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ARTICLE INFO ABSTRACT

Keywords: Motor-manual tree felling in one of the most important technical alternatives in timber harvesting. Commonly, it
REH{Ote sensing requires a sequence of cuts and may cause higher volume losses compared to mechanized tree felling. The wood
Chainsaw lost depends also on the tree size, but accurate quantifications and their dependencies are difficult to establish
Wood . . - s . . s .
Volume since there is a limited ability to manually measure key dimensions and assimilate the tree bottom to parametric
Loss geometric features. Short-range LiDAR technology integrated in affordable mobile platforms has already been

proved to produce reliable estimates on objects located in a limited space, and point cloud processing algorithms
have been developed to compare two instances of the same object, potentially enabling the quantification of tree-
level wood loss. However, volume loss estimates based on LiDAR scanning of tree bottoms are very sensitive to
the accuracy of scans, while low-cost platforms may lack the capability to produce point clouds of an acceptable
density at a reasonable distance. This study was setup to check to what extent proximal scanning by low-cost
LiDAR platforms can provide accurate data to support the extraction and computation of volume loss by
motor-manual tree felling. Eleven Norway spruce logs having a length of one meter and mid-diameters between
22 and 43 cm were used to make 63 notches by a chainsaw. The main dimensions of each notch were then
measured manually to the nearest millimeter by a tape and used as reference data. These were the hinge width,
depth of the bottom cut, depth of the top (inclined) cut and the notch height. Close-range (up to 50 cm) scans
were taken on each notch by an iPhone 13 Pro Max platform using the freely available software 3D Scanner App.
The resulted point clouds were imported to Cloud Compare software, where the same measurements were taken
digitally and used as data for comparison. By the commonly used error metrics such as the bias (—0.73-0.10),
mean absolute error (0.51-0.78) and root mean squared error (0.68-0.92), the differences between the two were
in the sub-centimeter domain. Taken individually, all the measurements agreed well in a + 2 cm range, with an
obvious dominance in much lower ranges and no evident trends in variance related to the measurement size.
These results are promising for the forest operations science and practice because they provide evidence on the
fact that by low-cost close-range LiDAR scanning and point cloud processing one can get accurate estimations
notch volume losses. In turn, this will provide the basis for leveraging the losses by considering the operational
conditions, the used procedures and experience of the workers while supporting the attempts of quantifying and
relating the losses to the mentioned factors.

Forest operation

1. Introduction the key performance areas under the concept of sustainable forest op-
erations (Marchi et al., 2018), placing a great emphasis on improving the

One of the important missions of forest operations engineering is to utilization rate of the harvested trees by using the best harvesting system
continuously improve the forest operations systems (Borz et al., 2024; in relation to local conditions. Under the growing concerns on the effects
Heinimann, 2007). Quality optimization has been recognized as one of brought by the climate change, there is also an increasing policy interest

* Corresponding author.
E-mail addresses: stelian.borz@unitbv.ro (S.A. Borz), andrea.proto@unirc.it (A.R. Proto).

https://doi.org/10.1016/j.ecoinf.2025.102999

Received 29 August 2024; Received in revised form 4 January 2025; Accepted 4 January 2025

Available online 8 January 2025

1574-9541/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


mailto:stelian.borz@unitbv.ro
mailto:andrea.proto@unirc.it
www.sciencedirect.com/science/journal/15749541
https://www.elsevier.com/locate/ecolinf
https://doi.org/10.1016/j.ecoinf.2025.102999
https://doi.org/10.1016/j.ecoinf.2025.102999
https://doi.org/10.1016/j.ecoinf.2025.102999
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ecoinf.2025.102999&domain=pdf
http://creativecommons.org/licenses/by/4.0/

S.A. Borz and A.R. Proto

in storing the wood in long-term products and implementing the
cascading economy principles in wood manufacturing and utilization
industries (European Commission, 2021). These will likely have impacts
on the local policies and the choice of harvesting systems, and will favor
polarity in opinions, which in turn will require detailed data on how the
various harvesting systems perform in terms of wood utilization rate.

Motor-manual tree felling holds an important share among the op-
tions used in timber harvesting around the world (Lundback et al., 2021;
Moskalik et al., 2017). While it is supported by cheap equipment (Calvo
et al., 2013; Oprea, 2008), it also comes with several important limita-
tions such as poorer safety conditions and higher risks of accidents
(Banciu et al., 2018; Melemez, 2015; Tsioras et al., 2014), poorer er-
gonomic conditions, and an intense use of manual labor (Cheta et al.,
2018; Papandrea et al., 2022; Potocnik and Poje, 2017). In addition, it
requires highly skilled workers that should hold advanced knowledge
and operational skills to prevent eventual wood losses and damaging of
residual trees, while being able to enforce the safety requirements for
themselves and for others (Marchi et al., 2018; Oprea, 2008), that is,
people able to properly plan and carry on the operations (Neely and
Wilhelmson, 2006). The knowledge and skills required to implement the
operations are sourced largely from the established tacit experience
gained from tree felling practices, as well as from the science and theory
of tree felling (e.g. Knobloch et al., 2023;Lyons et al., 2012; Noll and
Lyons, 2010; Oprea, 2008).

There are important variations in the procedures used to fell the trees
motor-manually in terms of making the necessary cuts, which are usu-
ally being related to local factors such as the tree species, tree condition
and tree size (Oprea, 2008). Many of them share the same common
feature, namely the requirement to make a notch with the aim of guiding
the tree during falling (Lyons et al., 2012; Noll and Lyons, 2010; Oprea,
2008). Notch dimensions, such as the depth, openness, and the height,
are commonly related to the tree size (Oprea, 2008). Practice, however,
has shown that the recommended dimensions are often disregarded
(Borz et al., 2014; Koger, 1983), which may have implications for the
work safety, degree of recovery and quality of the wood, and the re-
sources involved in tree felling. For a visual reference on the main di-
mensions of a notch, the reader may check the papers of Duka et al.
(2020), Borz et al. (2014) and Koger (1983).

In terms of safety, it is assumed that there are other covariates that
affect the incidence of unexpected events like the felling errors and ac-
cidents, such as the tree size, terrain slope, presence of rot on the stump,
condition of the tree, and the type of harvesting (Nikooy et al., 2013;
Poje et al., 2016); even when making the cuts correctly by experienced
fellers, there is a degree of uncertainty on what might happen, since
most of these events may occur after starting to fell a given tree (DeMille
and Lyons, 2016). As a rule, the larger the tree the bigger the notch,
which in turn will have implications on the amount of recovered wood.
This comes in addition to the value loss due to the wood left in the
stumps (Boston and Dysart, 2000; Oprea and Borz, 2007), as well as to
the volume lost as sawdust when making the back cuts or when
delimbing and debranching the trees (Oprea and Borz, 2007). Other
contributors to value loss are tree breakage or splitting (Jourgholami
and Abari, 2017; Oprea and Borz, 2007), some of which may be
attributed to using an incorrect felling method (Oprea, 2008).

In terms of quantification, older studies (Kerbes and McIntosh, 1969)
have found that one may lose as much as 47 % of the wood due to the
conversion from standing trees into finished lumber. As the technology
related to forest operations has progressed substantially, it is likely that
the share of wood loses has considerably decreased. Often, however,
such data may come from the local experience and it is not publicly
available, or it may be constrained in terms of statistical power or
generalizability given by the limited number of observations or condi-
tions covered and used to make the estimations. In general, a world-wide
standardization in definitions and quantification methods is currently
lacking. In Romania, for instance, based on older statistics, it was esti-
mated that the overall losses caused by partly-mechanized harvesting
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systems may account to 2-3 % of the standing volume of the harvested
wood (Oprea and Borz, 2007).

The way of estimating the loses has its own limitations in accuracy,
since it is likely to be often based on manual measurements (Borz et al.,
2014; buka et al., 2020; Gerasimov and Seliverstov, 2010; Wang et al.,
2004) followed by volume computations which are based on parametric
geometrical assumptions (Borz et al., 2014; Duka et al., 2020).
Commonly, these limitations come from the highly irregular shape of the
trees at the level at which the felling cuts are made, as well as from the
variations in taper at the same levels, particularly in old forests,
requiring new or improved methods of measurement. In addition to
being reliable, these methods should be cost-effective, less intensive in
terms of effort, and safe.

A potential solution lies in the use of affordable, mobile platforms
such as the smartphones carrying various types of proximal sensing
sensors; these can be used to collect and process tree (Gollob et al., 2021;
Tomastic et al., 2017) or log (Nita and Borz, 2023) related point clouds
by freely available software while being competitive in terms of cycle
time (Borz and Proto, 2022; Gollob et al., 2021) and ergonomics (Borz
et al., 2022a). They were used lately for collecting tree related data with
promising results in terms of accuracy. For instance, the study of Tom-
astic et al. (2017), which was based on Google Tango technology and
close-range photogrammetry, found a RMSE (root mean squared error)
for DBH (diameter at the breast height) of 1.61 to 2.10 cm, while the
study of Gollob et al. (2021), which was based on LiDAR sensors, found a
RMSE for DBH of 3.13 cm. However, their scans were likely taken from
an average distance of more than 1 m, which probably affected the level
of detail contained in the point clouds.

Although this level of accuracy may seem acceptable for practical
applications such as inventories and volume estimation, it could be
problematic for estimating the volume lost by making the felling cuts, or
when one would like to relate the behavior of the tree during felling to
the spatial layout and dimensions of the felling cuts. For a low-cost
LiDAR based platform, a closer look to the tree by scanning is likely to
enhance the level of detail contained in the point clouds since the dis-
tance between the LiDAR sensor and the scanned object controls the
density of the points; for instance, Luetzenburg et al. (2021) have
described for an iPhone 12 Pro Max a potential point density ranging
from 7225 points m ™2 at a scanning distance of 25 cm to 150 points m >
at a scanning distance of 250 cm, which follows a linear trend on a
logarithmic scale. This property may be applicable to accurately esti-
mating the volume lost in notches since these features are rather small is
size compared to their corresponding trees. In addition, limiting the
movement during the scanning will also contribute to lowering the noise
and drifts in the point clouds (Tomastic et al., 2017), making it possible
to compare the scans taken before and after the felling cuts.

Lately, LiDAR-based applications have gained a lot of momentum in
forestry. Using the data sourced by various platforms in conjunction
with advanced machine learning techniques provided the tools required
to better understand forest environments and their temporal changes
(Yun et al., 2024). The latest applications include evaluations on forest
status and disturbance severity (lheaturu et al., 2024), structural di-
versity of the forests (Borges Goncalves et al., 2024) and extraction of
tree-level phenotypic characteristics (Gao et al., 2025). However, these
have a limited applicability in extracting important features for forest
engineering, which includes the estimates of volume losses due to felling
cuts. On the one hand, such features may be too small to be accurately
captured by conventional platforms such as remote airborne or terres-
trial LiDAR scanning, while the accuracy and completeness of estimates
may be affected by occlusion. On the other hand, their measurement is
typically constrained by the way in which the tree felling operations
progress, which requires the measurements to be taken right after
making the felling cuts and before the tree is felled.

This study was designed as a proof of concept in terms of getting
accurate readings by scanning the main dimensions of motor-manual
tree felling cuts, while taking the advantage of using affordable
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technology. The first objective of the study was to check the agreement
between the manually taken (reference) and digitally derived
(compared) measurements taken on the hinge width, depth of the bot-
tom cut, depth of the top (inclined) cut, and the notch height. The sec-
ond objective was to estimate the deviation of digitally derived data, by
the commonly used error metrics, and the third objective was to check if
there are changes in the deviation variance caused by the dimensions of
the felling cuts.

2. Materials and methods
2.1. Site of the study, data sourcing and processing

Field data collection was carried out in the spring of 2022, at the
didactic facility of the Faculty of Silviculture and Forest Engineering,
located near Brasov, Romania (Fig. 1a), where 11 Norway spruce logs
having a length of about 1 m and mid-diameters of 22 to 43 cm were
used as the study objects. An experienced feller was asked to cut evenly
spaced notches on the same face of each log using his knowledge and
skills to relate their dimensions to the log size at the level of making the
cuts (Fig. 1c). In total, 63 notches were cut in the logs placed vertically in
advance. On each notch, guiding marks were painted to enable manual
measurement of their main dimensions (Fig. 2). The marks were placed
with the main aim of pointing the middle of each notch on the top and
bottom cuts, as well as on the hinge width line (Fig. 2a). Once the
marking was done, manual measurements were taken on the hinge
width (HW), depth of the bottom cut (BCD), depth of the top cut (TCD)
and the notch height (NH), as described in Table 1 for both, reference
and compared data.

Manual measurements were taken by a pocket tape to the nearest
millimeter and the results were noted on paper sheets along with the log
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number and the order of the notch on the log from top to bottom.
Following manual measurements, each notch was scanned by an iPhone
13 Pro Max (iPhone 13 Pro Max - Technical Specifications, 2023) running a
freeware copy of the 3D Scanner App (3D Scanner App, 2023) software
(Fig. 1b). Scans were run from up to 50 cm by using the LiDAR point
cloud mode, and saved individually in chronological order on the in-
ternal memory. For each manual measurement recorded on paper
sheets, the time of saving the scan was noted down, serving as a refer-
ence for identifying the files for digital measurements. The scans were
exported into a. XYZ color, space delimited (CloudCompare, 2023)
format, and saved as raw point clouds in individual notch-based folders
created for each log. Among other features, the format contains infor-
mation on three-dimensional local coordinates and colors stored in RGB
format for each point (Fig. 3b). For each dimension (Table 1), manually
taken reference data was transferred in a Microsoft Excel® sheet con-
taining other identification attributes such as the log number, length,
mid-diameter, notch number and file saving time. Then, the 2.12 alpha
version of the CloudCompare freeware software (CloudCompare, 2023)
developed for a Windows operating system was used to load, clean the
point clouds, when necessary, by the use of Segment tool
(CloudCompare User Manual, 2023), and to take the digital measure-
ments on the same notch dimensions (Fig. 2b).

In the office phase of the study, it was observed that the last notch
from log 1, first notch from log 2 and the last three notches from the log
7 had incomplete point clouds, therefore they were excluded from the
study. As such, the sample size of the study contained 58 notches. Digital
measurements were based on local geometry of each point cloud as seen
on the computer’s screen (Fig. 3c,d). Picking the starting and ending
points was based on their conformance to the real closest starting and
ending points (Fig. 2b, Fig. 3d). This was done by rotating and checking
each point cloud storing the instant measurement in several viewing
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Fig. 1. Study location and data collection: a) location of the study area at the national level, b) scanning notches by the mobile platform, c) logs prepared

for scanning.
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Fig. 2. Methods and tools used for manual (reference) and digital (compared) measurements: a) examples of manual measurements, b) examples of digital mea-
surements, 1 — measurement of the hinge width, 2 — measurement of the bottom cut’s depth, 3 — measurement of the top cut’s depth, 4 — measurement of the

notch’s height.

Table 1
Description of notch dimensions taken into study.
Abbreviation Description

HWC Hinge width measured in CloudCompare
HWR Hinge width measured manually by a tape
BCDC Depth of the bottom cut measured in CloudCompare
BCDR Depth of the bottom cut measured manually
TCDC Depth of the top cut measured in CloudCompare
TCDR Depth of the top cut measured manually by a tape
NHC Notch height measured in CloudCompare
NHR Notch height measured manually

perspectives. Once a measurement was considered to be accurate, the
length of the corresponding dimension was paired with its reference
data in the Microsoft Excel® sheet.

2.2. Statistical analysis

The agreement between the two measurement methods was checked
by the Bland and Altman’s method (Bland and Altman, 1995; Bland and
Altman, 1999) which maps the differences between the reference and
compared data (Eq. (1)) against the average of the measurements, in a
space delimited by an upper (ULOA) and a lower (LLOA) limit of
agreement. The limits of agreement (Egs. (2-3)) are computed based on
two statistical metrics namely the bias (Eq. (4)) and standard deviation
of differences. The limits of agreement used in this study were assumed
to be linear and they considered two standard deviations in differences
(Bland and Altman, 1995; Bland and Altman, 1999; Giavarina, 2015).
This assumption was complemented by heteroskedasticity tests (Breusch
and Pagan, 1979; White, 1980) to check if the non-homogeneity of
variance was present in data, as well as its type. In this regard, the main
differences between the Breusch-Pagan and White tests for hetero-
skedasticity is that the former detects linear forms of heteroskedasticity,
while the latter is able to detect other forms of heteroskedasticity when
there is a limited number of regressors; also, the White’s test does not
assume normality in data (Obabiire et al., 2020; Williams, 2020).

ARC; = Ry—Cj (€3]
ULOA; = BIAS; +1.96 x SD; ©))]
LLOA; = BIAS;-1.96 x SD; 3
" Ri_Cii
BIAS; = w @
1 |Rj — Cy
MAE} _ Zl | i/ J‘ (5)
n
t[ R _ C.. 2

n

Where: ARC;; is the difference between reference (R) and compared
(C) data of the observation i (i = 1 to n) belonging to notch dimension j (j
= HW, BCD, TCD, NH), ULOA; is the upper limit of agreement of the
compared notch dimension j, BIAS; is the bias of compared notch
dimension j, SD; is the standard deviation of differences for compared
notch dimension j, LLOA; is the lower limit of agreement of the
compared notch dimension j, n is the sample size, MAE; is the mean
absolute error of the compared notch dimension j and RMSE; is the root
mean squared error of the compared notch dimension j.

These statistical analyses were complemented by plotting the
compared and reference data against the identity (equality) line, and by
developing models of simple linear regression through origin (RTO).
One of the mathematical mechanisms of simple linear regression
through origin is that there is no intercept, therefore for null values of a
reference variable the value of a compared variable should be also null
(Eisenhauer, 2003). Under these circumstances, the models can be used
as a visual surrogate to check how the compared data over- or un-
derestimates the reference data. Coefficient of determination (R?) can
also be used to check how the compared data fits to the reference data.
For each pair of compared dimensions, RTO models were developed and
plotted against the identity line along with their corresponding lines of
ordinary least square regressions. In addition, data distributions were
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Fig. 3. Concept and methods used for manual (reference) and digital (compared) measurements: a) log sections showing the width of the hinge (1), depth of the
bottom cut (2), depth of the top cut (3) and the height of the notch (4); b) an example of point cloud for a log shown in.XYZ CloudCompare format; c) a perspective
over four logs showing the normal change rate and curvatures in the point clouds; d) the concept of digital measurements against the normal change rate and

curvatures for a notch.

plotted as histograms and were accompanied by normality checks using
the Shapiro-Wilk’s (Shapiro and Wilk, 1965) and D’Agostino-Pearson’s
(D’Agostino and Pearson, 1973) tests. The main difference between the
two tests is that, for inference, the former uses standard deviation data
while the later uses the shape of the data distributions. A confidence
level of 99 % was assumed for all statistical steps where relevant (a =
0.01, p < 0.01).

Deviation of compared data was measured by the three commonly
used metrics: bias (BIAS, Eq. (4)), mean absolute error (MAE, Eq. (5))
and root mean squared error (RMSE, Eq. (6)). The reason for using both
MAE and RMSE are based on the arguments from Wilmott and Matsuura
(2005) who indicate a better performance of MAE in describing deviance
in data. However, RMSE was reported as well for comparison reasons
and for providing data readily comparable to that from other studies.
The bias, on the other hand, was used to generally indicate how the
digital method over- or underestimates the reference data, since it also
indicates the direction of differences.

2.3. Software used

The collected data were processed in Microsoft Excel® (Microsoft,
2023a) which was fitted with Real Statistics (Real Statistics Using Excel,
2023), a freeware tool for advanced statistical analysis. Functionalities
of Microsoft Excel® were used for developing the Bland-Altman agree-
ment plots, plotting the data against the identity line, developing the
regression models, developing data distribution histograms, and
computing the error metrics. Functionalities of Real Statistics were used
for running the normality and heteroskedasticity tests. CloudCompare
freeware software (CloudCompare, 2023) was used to import, clean,
take digital measurements on point clouds, and to run normal change
detection algorithms on some of the collected point clouds. Microsoft
PowerPoint® (Microsoft, 2023b) was used to build composite figures,
QGis version 3.28.4 (QGis, 2023) was used to build a study location map
based on freely available data, and the 3D Scanner App (3D Scanner
App, 2023) was used to collect the point clouds from the field.

3. Results
3.1. Summary of the data

The summary statistics (mean value and standard deviation) of the
reference and compared notch dimensions are given in Table 2. As
shown, in all the cases there was a close agreement in the average values
between the reference (R) and compared (C) data.

The dimensions of the cuts, as made by the worker, were consistent
with the recommended practices for motor-manual tree felling in
Romania. For instance, it is common to use a depth accounting for about
33 % of the diameter when making the bottom cut (Borz et al., 2014;
Oprea, 2008), which is reflected by the average depths (BCDR) in rela-
tion to the diameter of the used logs, as shown in Table 2. Also, the
variability in the dimensions of the notch was fairly covered in the
reference data by this study. For instance, the hinge line width (HWR)
varied between about 20 and 40 cm; depth of the bottom (BCDR) and top
(TCDR) cuts varied between 7 and 15 and 10-23 cm, respectively, while
the notch height (NHR) varied between 8 and 18 cm.

3.2. Agreement of data

Fig. 4 shows the developed Bland-Altman plots of the four compared
dimensions. There was a close agreement between the compared data in
a range of +2 cm, with an obvious agreement in lower data ranges for
some of the variables (Fig. 4b,d). There were differences in a lower range
for HW measurements when this dimension was of up to 25 cm and
larger differences when it was between 25 and 40 cm (Fig. 4a). However,
there were no evident trends in data variation as a function of the
increment or decrement in dimensions’ values, therefore the propor-
tional bias (Ludbrook, 1997) was likely to be absent. There was, how-
ever, a systematic difference characterized by a constant bias in all cases.
These trends are further supported by the data given in Sections 3.2 and
3.3. When comparing the hinge width (HW), the bias accounted for 0.10
cm, indicating a systematic underestimation of this dimension by the
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Table 2
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Main descriptive statistics of the compared data sets: HW, BCD, TCD and NH stand for hinge width, depth of the bottom cut, depth of the top cut and notch height, R
stands for the reference (manual) data and C stands for the compared (digital) data.

Log Mid diam. No. of valid point HWR (cm) BCDR (cm) TCDR (cm) NHR (cm) HWC (cm) BCDC (cm) TCDC (cm) NHC (cm)
no. (cm) clouds

1 22 6 21.12 + 6.67 + 0.14 11.13 + 8.90 + 1.16 21.27 + 6.73 + 0.26 10.95 + 8.77 £ 1.39
0.38 1.00 0.54 1.18

2 22 6 19.88 + 6.23 £0.59 9.80 £1.15 8.05+1.15 19.58 + 5.80+0.33 9.45+0.76 7.75+0.87
0.38 0.81

3 24 8 21.50 + 7.40 + 0.86 10.73 + 7.99 +1.12 21.71 + 6.71 £0.83 9.93+1.62 7.94+1.23
0.51 1.20 0.70

4 23 6 22.05 + 7.72 + 0.64 12.53 + 10.23 + 22.18 + 6.90 + 0.75 11.65 + 9.78 + 0.81
0.29 0.51 0.64 0.50 0.99

5 24 7 22.20 + 7.19 + 0.64 11.61 + 9.51 +1.10 22.67 + 6.54 + 0.62 10.63 + 8.59 + 0.94
0.74 1.12 0.90 1.18

6 34 5 31.84 + 10.90 + 16.58 + 13.26 + 32.10 + 10.10 + 15.76 + 12.78 +
1.10 0.45 0.98 1.24 1.74 0.50 1.17 1.45

7 43 2 39.40 + 13.50 + 20.10 + 15.10 + 38.70 + 12.70 + 19.85 + 15.20 +
0.85 1.41 1.56 1.56 0.85 1.13 1.20 2.12

8 43 4 39.98 + 14.88 + 22.68 + 18.28 + 39.95 + 14.15 + 22.03 + 17.70 +
0.33 0.30 2.68 3.46 0.31 0.95 2.41 2.66

9 40 5 37.12 + 13.10 + 19.18 + 14.60 + 37.36 + 12.20 + 18.58 + 14.22 +
0.98 1.64 1.52 1.13 1.83 2.08 1.61 1.18

10 41 4 38.03 + 15.03 + 21.90 + 17.18 + 38.23 + 13.85 + 21.88 + 16.38 +
1.07 1.04 1.88 1.85 1.83 1.07 1.62 1.35

11 41 5 38.56 + 13.40 + 18.98 + 14.46 + 38.34 + 11.94 + 17.90 + 13.76 +
0.87 1.48 2.97 2.11 1.18 1.40 2.79 2.07

digital data. For the rest of the compared variables, the bias had negative
values, accounting for —0.73 cm in the case of the depth of bottom cut
(BCD), —0.65 cm for the depth of the top cut (TCD) and for —0.44 cm for
the height of the notch (NH). As a rule, there were observations that
were found outside the computed limits of agreement, which accounted
for a higher frequency in the comparisons run for the hinge width (HW)
and notch height (NH). However, one can observe that a high share the
data taken into analysis was found in a difference range of +1 cm.

As such, for the hinge width (HW), about 88 % of the data was found
in a difference range of +1 cm, while for the depts of the top (TCD) and
bottom (BCD) cuts about 71 and 74 % of the data was found in this
range. For the notch height (NH) 84 % of the data has shown a difference
located in the range of +1 cm.

3.3. Deviation of data

On average, there was a sub-centimeter deviation in the data irre-
spective of the error metric used for such evaluations, as shown in
Table 3. In this regard, the bias (see Section 3.1) is a score that indicates
the magnitude of errors by considering their direction, as opposed to
mean absolute error, which disregards the direction but weights equally
the individual differences in the average, and to the root mean square
error, which gives a larger weight to large errors by squaring the dif-
ferences between the measurements (Wilmott and Matsuura, 2005). The
absolute errors varied between 0 and 1.9 for HW, 0.1 to 1.8 for BCD, 0 to
2 for TCD and O to 1.8 cm for NH (data not shown herein). Overall, the
MAE was lower for HW and NH, as opposed to BCD and TCD. The same
trend was preserved in the case of RMSE (Table 3). From this perspec-
tive, LIDAR based data had a sub-centimeter accuracy when compared
to manually taken measurements, and there were no errors large enough
to bring high contrasts between the values of MAE and RMSE (Table 3).
However, given the differences found between MAE and RMSE values,
there was some difference in the magnitude of the absolute errors.

Fig. 5 is describing further the deviation in data. For instance, Fig. 5a
shows the dependence relation between compared (HWC) and reference
hinge width (HWR), mapped by an RTO model. The estimated RTO
model closely follows the identity line in the whole data range, indi-
cating that there were small differences between the compared datasets.
This can be seen also in the equation of the model which indicates a
slope of close to 1, while the coefficient of determination indicates a
close dependence relation between the two. Panels b, ¢ and d of Fig. 5

show the trends in BCD, TCD and NH data. In these cases, the models
indicate that the digital method generally overestimates the measure-
ment compared to the reference data. In all three cases, the coefficients
of determination were close to 1, indicating that there was a strong
dependence between the compared datasets. However, the slopes were
less than 1 in all cases.

3.4. Homogeneity of variance

Occurrence of proportional bias is typically correlated with the
presence of heteroskedasticity in data. As mentioned, Breusch-Pagan’s
test excels in detecting linear forms of heteroskedasticity, while the
White’s test can be used to detect other forms of heteroskedasticity.
Table 4 shows the results of the normality and heteroskedasticity as-
sumptions by the selected tests. By both tests used for normality
checking, the data was found to follow a normal distribution. Similarly,
by both tests used for heteroskedasticity checking, the data was found to
be homoskedastic. All tests assumed a confidence level of @ = 0.01.

The findings of the tests validate further the validity of the statistical
methods presented in the previous section of the results since most of
these make assumptions on the normality of data and homogeneity of
variance.

4. Discussion

This study was setup to check if the close-range mobile LiDAR
scanning by affordable solutions may be of use in estimating the notch
volume loses in motor-manual tree felling, by the main assumption that
the accuracy of the collected point clouds can be described with a
limited number of referenced linear measurements. The main findings
are promising, indicating that this approach may provide sub-centimeter
accuracy, and it might be useful to make assessments on volume loses. In
addition, the findings clearly indicate the positive effect brought by a
shorter scanning distance, which considerably improved the density of
the collected point clouds. For instance, study of Borz et al. (2024)
indicated an important accuracy increment when estimating the diam-
eter of the trees based on digital LiDAR-based measurements taken very
close to the trees. As such, by all the metrics used herein, the deviance of
data was better as compared to similar studies which indicated de-
viances as high as RMSE of 1.6 (Tomastic et al., 2017) to 3.13 cm (Gollob
et al.,, 2021) and comparable with that obtained when using an
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Fig. 4. Bland-Altman agreement plots of the four compared dimensions: a) HW, b) BCD, ¢) TCD, d) NH.

Table 3
Error metrics of the compared dimensions.

Compared parameters Bias (cm) MAE (cm) RMSE (cm)
HWR-HWC 0.10 0.51 0.68
BCDR-BCDC -0.73 0.78 0.91
TCDR-TCDC —0.65 0.72 0.92

NHR-NHC —0.44 0.59 0.74

augmented reality-based tree measurement app Wu et al. (2023).

The agreement in data was found to be acceptable in a range of +2
cm, while most of the data on differences between the measurements
were in a range of +1 cm. However, the trends in differences were not
consistent across all the notch dimensions considered in the study. For
instance, the digital data seemed to slightly overestimate when the
notch width was considered, while for the rest of dimensions an
underestimating trend was found. Also, the average over- and
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Fig. 5. RTO models and paired data plotted against the identity line for: a) hinge width (HW), b) depth of the bottom cut (BCD), c¢) depth of the top cut (TCD), and d)
height of the notch (NH). Histograms show the distribution of differences, brown dashed lines stand for the RTO models and green continuous lines stand for the
identity lines. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

underestimation, as measured by the bias metric, were quite different,
with a value of 0.1 cm for the notch width, and with values of —0.44,
—0.65 and — 0.73 cm for the notch height, depth of the top, and the
depth of the bottom cut, respectively. These values, as well as their
magnitudes can be largely explained by the way in which the data was
digitally processed. In general, the linear measurements taken digitally
had the highest observed certainty in actually hitting the starting and
the ending points of the notch width. In CloudCompare, this is enabled
by the sharp angles and edges made by the two faces of the cuts (see for
instance Fig. 2), which provided very good references for the digital

measurement. Although the point clouds were acceptable in terms of
density, there were important difficulties to overcame when trying to
identify those points characterizing the start and the end of the rest of
the considered dimensions. This was because the number of points
showing a black color was sometimes too low to enable an accurate
detection of the marker’s centers in the collected point clouds, which
obviously resulted in hitting dominantly those points located at their
outer extremes. In addition, making the top cut of the notch, generally
resulted in a curved area at its intersection with the log, which came
from the rather limited control over the blade when cutting in an
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Table 4
Result of normality and heteroskedasticity tests (o« = 0.01).

Compared Shapiro- d’Agostino- Breusch- White’s test
parameters Wilk’stest ~ Pearson’s test Pagan’s test
HWC-HWR W= DA = 6.336 LM = 5.937 LM = 8.866
0.964 p = 0.042 p = 0.015 p =0.012
p =0.088 Normal Homoskedastic Homoskedastic
Normal
BCDC-BCDR W= DA = 4.324 LM = 2.747 LM = 3.393
0.954 p=0.115 p = 0.097 p=0.139
p =0.028 Normal Homoskedastic Homoskedastic
Normal
TCDC-TCDR W= DA =1.843 LM = 0.111 LM = 0.815
0.967 p =0.398 p =0.739 p = 0.665
p=0.116 Normal Homoskedastic Homoskedastic
Normal
NHC-NHR W= DA = 0.960 LM = 0.251 LM = 1.302
0.979 p=0.619 p=0.617 p=0522
p=0.392 Normal Homoskedastic Homoskedastic
Normal

inclined plane. This had two consequences, namely the difficulty to
actually locate and place the markers at the exact locations from which
the depth of the top cut and the notch height started, as well as diffi-
culties in locating those points in the digital data. The later held true also
for the way in which the points were distributed near the hinge line;
here, the limited point density has created curved shapes that increased
the uncertainty of hitting the hinge line during the digital measure-
ments. For that reason, this study used as supporting features for visu-
alization the functions of CloudCompare designed to show by colors the
normal change rate and curvature, although there was a higher uncer-
tainty in actually hitting the centers of the markers. Considering the
above-mentioned, it is likely that the measurements taken on the hinge
width reflect better the accuracy of the digital data as opposed to the rest
of the dimensions.

To be useful, a new method needs to provide accurate results in a
wide range of data, as required by the practice, without obvious sys-
tematic deviations. The assumption on the occurrence of a proportional
bias in digital measurements was infirmed based on the data and find-
ings of this study. That is, the variation in the diameter of the log, as well
as in the considered dimensions did not affect the variance of the digi-
tally measured data. It seems, however, that the smartphones equipped
with LiDAR sensors are sensitive to the size of the scanned objects (Borz
et al., 2022b; Gollob et al., 2021), which is likely to produce a propor-
tional bias in the data, particularly when scanning larger objects. In
addition, the shape of the trees at their bottom may be highly irregular,
particularly when working with very old trees, which exhibit well-
developed buttresses (Jourgholami et al., 2013). Such operational
cases require often the removal of buttresses before felling (Oprea,
2008) which complicates further the problem of estimating the volume
loses, because there are no suitable manual methods to account for the
volume displaced by removing them. From this point of view, scanning
the trees before and after removing such features may provide a feasible
solution for estimation by point cloud comparison.

In terms of tree variability in size and shape, further studies should
be implemented for a more comprehensive analysis on how such fea-
tures may affect the way in which the digital data deviates from the
reference measurements. From this point of view, this study covers only
a tree species, although the size of the logs in terms of diameter may fit
very well with real case scenarios in which thinning or final felling is
done. However, the diversity of forests and trees would require larger
datasets to come at more precise estimates, a point that should be
checked by future studies. Also, in our experimental conditions, occlu-
sion was controlled by the way in which the logs were placed, which
may not resemble the real conditions from forests. Nevertheless, LIDAR
scanning by highly mobile platforms such as that tested herein may
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accommodate the occlusion problem since it can be done from a very
close range.

When using machines such as the harvesters, there is a higher degree
of control over a tree, therefore the incidence of breakage and splitting
may be lower as compared to motor-manual felling. However, by many
factors, such as the species and tree size, mechanized harvesting is a
solution characterized by a limited coverage (Knobloch et al., 2023;
Oprea, 2008). In both cases, the volume lost in bucking may be esti-
mated by the number of cuts, diameters at which the cuts are done along
the tree, and the width of the cuts. The most challenging to estimate are
the volume loses caused by tree breakage and splitting, as well as those
caused by making the felling cuts by motor-manual means, both of
which typically apply to irregular shapes of the wood. Nevertheless,
these may account for the highest share in the volume loses caused by
the technology used in tree felling and processing (Boston and Dysart,
2000; Wang et al., 2004), proving the usefulness of digital solutions
when such measurements can be taken from the ground.

Considering the above-mentioned, the results reported herein are
encouraging, as they support the accurate estimation of volume loses by
using digital LiDAR-based methods designed to compare point clouds.
Such methods may be implemented by taking as a reference a point
cloud captured before making the felling cuts, which can be compared to
a point cloud taken after making the felling cuts. Besides the accurate
estimations, this can provide other important benefits, such as providing
readily available 3D data to better explain and relate the felling errors to
the dimensions of the felling cuts, which otherwise is difficult to get, as
well as to account for the volume of wood left in the stumps, and to
relate it to the tree felling technology used, or to the skills of the workers.
Indeed, the latest research did attempt to quantify the severity of
anthropogenic disturbance in forests by including stums and other tree
features as ground truth to characterize the disturbance (Iheaturu et al.,
2024). However, it is still challenging to get reliable estimates on vol-
ume lost during harvesting from coarser and remotely-sensed data since,
in addition to typical occlusion and precision, there is still the time-
related scanning problem. In other words, to estimate the volume lost
in motor-manual tree felling, the scanning process needs to keep the
pace with tree felling operations, particularly when, for point cloud
comparison, scans are required before and after making the felling cuts.
Collected this way, the data will provide a reference for replicability and
data validity assessments, while removing the labor-intensive, prone-to-
error ways of collecting it (Borz et al., 2022a; Gollob et al., 2021; Nita
and Borz, 2023). In addition, measurements taken by scanning provide
an important benefit which is often overlooked, namely a better safety
condition provided by excluding the direct contact measurements (Borz
et al., 2022b; Borz and Proto, 2022).

5. Conclusion

Based on the findings of this study, the mobile LiDAR-based plat-
forms stand for an accurate solution to estimate the volume loses in
motor-manual tree felling when a close-range terrestrial scanning
strategy is used. The findings support their use to collect, process and
compare point cloud data, as a basis for the quality optimization in forest
operations, and may also be of help in better understanding safety
failures in motor-manual tree felling. Future studies should focus on how
the variability in dimensional and tree shape data may affect the accu-
racy of estimates, as well as on capability limits of the solution taken into
study.
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