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Using fitting methods where the RANSAC algorithm was applied, it was possible to
accurately estimate the DBH, even in the presence of some noise points. Consequently,
in the cases mentioned above, as the number of scans increased, the point cloud from
understory vegetation and branches around the individual trees affected the accuracy of
DBH estimation. It is considered appropriate to improve this by applying the RANSAC
algorithm or using denoised data. However, in data without noise, the application of the
RANSAC algorithm sometimes led to reduced accuracy. This is because the RANSAC
algorithm randomly samples some data for fitting, which can result in a biased algorithm
focused on a subset of data. The number of samples is a crucial parameter in the RANSAC
algorithm; it can lead to bias towards a subset of the data if it is too small and an increased
likelihood of including surrounding noise data if it is too high. Therefore, depending on
the acquired data and fitting algorithm used, there is a need to evaluate whether to apply
the RANSAC algorithm and review its parameters.

3.3. Optimal Number of Scans for Estimating DBH Using TLS

ANOVA was conducted for each of the four circular fitting methods to evaluate the
impact of the number of scans on accuracy. The analysis results showed that the absolute
values of bias differed significantly according to the number of scans in all the Circular
Fitting methods. The F-statistic for the CF method was approximately 12.9, whereas that for
the EF method was much higher at 81.9. This indicates that the EF method is more sensitive
than the CF method to changes in the number of scans with respect to the absolute value of
the CF method. Additionally, when the RANSAC algorithm was applied to both the CF
and EF methods, the F-statistic decreased, indicating that the variation in bias due to the
number of scans was reduced by the RANSAC algorithm. These results suggest that the
RANSAC algorithm can mitigate the impact of the number of scans on the bias (Table 4).

Tamhane’s T2 post hoc test was used to verify the changes in the absolute values of
bias according to the number of scans. The absolute values of the bias obtained from nine
scans were compared with those obtained from one, three, five, and seven scans. Significant
differences were observed between the absolute values of bias for one and nine scans in CF
and RCF, and between one, three, and nine scans for EF and REF. Consequently, three scans
for CF and RCF and five scans for EF and REF were sufficient to produce bias estimates
that were as accurate as those from nine scans, without any significant difference. This
implies that reliable DBH estimates can be obtained even with fewer scans. Therefore, from
an efficiency standpoint, it is advisable to conduct three scans for CF and RCF, and five
scans for EF and REF (Table 5).

Table 4. ANOVA analysis results of the number of scans for each circular fitting using denoised data.

Dependent Variable Sum of Squares df Mean Square F Sig.

Absolute
Deviation

of CF

Between Groups 30.43 4 7.61 12.94 0.00

Within Groups 752.27 1280 0.59

Total 782.70 1284

Absolute
Deviation

of RCF

Between Groups 24.07 4 6.02 7.21 0.00

Within Groups 1067.70 1280 0.83

Total 1091.78 1284

Absolute
Deviation

of EF

Between Groups 1021.90 4 255.48 81.95 0.00

Within Groups 3990.38 1280 3.12

Total 5012.28 1284

Absolute
Deviation

of REF

Between Groups 604.61 4 151.15 53.44 0.00

Within Groups 3620.47 1280 2.83

Total 4225.08 1284
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Table 5. Determining the optimal number of scans using Tamhane’s T2 post hoc test.

Dependent
Variable

Number of
Scanning (I)

Number of
Scanning (J)

MeanDifference
(I–J) Std. Error Sig.

95% Confidence Interval

Lower Bound Upper Bound

Absolute
Deviation

of CF
9

1 −0.42 * 0.08 0.00 −0.64 −0.21

3 −0.11 0.06 0.52 −0.29 0.06

5 −0.04 0.06 1.00 −0.22 0.14

7 −0.00 0.06 1.00 −0.17 0.16

Absolute
Deviation

of RCF
9

1 −0.39 * 0.09 0.00 −0.63 −0.15

3 −0.17 0.07 0.20 −0.37 0.04

5 −0.06 0.07 0.99 −0.27 0.15

7 −0.05 0.07 1.00 −0.25 0.15

Absolute
Deviation

of EF
9

1 −2.41 * 0.23 - −3.07 −1.74

3 −0.36 * 0.11 0.01 −0.66 −0.06

5 −0.09 0.07 0.84 −0.28 0.09

7 −0.03 0.06 1.00 −0.20 0.14

Absolute
Deviation

of ECF
9

1 −1.86 * 0.21 0.00 −2.47 −1.26

3 −0.42 * 0.10 0.00 −0.71 −0.13

5 −0.04 0.06 1.00 −0.22 0.14

7 −0.07 0.08 0.99 −0.29 0.15

* The mean difference is significant at the 0.05 level.

3.4. Evaluation of Factors Affecting the Accuracy of DBH Estimation

The average CPC by species showed an increasing pattern in both species as the
number of scans increased, with Pk increasing to 45%, 71%, 88%, 94%, and 99%, and LK
increasing to 46%, 75%, 91%, 95%, and 98%. The stand densities for PK and LK were
925 and 390 trees/ha, respectively, with PK having approximately 2.3 times more trees.
However, the average CPC of the two species varied by less than 5% depending on the
number of scans, indicating a minor difference. As the number of scans increased, the
standard deviation of the CPC in PK showed a pattern of increase and then decrease, with
values of 8.14, 15.31, 12.93, 8.29, and 3.91, indicating an increase from one to three scans,
followed by a decrease. Similarly, LK exhibited the same pattern with values of 6.59, 13.27,
9.99, 7.75, 5.28. However, compared to PK, LK had a lower standard deviation in one scan
but a higher standard deviation in nine scans. Consequently, it was inferred that in LK, it
was more challenging to construct a complete DBH point cloud than in PK. In areas with
high stand density but low understory vegetation, increasing the number of scans enabled
the construction of most of the information about stands in the PCD. However, in LK,
where the understory vegetation obscured visibility, there were limitations to constructing
a complete DBH point cloud, even with an increased number of scans. In summary, for
efficient scanning, it is appropriate to aim for approximately five scans, where the CPC
reaches approximately 89%, beyond which the rate of increase decreases. Nine or more
scans were necessary to obtain a complete point cloud (Figure 8).

Boxplots of the constructed factors and biases are shown in Figure 9. When the CPC
was below 60%, the variance in the bias was significantly distributed, with ellipse fitting
showing greater variance than circle fitting. When the CPC was above 60%, the bias
between the different circular fitting algorithms was similarly distributed, and the bias
decreased. Furthermore, as the CPC approached 100%, the bias and variance decreased,
allowing for a more accurate estimation of diameter at breast height (DBH). Therefore, for
consistent DBH estimation, the data collection must comprise at least 60% CPC, and it can
be observed that the performance of DBH estimation is proportional to the CPC.
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The relationship between Field DBH and bias showed that as Field DBH increased,
the mean value of the bias gradually decreased, whereas the variance did not change
significantly. In this study, Field DBH was measured using a diameter tape, and the results
are consistent with those of previous studies that estimated and evaluated DBH using
LiDAR systems and a diameter tape [35]. Diameter tape, a measuring tool designed based
on the assumption of a circular shape, can result in overestimation when the cross-section of
breast height is in the form of an ellipse or an irregular shape. Moreover, this error increases
with DBH, even in ellipses with the same eccentricity [6]. Therefore, the underestimation of
DBH using point cloud data in cases of larger-field DBH is considered to be a limitation
inherent in the characteristics of the diameter tape, making it challenging to attribute this
to errors in the LiDAR system.

The accuracy of estimating the DBH based on point density improved as the point
density increased. However, at the highest point density levels exceeding 400 points, the
accuracy decreased. Previous research related to point density and DBH estimation has
indicated that lower point densities can lead to increased errors [40]. Additionally, when
using MLS, it was observed that the error pattern initially decreased and then increased
again with an increase in point density [35]. The point density varies owing to multiple
factors, including the distance and angle from the scanner to the target, resolution of
the equipment, slope, size of the target, and scanning settings. Additionally, in multi-
scan scenarios, the point density can vary depending on the number and position of the
scans [41]. Therefore, errors arising from the specifications of the equipment and alignment
process, particularly in multi-scan scenarios with high point density, need to be considered.

The slope influenced the accuracy of the measurements, with the bias variance increas-
ing and the accuracy decreasing as the slope exceeded 15◦. The slope affects the extraction
of ground points and the construction of the DEM. According to previous research, higher
slopes are associated with significant errors in the DEM [42]. Ground points and DEM are
crucial for estimating the forest resource parameters using LiDAR systems. In this study,
ground points were used to extract points at the breast height locations (1.15–1.25 m). As a
result, the higher error in DBH estimation in larch forests than in pine forests can be partly
attributed to steeper slopes. In the future, for accurate forest resource estimation using
LiDAR systems, it will be necessary to review methods for extracting accurate ground
points under various environmental conditions.

4. Conclusions

This study aimed to compare the accuracy of DBH estimation using terrestrial laser
scanning (TLS) based on the number of scans and circular fitting algorithms. The number
of scans was set to 1, 3, 5, 7, and 9 to construct the point cloud at the plot level, and ground
points were extracted to establish points at breast height. DBH was measured using CF,
RCF, EF, and REF applied to the constructed breast height points, and the optimal number
of scans was determined using ANOVA. Additionally, each tree’s CPC, Field DBH, point
density, and slope information were constructed as influencing factors for DBH estimation,
and their relationships with bias were analyzed.

The number of scans in the TLS was proportional to the accuracy; however, the
increase in accuracy gradually diminished. However, excessive scanning can lead to
reduced accuracy due to scanner limitations, cumulative errors in the alignment process,
and scanning noise from understory vegetation and branches. Particularly, in a single
scan, more than 90% of individual trees could be estimated for DBH, and in five scans, the
identification of all individual trees was possible. Statistical analysis showed no significant
difference in bias between the data from the nine scans and three or more scans. Thus,
considering the increasing cost of data collection and preprocessing with more scans, a
careful selection of the number of scans is necessary based on these results.

The optimal circular fitting algorithm varied depending on the number of scans and
presence of data noise. CF allowed for a more accurate DBH estimation with fewer scans
and a lower CPC than EF. The EF performed better with higher scan counts and complete
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data collection. The effectiveness of the RANSAC algorithm for data with noisy points, such
as understory vegetation, was also clearly observed. Therefore, selecting a circular fitting
algorithm based on site and data collection status can enable effective DBH estimation.

Finally, when evaluating the main factors affecting DBH estimation, it was found that
the variance in bias decreased when the CPC was above 60%, and as Field DBH increased,
the DBH estimated using LiDAR was underestimated. However, this underestimation
is considered to be a result of the overmeasurement of Field DBH in large trees owing
to the characteristics of the diameter tape. Therefore, when evaluating data collected
using LiDAR, it is necessary to consider the characteristics of the conventional measuring
equipment. Finally, as the point density increased, the accuracy increased until it reached
400 points/cm, after which it decreased. Hence, for accurate and precise DBH estimation,
data collection and preprocessing must be conducted to maintain an appropriate level of
point density.

This study examined the variations in accuracy depending on the data construction
methods centered around DBH. Recently, research using LiDAR systems to estimate various
forest-related parameters such as tree height, biomass, forest structure, and 3D modeling
was conducted [43–47]. Therefore, future research should not only explore DBH but also
how data construction methods influence the estimation of various forest parameters.
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