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Abstract: The knowledge of tree characteristics, especially the shape of standing trees, is important
for living tree volume estimation, the computation of a wide range of forest stand features, and the
evaluation of stand stability. Nowadays, nondestructive and accurate approaches to data collection
in the forest environment are required. Therefore, the implementation of accurate point cloud-based
information in the field of forest inventory has become increasingly required. We evaluated the stem
curves of the lower part of standing trees (diameters at heights of 0.3 m to 8 m). The experimental
data were acquired from three point cloud datasets, which were created through different approaches
to three-dimensional (3D) environment modeling (varying in terms of data acquisition and processing
time, acquisition costs, and processing complexity): terrestrial laser scanning (TLS), close-range
photogrammetry (CRP), and handheld mobile laser scanning (HMLS) with a simultaneous localization
and mapping algorithm (SLAM). Diameter estimation errors varied across heights of cross sections
and methods. The average root mean squared error (RMSE) of all cross sections for the specific
methods was 1.03 cm (TLS), 1.26 cm (HMLS), and 1.90 cm (CRP). TLS and CRP reached the lowest
RMSE at a height of 1.3 m, while for HMLS, it was at the height of 8 m. Our findings demonstrated
that the accuracy of measurements of the standing tree stem curve was comparable for the usability
of all three devices in forestry practices.

Keywords: terrestrial laser scanning; close-range photogrammetry; handheld mobile laser scanning;
simultaneous localization and mapping; point clouds; stem curve

1. Introduction

Forest management, inventory, and planning require precise information about several tree
parameters. The basic tree characteristics, e.g., diameter at breast height (DBH) and tree height, are easy
to measure. However, more complicated tree parameters, like stem profiles, stem ovality, open stem
height, and damage, are often needed [1]. Such parameters are hard to measure and often require
destructive methods. Thus, easy-to-use terrestrial remote sensing methods are becoming important
and they have many applications in forest inventory [2].

Terrestrial laser scanning (TLS) has been proven to be a fast and accurate method of high-density
three-dimensional point cloud acquisition. The main advantage of TLS application in forestry inventory
and practice lies in the possibilities of visualization and digital modeling of forest environment and the
estimation of various tree-level and plot-level attributes [2]. As the understanding of TLS performance
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grows, more complex forest attributes that normally are not measurable with nondestructive methods
might be estimated. For example, there is no suitable measuring tool for a stem curve of living trees,
even though it is essential to determine the proportions of saw-wood and pulpwood [3]. TLS provides
a nondestructive alternative through a localized tapering function. Taper functions determine the
change in diameter in relation to the height of the tree; therefore, they are generally used for the volume
estimation [4]. Volume estimation by the TLS single-scan method was compared with the volume
of harvested trees [5]. Different applications of TLS methods for tree stem and tree canopy biomass
estimation were presented in studies conducted by Dassot et al. [6] and Olofsson and Holmgren [7].

TLS point clouds are commonly based on single-scan or multi-scan (a co-registered combination
of individual scans) methods and diameters are calculated from registered point clouds, usually by
a cylinder- or the circle-fitting method. In the first step, stems are detected by surface norms and
the cylinder-fitting method, and cutting the stems into horizontal slices to assess diameters at exact
points. Diameters of slices are then used to create spline-based taper curve models for each tree [8].
Liang et al. [9] evaluated the stem curve estimation accuracy while using averages of the tree-wise
RMSEs and biases. For the purpose of this work, we adopted the explanation of stem curve by
Hyyppä et al. [10], who refer to trunk diameters at different heights with the term stem curve.

TLS is understood to be a data collection method with the possibility to acquire dense point
clouds of forest environment with a millimeter level of precision. Despite the high precision, there are
limitations, such as the high occlusion effect of the single-scan method, which can be partly reduced by
the use of several scanner stations (the multi-scan method). However, the multi-scan method requires
more time for the preparation of the scanning area (placement of reference spheres, scanning scheme
determination) and a longer time for the acquisition of multiple scans [11,12]. Among other things, this
resulted in the installation of a laser scanning devices on a variety of platforms [13], such as a mobile
laser scanner (MLS) on a car [14] or tractor [15], a personal laser scanner (PLS) on a backpack [16,17],
on unmanned airborne vehicles (UAV) [10], or handheld mobile phone devices [18,19], and handheld
mobile laser scanners [11,20–22].

The mobile laser scanning systems, with all of their advantages, may compete with static TLS
methods; however, a complex forest environment might be challenging because of terrain conditions
and, more importantly, due to the necessity of Global Navigation Satellite Systems (GNSS) signal
reception, which is significantly limited under the dense forest canopy [11]. Handheld mobile laser
scanning (HMLS) devices typically consist of a laser scanner and a low-cost Inertial Measurement Unit
(IMU) and the use the technology of Simultaneous Localization and Mapping (SLAM). Some devices,
like ZEB1, use, instead of GNSS navigation, SLAM technology taken from the robotics field for precise
positioning under the forest canopy [23]. A ZEB-Horizon (GeoSLAM Inc., Sterling, VA, USA) device
applied in our research used the SLAM algorithm for the localization and mapping. The applicability
of HMLS in different environments was tested, e.g., building interiors [23], outdoor open spaces [24],
and a forest environment [13].

The potential of handheld mobile laser scanning devices for forest inventory lies in DBH (diameter
at breast height) estimation and tree identification; however, the tree height estimation is highly affected
by the low scanning range [20]. Nevertheless, tree height estimation from point clouds that are derived
from terrestrial devices is still under study, and it is related to the occlusion effect and problems with
the determination of an exact treetop position [25].

Advances in the computational capacity of personal computers and the development of
image-matching algorithms brought about the possibility of applying close-range photogrammetry
(CRP) to create high-density 3D point clouds from the series of overleaping images acquired by a
camera [12]. The main advantages of CRP over TLS are the low hardware costs and efficiency: TLS is
almost six-fold more time-consuming than CRP [26]. Cabo et al. [20] reached high data acquisition
efficiency, when comparing TLS with HMLS. However, the cost of a device is still several times higher
than that of a camera for CRP. These reasons led the authors to calculate the single tree attributes [27,28]
or plot-level parameters [19,29,30] by image-matching algorithms from datasets created from CRP.
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Iglhaut et al. [31] published a comprehensive overview of forestry-related studies that are applying
terrestrial Structure-from-Motion (SfM) CRP workflow, e.g., biospheric variables, like height, biomass,
crown profiles from aerial or diameter at breast height, and tree position.

The use of CRP offers various data acquisition methods and settings, including camera orientation
(vertical, horizontal), shooting mode (mobile, stop and go), shooting path pattern (waves, outside,
outside/inside, strips), camera holding method (handheld pole, gimbal), and camera settings (aperture,
ISO, shutter speed, focus). A different combination of the mentioned methods may be appropriate,
depending on the intended purpose. However, the most suitable method for forest data collection
with the aim of estimating DBH is a vertically oriented camera held by hand with an outside/inside
path and in stop and go shooting mode [32].

The demand for precise forest environment information using nondestructive remote sensing
methods is growing in terms of national forest inventory, biomass storage, and CO2 sequestration in the
tree biomass. The estimation of the diameter at different heights on the standing tree is crucial for the
estimation of living tree volume. However, to our knowledge, the statistics of stem curve estimation
from point cloud data were compared at the tree-level and the influence of the height, in which the
diameter was estimated, has not been studied sufficiently.

The aim of the article was to compare the accuracy of stem curve models using three terrestrial
remote sensing devices. Highly precise models of tree stems were used for the evaluation of the
diameter estimation accuracy with changing height. The accuracy was calculated and tested on 11 cross
sections of a lower part of a tree stem up to a height of 8 m. Diameters of the lower part of the
tree (the most valuable part of the tree from the wood stock and wood quality point of view) were
compared. Differences in diameter estimations and their errors that were related to different height
sections were statistically tested to demonstrate the suitability of the applied device for the mapping of
a forest stand, when considering the height level of the tree stem. Finally, we concluded whether the
achieved accuracy of the tested devices would be sufficient for the collection of environmental data on
forest stands.

2. Materials and Methods

2.1. Research Plot and Field Measurements

The study was conducted on the research plot established in the Sessile oak (Quercus petraea
(Matt.) Liebl.) forest stand in the area of the University Forest Enterprise of the Technical University in
Zvolen in central Slovakia (48◦36′17.269 N; 19◦5′7.239 E) (Figure 1). The circular research plot, with
a radius of 16 m, included 43 oak trees of an average age of 115 years. Two European hornbeams
(Carpinus betulus L.) were located in the understory and, thus, were excluded from the measurement
and data processing. Experimental measurements were done on a windless day to eliminate the wind’s
influence on the accuracy of the gathered data.

The diameters of oak trees were measured in 11 cross sections from 0.3 m up to 8 m above
the ground on all 43 oak trees (Table 1) by a diameter tape (Ben Meadows Co.). In this research,
a nondestructive measurement method was the only acceptable solution; hence, a lifting platform (PKP
14-7) was used for the measurement of diameter at inaccessible heights. The sections were marked
by a color ring at the place where the diameter tape was attached. Colorized 5 cm wide rings were
used to mark the f exact position of the measurement that was further processed, and a point cloud
was created.
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Table 1. Reference diameters in height sections on the research plot.

Section Height [m] Min [cm] Max [cm] Avg. [cm] Std. [cm]

0.3 18.50 51.00 37.13 7.33

0.7 17.80 45.50 33.91 6.33

1 18.00 43.20 32.42 5.79

1.3 17.80 42.50 31.79 5.69

2 17.40 41.40 30.92 5.44

3 17.50 41.70 30.27 5.39

4 17.40 38.90 29.64 4.95

5 16.70 38.30 28.95 4.93

6 16.70 38.60 28.55 4.91

7 16.70 37.60 27.92 4.78

8 16.50 36.60 27.30 4.61

2.2. Experimental Data Acquisition

The research plot was scanned by Trimble TX8 terrestrial laser scanner (Trimble, Inc., Sunnyvale,
CA, USA). The scanner works on the principle of a vertically rotating mirror on a horizontally rotating
base, providing an angular field of view of 360◦ horizontally and 317◦ vertically. The maximum
scanning range was 120 m (11.3 mm point spacing at 30 m, 138 Mpts), while using ultra-high-speed
time-of-flight ranging principle.

The research plot (Figure 2A) was scanned from 13 positions with the use of 18 reference spheres
with a diameter of 14.4 cm. Reference spheres were placed 1 m to 2 m above the ground and used
for the point cloud registration along with the central scan. A project that was created by a scanner
Trimble TX8 that contained 13 scans was imported to the software of Trimble RealWorks version 11.1
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(Trimble, Inc.) for the registration of the point cloud. Reference spheres were automatically identified
and placed by the software, and visually validated. Misplaced reference spheres were deleted (shaded
and incompletely scanned spheres with a small number of reflected points), and a point cloud was
automatically created using a local coordinate system. The research plot with nearby surroundings
was selected by the limit box and exported for further processing to reduce the time consumption.

The HMLS dataset was acquired by the SLAM device ZEB-Horizon. For the survey, a closed-loop,
free walking method, and specific scan path were used [33] (Figure 2B). The HMLS ZEB-Horizon
is a personal device, so it was carried around reference spheres. Positioning marks on wooden
sticks were placed on the research plot to facilitate the operator’s orientation during the data
acquisition. The trajectory was a wavy line, with approximately 10 m wide spaces between single
lines. The three-dimensional (3D)s point cloud was generated in GeoSLAM Hub & Draw software
(GeoSLAM Inc., Sterling, VA, USA), applying the principles of the SLAM algorithm, whereby a model
of the environment and a navigation solution are produced concurrently [34]. The position and
orientation of the device in relation to the surrounding recorded objects defined the position and more
precise model [35]. The maximum range of ZEB-Horizon was 100 m and the data acquisition rate
was 300,000 points/s. First, a dense 3D point cloud of a broader area was generated. Subsequently,
the research plot and close surroundings were clipped in respect to the aim of research and the
computational capacity of the workstations. The clipped 3D point cloud was exported in a suitable
format (*.LAS) and processed in DendroCloud 1.50 (gis.tuzvo.sk/dendrocloud).

The close-range photogrammetric dataset was compiled by the stop-and-go method. A Canon
EOS 5D Mark II (35 mm) digital single-lens reflectance (DSLR) camera with 5.616 × 3.744 resolution
was used, fixed on a telescopic pole. Manual focus was set up during the image collection. The images
were taken at three different heights, 1.5, 2.0, and 2.5 m, on each image shooting position. With this
approach, the circular area of the research plot was walked around in approximately 1.5 m long steps
(Figure 2C). The photographer was moving on the four connected lines around the outside border
of the plot. The four range poles and paper positioning targets were placed on the research plot for
orientation purposes and scaling. The dataset was processed in Agisoft Photoscan Professional 1.2.0
(Agisoft LLC., St. Petersburg, Russia) software, where a high-quality dense point cloud was generated
as a result of the image alignment. We used the alignment settings as follows: pair selection—generic;
accuracy—high; key point limit (default)—40,000; and, tie points (default)—4000. The point cloud
was scaled and oriented using four positioning markers, and XYZ coordinates were set up for each
of the four markers. The total transformation error was 0.002 m. Subsequently, the point cloud was
recalculated, and the accuracy of transformation was checked by four scale bars. The lengths were
added and evaluated with a total error of 0.009 m.
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In the next step of the research, point clouds were filtered, a digital terrain model (DTM) was
created individually from each of the datasets that were acquired by TLS, HMLS, and CRP, trees
were identified, cross sections were extracted, and diameters in the 11 sections were estimated by the
software DendroCloud 1.50 (gis.tuzvo.sk/dendrocloud).

Point clouds were imported and clipped by a box filter in the first step. The size of the box filter
(44 × 44 × 34 m) ensured that false laser beam reflections and distant noise points were omitted. Point
clouds of specified sizes were slightly larger than the diameter of the research plot. Therefore, all parts
of the trees in question, also beyond the diameter of the research plot, were captured.

The vertical projection method [36] was used for DTM creation of the research plot with an output
raster resolution of 0.5 m. This resolution was suitable for primary cross section extraction from the
point clouds due to the flatness of the terrain and almost no depressions or elevations.

As the positions of trees were measured 1.3 m above the terrain, primary cross sections were also
extracted at this height for tree identification purposes and trunk position extraction. Based on our
previous experience, 10 cm wide cross sections (1.25-1.35 m above DTM) were used. Subsequently,
spatial clusters of points contained in cross sections were created. Each point belongs to the spatial
cluster group if the distance between points was less than 2 cm and the group contained at least
200 points. Points that did not meet the limits were automatically deleted. Spatial clusters were
manually revised, and diameters and positions were only calculated from those representing the trees.
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The procedures of tree diameter estimation are based on the geometrical properties of points in
the horizontal cross section. Circle-fitting algorithms are methods for the calculation of tree diameter;
in other words, they are mathematical functions fitting the best circle to a set of points. The optimal
circle method was used for the initial estimation of tree diameters and positions. The optimal circle
method is finding a circle with a minimal RMSE value while using a multidimensional mathematical
optimization algorithm. The optimal circle method enhances the diameter and position of circle with
the last square algorithm. For a specific cluster of points the method uses steep descendent algorithm
to search for a local minimum of the optimization function [36]. Tree positions were used to calculate
the elevations of tree base, and points that were contained in the annulus cylinder with a center at a
tree position were selected. The inner and outer annulus diameters were 40 cm and 120 cm larger than
the tree diameters, respectively. The base of the annular cylinder was placed at the lowest elevation
of the selected points. The annulus cylinder height was 50 cm. To avoid terrain extremes and noise,
the tree base elevation was calculated as the arithmetic mean of point elevations in the range 30−70%
above the annulus base.

Multiple cross sections at heights of 0.3 m, 0.7 m, 1 m, 1.3 m, 2 m, 3 m, 4 m, 5 m, 6 m, 7 m, and
8 m above the calculated tree base were extracted automatically. All of the cross sections at all heights
were manually validated and cross sections containing noise, branches, leaves, etc. were filtered
out manually. Finally, the diameters of multiple cross sections were estimated by the optimal circle
method. The high density of points in cross sections and especially on the surface of every tree section
created by TLS resulted in a long computation time (usually several hours). A random subsampling of
cross section points was used to reduce the computation time. A randomly selected subsample of a
maximum of 20,000 points was used in the circle-fitting algorithm for each tree diameter estimation.

The diameters at different heights were evaluated by Equations (1)–(3). The diameter estimation
error ei was computed as the difference between the estimated diameter (xest) and the reference diameter
(xref), as follows:

ei(x) = xest − xre f . (1)

Bias, the measure of the systematic component of error, was calculated as the arithmetic mean of
diameter estimation errors:

bias =

∑
ei(x)

n
. (2)

The RMSE of diameter estimation is an indicator of the dataset accuracy:

RMSE(x) =

√∑
ei(x)

2

n
. (3)

The significance of diameter estimation errors was tested by one-way ANOVA with a post hoc
Tukey HSD test in Statistica software (Statsoft Inc., Tulsa, OK, USA).

3. Results

3.1. Experimental Data Acquisition

Point clouds were created by three different methods (TLS, HMLS, and CRP) and stem curves
(diameters from 0.3 m to 8 m in 11 cross sections) were estimated. The data acquisition time varied
between the methods; the fastest data collection method at the circular research plot (r = 16 m; a research
area of 804 m2) was HMLS, which finished the process in 12 min. CRP was slightly slower with tree
stripes at different heights of image shooting (32 min), while TLS data collection and reference sphere
placement took 64 min. All of the times were measured for one operator doing all operations that were
related to data collection.

All of the devices were able to acquire the data quality necessary to generate a point cloud with
density adequate to identify all 43 trees; however, the density varied between point clouds. Trimble
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TX 8 (TLS) acquired a higher number of points (1264 million) as compared to ZEB-Horizon (HMLS)
(47 million) and Canon EOS 5D Mark II (CRP) (366,000). TLS and HMLS were able to model all trees
with a high level of detail, even exceeding the height of the last cross section (8 m). The CRP method
was not able to reconstruct the stem at heights over ~9 m. This is related to the cross section height and
the number of points in the cross sections that are available for diameter estimation. The number of
points in cross sections in TLS was approximately 10 times higher than in CRP and nine times higher
than in HMLS (Figure 3). In the case of TLS and CRP devices, there was a descending trend in the
number of points, related to the increasing height of the tree stem in cross sections. TLS exhibited two
peaks on the curve in the graph, while HMLS and CRP only exhibited one peak. The HMLS device
had the densest point clouds at a height of 2 m above the ground, which necessitated the free-walking
scanning method. The operator held the scanner, combining the functionality of device and ergonomic
grip, while walking around the trees. The lower parts of the closest trees were outside of the field of
view of the device. On the other hand, CRP and TLS had the highest number of points in the lowest
sections of tree stems, which was caused by, e.g., their irregular shapes and larger diameter providing
a more extensive reflective surface. The point density of TLS decreased rapidly after 3 m, while for
HMLS and CRP it decreased slightly (Figure 3).
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Figure 3. Number of points in the cross sections.

3.2. Diameter at Breast Height (DBH) Estimation

Diameters at breast height were estimated by a circle-fitting method from point clouds that were
created by all three data acquisition methods. Estimated diameters were statistically tested using
analysis of variance (ANOVA), which proved the significant influence of different data collection
approaches on DBH estimation error (Table A1). All three methods underestimated the diameters: TLS
by 0.63 cm, HMLS by 1.57 cm, and CRP by 1.11 cm. The diameters estimated from the TLS-based point
cloud reached the lowest RMSE (0.80 cm); CRP errors had the largest variance (−3.26 cm to 1.74 cm),
while HMLS with the smallest variance of error (−2.41 cm to −0.11 cm), reaching a slightly worse
RMSE (1.62 cm) than CRP (Figure 4).
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3.3. Cross Section Height

The tree diameters at different cross section heights estimated from the TLS, HMLS, and CRP point
clouds were statistically tested against the reference data that were collected with the nondestructive
method by a diameter tape. The diameter estimation errors from the point cloud generated by
the TLS multi-scan method were tested using one-way ANOVA with a post hoc Tukey HSD test
(Table A2), which proved a significant impact of cross section height on the diameter estimation
errors. The estimation error of diameter at 0.3 m above the ground was significantly different from
all other estimation errors. The average tree diameter estimation error in this cross section was only
overestimated in the TLS point cloud. All other section biases were between −1.08 cm and −0.63 cm
(Figure 5).
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In the case of the point cloud generated by a handheld mobile laser scanner, an ANOVA test
proved a significant influence of cross section height on estimation error for almost all cross sections.
There was no statistically significant difference between the diameter estimation errors that were closest
to the height of the HMLS device (1.0–2.0 m) (Table A3). The diameter estimation error decreased with
increasing height and the DBHs were underestimated in all cross sections up to the 7 m high cross
section (Figure 6).
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During the determination of the diameters at different heights, we faced a problem with the CRP
point cloud, which did not sufficiently cover the surface of all trunks at the different heights to estimate
the diameters with the circle-fitting methods. We evaluated all of the diameters that we were able to
estimate from the point cloud (Table 2).

Table 2. Number of trees identified from CRP point cloud cross sections.

Height (m) 0.3 0.7 1 1.3 2 3 4 5 6 7 8

Number of Trees 40 41 42 43 43 43 39 36 32 26 19

The estimated diameters from CRP were statistically tested and, in the CRP point clouds,
the influence of cross section height was proven. The diameter estimation error at 0.7 m of the cross
section height is significantly different from errors in other cross section heights (Table A4). We assume
that the significant influence in this cross section was caused by the reduction of points in this section,
as low parts of trees were further from the camera placed on a handheld pole. Influence was not proven
for the cross section 0.3 m above the ground. However, in relation to the TLS point cloud (which is
considered the most accurate) and the significant overestimation of the reference data, we assume that
the low number of points was not sufficient to cover the surface of trunks in some cases. Figure 7 shows
the diameter estimation errors in different CRP point clouds cross section heights. The variability and
extent of errors, as well as the standard deviation of errors, are the largest of all used methods.
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Figure 7. Diameter estimation errors in CRP point cloud cross sections.

Diameter estimation errors varied across cross section heights and methods; the average RMSE
for all cross sections was 1.03 cm for TLS, 1.26 cm for HMLS, and 1.90 cm for CRP method. TLS and
CRP reached the lowest RMSE (Figure 8) in the cross section 1.3 m above the ground, while HMLS had
its lowest RMSE at the height of 8 m with values of 0.80 cm, 1.67 cm, and 0.60 cm, respectively. The
highest TLS RMSE was caused by the overestimation of measured data by circle-fitting algorithms,
which are sensitive to noncircular shapes. We assume that the CRP and HMLS methods did not acquire
sufficient point density to cover the trunk surface in detail, which would raise the RMSE due to the
influence of the irregular shape.
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4. Discussion

Forest inventory that is performed with conventional measurement technologies is
time-consuming, with a high demand for qualified personnel and many specific forestry-related
measuring tools, which leads to high costs of acquired data. At the same time, the data do not include
as high level of detail as TLS-, HMLS-, or CRP-based point clouds, or the possibility to repeatedly
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measure the same variables or correct possible error. James and Quinton [24] claim that HMLS is
expected to be approximately six times faster than SfM CRP and 40 times faster compared to TLS. In
our case, HMLS showed to be the fastest of all the methods used, but only 2.7 times faster than CRP
and 5.3 times faster than TLS. However, our research plot was relatively small (804 m2) and the point
cloud generated by CRP was slightly larger. The point clouds from the TLS and HMLS data were a few
times larger than the research plot. This article has an experimental character and, at the beginning
of an experiment, there are always going to be many questions about how to increase the research
performance and minimize time and money consumption. According to our findings, demonstrated in
Figure 2, we suggest ways for optimizing the workflow in future field research. On the one hand, a
slower walk with HMLS and adding more CRP stations may increase the point density of these devices.
On the other hand, the reducing of stations of TLS may decrease the number of points, which would
mean that it differs markedly in density from the HMLS and CRP point clouds.

When comparing the data collection time from authors who applied different methods, it is helpful
to calculate the area (m2) versus time (min) per surveyor. In this context, HMLS devices (depending on
the author) had the best results, from 20 m2 to 277.78 m2 per min. per surveyor [20,22,24,37]. CRP also
demonstrated to be a potentially fast data acquisition method, with an area from 30.63 m2 to 136 m2

per min. per surveyor [32]. The TLS data acquisition rate was lower, as in the two previous methods
(0.85–72.46 m2 per min. per surveyor) [20,22]. Data acquisition time is directly related to the costs
of the acquired data and it is also necessary to take into account the acquisition costs of the device.
Therefore, it is necessary to prepare a precise plan of the potential use of data which corresponds with
application of an appropriate device and methods accordingly.

Diameter at breast height is one of the most important variables for forestry; therefore, it is often
estimated from point clouds created by different data acquisition methods. Before the process of DBH
estimation itself, it is important to identify trees in the research plot. Low DBH estimation error will
be useless for forest inventory if only a small percentage of trees is identified. The number of trees
identified varies across studies, ranging from 76% identified by CRP [29] up to 100% identified by
multi-scan TLS [12,38] or HMLS [39].

In our study, the diameters at breast height but also the diameters estimated at different heights,
were underestimated, except the diameters at 0.3 m with TLS and 7 m and 8 m with HMLS. On average,
DBH estimated by a circle-fitting method was underestimated by 0.63 cm, 1.57 cm, and 1.11 cm with
TLS, HMLS, and CRP, respectively, which is in line with our previous experience. DBH underestimation
is also common for other authors when using the circle-fitting algorithms. Koreň et al. [36] compared
five circle-fitting methods in both single-scan and multi-scan approaches and, in nine out of 10 cases,
the diameters were underestimated. Similarly underestimated results were reported for three different
circle-fitting methods with the MLS approach by Čerňava et al. [40], for three different research plots
with the TLS approach by Cabo et al. [38], and for four different image-shooting methods with CRP by
Mokroš et al. [32].

Relatively good DBH estimation RMS errors were acquired by the authors focused on the
estimation of single tree parameters’ the RMSE of DBH estimation from CRP was 0.59 cm [28] or
0.96 cm [27]. For TLS point cloud and simulated diameter tape path on the tree, an RMSE of 0.09 cm
was acquired by You et al. [41]. The estimated RMS errors on the plot-level typically produce higher
values of RMSE, e.g., 4.41–5.98 cm [9] or 7.2 cm [29] by CRP, 2.65–5.57 cm by MLS [40], 1.58–1.65 cm by
HMLS [37,39], and 0.77–4.27 cm by TLS [12,36]. Comparison of the mentioned publications is hard,
because there are many differences in terms of the materials and methods used; therefore, it is always
necessary to learn about the specific workflow and keep differences in mind when comparing results.

In this study, we estimated tree diameters at different heights up to 8 m and statistically tested the
influence of the cross section height on the diameter estimation error. Point clouds and reference data
were nondestructively collected. To describe the shape of standing trees, authors commonly consider
the stem curve or the taper curve as the stem diameter is the function of height [9,42]. In other cases,
tree shape is characterized by diameters 1.3 and 6 m above the ground and height; altogether, it is used
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in allometric equations to estimate the standing tree volume [8,43]. Hyyppä et al. [10] used the term
stem curve, referring to the tree diameter at different heights.

Manual data processing is time-consuming, so a comparison of manual and automated methods
of diameter estimation at different heights (DBH and d6—6 m above the ground) was conducted by
Liang et al. [44]. In the case of DBH estimation, automated processing shows lower RMS error (0.82 cm)
than manual (1.26 cm); in the case of d6, the results of manual estimation were slightly better (1.03 cm)
than automated (1.13 cm). The authors state that it is possible to automatically estimate diameters at
different heights and the estimation accuracy is satisfactory for the use of forest inventory. Additionally,
Pitkänen et al. [8] estimated DBH and d6 as characteristics of trunk shape. They used 505 trees as the
sample dataset. In this case, the RMS errors were under 1 cm for both DBH (0.73 cm) and d6 (0.84 cm);
the biggest estimation errors were observed in the lowest and highest parts of the trees. Errors in
the lowest parts were assigned to irregularities of the trunk that were caused by root crown, while
errors in the upper part were assigned to the occlusion effect and trunk movement caused by the wind.
The influence of wind on diameter in different heights’ estimation was studied by Vaaja et al. [45],
who stated that the lower parts of the trunk (<28%) are not influenced by wind with a speed less than
9 m/s. In our study, we observed the influence of the low part of trees, which was proven in ANOVA
tests at 0.3 m (TLS point cloud) and 0.7 m (CRP) above the ground, but we can reject the influence
of wind in our data, as the weather during data acquisition by all three methods was without wind.
However, we observed the influence of rests of fallen branches or nodes on diameter estimation error
in some specific cases presented on TLS point cloud cross sections in Figure 9.
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Liang et al. [9] published a benchmark of TLS approaches for forest inventories, where one of the
researched variables was the tree stem curve. The diameters were estimated at heights of 0.65 m, 1.3 m,
2 m, and 3 m and up the trunk with a 1-m step until the uppermost measurable diameter. Stem curves
were estimated by RMS error for the whole trunk, and differences between heights were not measured.
The acquired results had a wide range of RMSE values with the single-scan method (1.3 cm to 6.0 cm)
as well as with the multi-scan method (0.9 cm to 5.0 cm). Our results for the average of stem curves
RMSE were the lowest for the TLS multi-scan method (1.03 cm), followed by HMLS (1.26 cm) and CRP
(1.90 cm). However, the lowest section (0.3 m above the ground) was influenced by irregularities in the
trunk. The shape of cross sections was not circular and, therefore, influenced the estimation errors of
the circle-fitting algorithm, especially for the TLS method (Figure 10).
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The backpack-carried MLS system was tested at easy- and medium-difficulty research plots
and the RMSE of stem curve estimation was 1.2 cm and 1.7 cm, respectively [16]. The results in the
mentioned study were compared against TLS estimated diameters; therefore, it is hard to compare this
study with the results of our study, which involved manually measured reference data.

ZEB-Horizon uses the SLAM algorithm for the spatial navigation. Its usability is mainly limited
by the sensor used, the environmental conditions, and the visibility of objects during real-time
mapping [46]. SLAM solutions in modern mapping devices are expected to improve the measurement
accuracy in case the satellite signal is weak [47]. The experiment presented in this paper showed
that HMLS performed with ZEB-Horizon had the accuracy, comparable to TLS and CRP devices in
terms of their usability in forestry practice in which diameters are often measured in 2 cm intervals.
The research was conducted at a small research plot (about 804 m2) with ideal terrain, because it has an
experimental character. The mapping of more extensive areas in forest stands on steep slopes and
rugged terrain is challenging with terrestrial remote sensing devices.

5. Conclusions

In this study, we evaluated the stem curve of the lower part of standing trees (0.3 m to 8 m)
with three different data acquisition methods (TLS, HMLS, and CRP). When considering the results
of our study, and the advantages and disadvantages of the methods used, we consider TLS to be
the most precise method; however, its acquisition costs are high. Therefore, this method might be
used for scientific purposes that require high precision. However, diameters that are estimated by
circle-fitting methods are generally underestimated and diameters of noncircular trees show higher
error. Therefore, it will be crucial to find a method with the potential to follow the shape of the point
cloud cross section to improve the accuracy of diameter estimation at various heights by the TLS
method. The HMLS method acquired slightly higher RMSEs. On the other hand, it was proven to be
the fastest data acquisition method with a low postprocessing time and the possibility of acquiring
information not only about the trunk shape, but also about the crown of the tree. Therefore, it is a
suitable method for a larger data collection range. We suggest choosing a higher distance for the
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free-walking method from the border of the area of interest to ensure that low parts of trunks close
to the border will also be scanned sufficiently in order to improve the number of points in lower
parts of point clouds. Future improvement of SLAM may reduce the point cloud noise and related
estimation error. Close-range photogrammetry acquired a better average RMSE than HMLS, but the
variability of error was noticeable higher. Additionally, the tree crowns were not visible in the point
cloud, so the method must be adjusted if higher parts of the trees are to be investigated. CRP showed
similar problems to HMLS in that the lower parts of the trunks were not sufficiently covered by points.
We suggest choosing a higher distance for a scanning or image-shooting device from the area of interest
and adjusting the camera parameters to improve the height of the created point cloud, but also refine
the point coverage of low trunk parts. The acquisition costs of the camera are several times lower than
for TLS or HMLS devices. Therefore, we believe that CRP might be a great asset for small forest owners.
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Appendix A

Table A1. Results of one-way ANOVA post hoc Tukey HSD test for different methods of DBH estimation.

Error: Between MS = 0.50797, df = 126.00

Method CRP HMLS TLS

CRP 0.007832 0.006134

HMLS 0.007832 0.000022

TLS 0.006134 0.000022

Note: Marked values represent significant differences (significance level α = 0.05).

Table A2. Results of one-way ANOVA post hoc Tukey HSD test for TLS data.

Error: Between MS = 0.41190, df = 462.00

Height [m] 0.3 0.7 1.0 1.3 2.0 3.0 4.0 5.0 6.0 7.0 8.0

0.3 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015

0.7 0.000015 0.153022 0.052261 0.276182 0.641138 0.838445 0.341074 0.627986 0.373420 0.929709

1.0 0.000015 0.153022 0.999999 1.000000 0.999362 0.989910 1.000000 0.999481 0.999998 0.961369

1.3 0.000015 0.052261 0.999999 0.999896 0.983411 0.917372 0.999580 0.985240 0.999262 0.818133

2.0 0.000015 0.276182 1.000000 0.999896 0.999984 0.998897 1.000000 0.999988 1.000000 0.992334

3.0 0.000015 0.641138 0.999362 0.983411 0.999984 1.000000 0.999998 1.000000 0.999999 0.999983

4.0 0.000015 0.838445 0.989910 0.917372 0.998897 1.000000 0.999669 1.000000 0.999824 1.000000

5.0 0.000015 0.341074 1.000000 0.999580 1.000000 0.999998 0.999669 0.999999 1.000000 0.996762

6.0 0.000015 0.627986 0.999481 0.985240 0.999988 1.000000 1.000000 0.999999 1.000000 0.999976

7.0 0.000015 0.373420 0.999998 0.999262 1.000000 0.999999 0.999824 1.000000 1.000000 0.997926

8.0 0.000015 0.929709 0.961369 0.818133 0.992334 0.999983 1.000000 0.996762 0.999976 0.997926

Note: Marked values represent significant differences (significance level α = 0.05).
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Table A3. Results of one-way ANOVA post hoc Tukey HSD test for HMLS data.

Error: Between MS = 0.38048, df = 462.00

Height [m] 0.3 0.7 1.0 1.3 2.0 3.0 4.0 5.0 6.0 7.0 8.0

0.3 0.000103 0.996114 0.999547 1.000000 0.440629 0.000704 0.000015 0.000015 0.000015 0.000015

0.7 0.000103 0.007040 0.002972 0.000233 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015

1.0 0.996114 0.007040 1.000000 0.999318 0.041190 0.000019 0.000015 0.000015 0.000015 0.000015

1.3 0.999547 0.002972 1.000000 0.999962 0.079448 0.000030 0.000015 0.000015 0.000015 0.000015

2.0 1.000000 0.000233 0.999318 0.999962 0.320051 0.000311 0.000015 0.000015 0.000015 0.000015

3.0 0.440629 0.000015 0.041190 0.079448 0.320051 0.606685 0.000089 0.000015 0.000015 0.000015

4.0 0.000704 0.000015 0.000019 0.000030 0.000311 0.606685 0.174987 0.000053 0.000015 0.000015

5.0 0.000015 0.000015 0.000015 0.000015 0.000015 0.000089 0.174987 0.514141 0.000352 0.000352

6.0 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000053 0.514141 0.421240 0.421240

7.0 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000352 0.421240 1.000000

8.0 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000015 0.000352 0.421240 1.000000

Note: Marked values represent significant differences (significance level α = 0.05).

Table A4. Results of one-way ANOVA post hoc Tukey HSD test for CRP data.

Error: Between MS = 2.0546, df = 393.00

Height [m] 0.3 0.7 1.0 1.3 2.0 3.0 4.0 5.0 6.0 7.0 8.0

0.3 0.130692 0.999999 0.999939 1.000000 0.992947 0.997608 0.646144 0.998865 0.999498 1.000000

0.7 0.130692 0.288665 0.016889 0.052073 0.003072 0.006837 0.000090 0.015730 0.034956 0.456800

1.0 0.999999 0.288665 0.995288 0.999876 0.929862 0.964634 0.367331 0.979806 0.989325 1.000000

1.3 0.999939 0.016889 0.995288 1.000000 0.999996 1.000000 0.939284 1.000000 1.000000 0.999986

2.0 1.000000 0.052073 0.999876 1.000000 0.999327 0.999859 0.798004 0.999946 0.999981 1.000000

3.0 0.992947 0.003072 0.929862 0.999996 0.999327 1.000000 0.995818 1.000000 1.000000 0.998462

4.0 0.997608 0.006837 0.964634 1.000000 0.999859 1.000000 0.992153 1.000000 1.000000 0.999454

5.0 0.646144 0.000090 0.367331 0.939284 0.798004 0.995818 0.992153 0.993370 0.994880 0.856477

6.0 0.998865 0.015730 0.979806 1.000000 0.999946 1.000000 1.000000 0.993370 1.000000 0.999702

7.0 0.999498 0.034956 0.989325 1.000000 0.999981 1.000000 1.000000 0.994880 1.000000 0.999846

8.0 1.000000 0.456800 1.000000 0.999986 1.000000 0.998462 0.999454 0.856477 0.999702 0.999846

Note: Marked values represent significant differences (significance level α = 0.05).
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