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ABSTRACT

Close-range LiDAR devices are considered to have great potential for enhancing forest inventory (FI) estimates.
However, this potential is still being explored in the case of ground-based LiDAR devices, especially when the
target is focused on relatively large spatial scales, such as stand level. This study explored the performance of
close-range LiDAR devices in terms of bias and error, particularly terrestrial laser scanning (TLS) instruments, as
measurement tools in stand-level FIs. The main premise of the research is that close-range LiDAR devices provide
auxiliary information that can be used to accurately and precisely predict the dependent variable of the target
population, thereby reducing errors. To this end, this study compared the performance of different statistical
inference approaches that can be implemented with these technologies, such as the simple expansion estimator
(EXP), two-stage model-assisted regression (REG), conventional model-based (CMB) and three-phase hierarchical
model-based (3pHMB) approaches. These approaches were used to compare the following types of data: field
measurements and TLS single-scan data (EXP, REG); field measurements and unmanned aerial vehicles (UAV)-
LiDAR data (CMB); and field measurements, TLS single-scan data and UAV-LiDAR data (3pHMB). The case study
was carried out in a 16 ha experimental plot dominated by Pinus radiata and Pinus pinaster in northwest Spain,
focusing on stand volume (V, m® ha™!) estimates. The findings showed that the use of close-range remote sensing
devices as a source of auxiliary data provided lower error in V estimates than the EXP approach using a single
data source. The findings also suggest that close-range LiDAR devices can potentially be used as FI instruments.
Therefore, the transfer of these sampling techniques may play an important role in operationalizing the use of
close-range LiDAR devices in FIs.

1. Introduction

this technological context, light detection and ranging (LiDAR) systems
provide three-dimensional point clouds, which are suitable for esti-

Forest inventories (FIs) have improved since they were first intro-
duced, owing to the continuous emergence of new technologies, espe-
cially in the last few decades since the advent of remote sensing
(Fassnacht et al., 2023; White et al., 2016). While conventional FIs are
costly and time-consuming, the use of remote sensing can increase both
the spatial scale and frequency of estimates without a proportional in-
crease in the associated costs (Coops et al., 2023; Kangas et al., 2018). In

mating tree attributes and are very useful for many forestry applications
(Dubayah and Drake, 2000). Indeed, the operational feasibility of LIDAR
for estimating essential FI variables at stand level, including timber
volume (V, m? ha’l), with airborne laser scanning (ALS) and unmanned
aerial vehicle (UAV)-LiDAR devices has been demonstrated (Puliti et al.,
2015; White et al., 2016; Wulder et al., 2012). Among close-range LiDAR
devices, ground-based instruments such as terrestrial and mobile laser
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scanning (TLS and MLS, respectively) instruments provide high-
resolution point cloud data that show great potential for enhancing FIs
(Dassot et al., 2011; Fassnacht et al., 2023; White et al., 2016) and forest
ecology research (Calders et al., 2020). One of the main advantages of
using TLS or MLS data is that they provide better observations of near-
ground vegetation than airborne systems (Lovell et al., 2003), which
may be an advantage for estimating V as one of the variables most
frequently predicted in Fls, especially when predicted from LiDAR data
(Coops et al., 2021). These types of data also have several key advan-
tages over traditional field data, such as non-invasive measurements and
automatically-acquired data (Krok et al., 2020). However, TLS and MLS
devices have not yet been adopted in FIs for several reasons: (1) the
difficulty in automating data processing to obtain reliable predictors and
estimates of important forest variables; (2) high acquisition costs; (3)
limited software; (4) lack of trained personnel (Liang et al., 2016); and
(5) possible bias in tree-level estimates (Abegg et al., 2023). Many re-
searchers agree that affordability is the main key challenge to overcome,
emphasizing that automation of point cloud processing with affordable
and easy-to-use software capable of extracting information related to
important forest attributes is essential (Dassot et al., 2011; Liang et al.,
2016, 2018; Newnham et al., 2015; White et al., 2016).

While ground-based technologies can provide accurate estimates, e.
g. of tree diameters, close to what is required in practical applications,
this is conditioned by factors such as occlusions, tree size and the
structural complexity of the forest (Liang et al., 2018). For instance,
volume estimates for small trees have been found to be highly biased
(Abegg et al., 2023), as have volume estimates in structurally complex
near-natural mixed forests (Vatandaslar et al., 2023). Despite these
limitations, such technologies also enhance conventional data collection
by enabling measurement of variables that are more challenging to
assess (Calders et al., 2020), which is probably why they have been
classified as important tools at tree level (Srinivasan et al., 2015), plot
level (Newnham et al., 2015) and for characterization of small stands
(Trochta et al., 2017). Nevertheless, there are fewer examples of their
role in FIs beyond replacing conventional measurement plots (Kuzelka
et al., 2022). Their potential as sampling tools has scarcely been
explored in statistical sampling other than in design-based, single-phase
sampling approaches. In addition to the technical capacities, ground-
based LiDAR devices have features that are well suited to operational
FIs and monitoring programs, including the following: (1) objectivity of
measurement and therefore better quality control (e.g. applicable in
audits); and (2) the possibility of recording long-term time series, which
become more valuable over time, as retrospective analysis of the data
will provide additional attributes through algorithm improvements
(Fassnacht et al., 2023). However, the potential of ground-based LiDAR
devices as measurement instruments to enhance operational FIs at stand
level (e.g. for management purposes) or larger scales has scarcely been
explored. The few examples of such studies include the use ground-
based LiDAR technology to replace field measurements in combination
with other remote sensing techniques (Persson et al., 2022), the use of
ground-based LiDAR estimates through distance sampling approaches
with TLS single-scans (Astrup et al., 2014; Ducey and Astrup, 2013);
Kriging predictions from MLS (i.e. model-based inference) corrected for
undetected trees based on distance sampling theory (Saarela et al.,
2017) and the construction of allometric models to upscale volume
predictions from TLS to ALS (Luck et al., 2023). Most challenges in
management-level FIs are currently related to how to further optimize
existing workflows by integrating ground-based laser scanning ap-
proaches (Fassnacht et al., 2023). Nevertheless, for scales such as
management-level FIs and National Forest Inventories (NFIs), the use of
these devices as sources of auxiliary information in combination with
sample field data (or similar) may have pragmatic, operational
applications.

Some of the above technical operational requirements have been
successfully covered by different area-based approaches (ABAs) such as
model-based inference techniques. In these methods, full coverage of
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remotely sensed auxiliary information is used to fit predictive models
with field data samples obtained without any assumptions about the
sampling design (Gregoire, 1998; McRoberts, 2006), or with partial
coverage of auxiliary information data collected as a probability sample
in the case of hybrid inference (Corona et al., 2014). This approach has
been used to estimate, for example, the proportion of forest area from
Landsat imagery (McRoberts, 2006, 2010) or common variables in FIs
including ALS data (Guerra-Hernandez et al., 2022); in both cases full
coverage of auxiliary information data is used. The model-based infer-
ence approach has also been used to estimate above-ground biomass
(AGB) by using ALS strips as partial coverage of auxiliary information
(Andersen et al., 2011), among many other variables. Other examples of
the approach include model-assisted inference techniques, which are
based on the use of remotely sensed auxiliary information data in
combination with probabilistic sampling of field data (Sarndal et al.,
1992). In this case, there are also examples of (1) studies using full
coverage of auxiliary information data, e.g. provided by ALS data for
estimating V (Strunk et al., 2012); and (2) studies using partial coverage
of auxiliary information data, e.g. by ALS strip sampling, which are
successfully used to estimate AGB (Gregoire et al., 2011; Neesset et al.,
2013). Finally, a hierarchical inference approach in which estimates are
calculated from multiple sources of information has also recently been
proposed (Massey et al., 2014; Saarela et al., 2023). These various
sources of auxiliary information data can be directly applied if they are
based on probability samples, by following the established theory for
model-assisted approaches (Sarndal et al., 1992), e.g. for estimating
growing stock volume (Saarela et al., 2015a). Furthermore, Saarela et al.
(2016) developed a hierarchical model-based inference estimation
framework in which the main advantage is that estimators do not
require probability samples for the auxiliary information data sources
used. An example of the latter type of study, which combines the use of
UAV with LiDAR technology and Sentinel-2 imagery as auxiliary infor-
mation data, together with field (plot) data, to estimate V, is reported by
Puliti et al. (2018). Nevertheless, to the best of our knowledge, case
studies using ground-based LiDAR as sources of auxiliary information
data are non-existent.

The main objectives of the study were as follows: (1) to analyze the
usefulness of various of close-range LiDAR devices in Fls at stand level;
(2) to compare different estimators and modes of inference such as
simple expansion estimator (EXP), two-stage model-assisted regression
(REG), conventional model-based (CMB) and three-phase hierarchical
model-based (3pHMB) approaches; and (3) to assess the performance of
the different inference approaches, simulating different sampling de-
signs and intensities. For these purposes, the following information
sources were compared: (1) field measurements and TLS single-scans for
EXP inference, (2) field measurements and TLS single-scans for REG
inference, (3) field measurements and UAV-LiDAR coverage for CMB
inference, and (4) all data sources for 3pHMB inference. The study was
conducted by adopting the EXP approach with field measurements as
the baseline and using Monte Carlo simulations to estimate the uncer-
tainty of estimates. The work focused on estimating V to assess all of the
established objectives.

2. Material
2.1. Study area

The study area comprises a communal woodland located in north-
west Spain (Galicia). The woodland mainly consists of radiata pine
(Pinus radiata D. Don) and maritime pine (Pinus pinaster ssp. atlantica H.
de Vill), which reach densities of 63 % and 19 % respectively, with other
species (Quercus robur L., Quercus pyrenaica Willd., Castanea sativa Mill.
and Betula spp.) accounting for the remaining 18 %. The study site
covers an area of 16 ha (400 x 400 m) and harbours several stands
representing different stages of development due to the silvicultural
rotation forest management scheme implemented. The study area was
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tessellated into 400 square grid cells of size of 20 x 20 m. As in most
studies using these sampling techniques, the plot design consisted of Ny
= 400 circular plots of 10 m radius (314.16 m?) inscribed in each cell.
Therefore, the Ny plots constituted the study target population U. All
cells were sampled by conventional field-based measurement, TLS
single-scans and a wall-to-wall UAV-LiDAR flight (Fig. 1).

2.2. Field data

A stand census, which consisted of geolocating and measuring all
trees taller than 1.3 m, was conducted in 2021. The topographical bases
from which tree positions were surveyed, were collected using a GPS
(Trimble R2) with sub-centimetre precision. From these, tree positions
were surveyed with a laser technology device (TruPulse 360°R) using
azimuths and horizontal distances with a precision of 0.1° and 0.1 m,
respectively. The diameter at breast height (dbh, cm, diameter at 1.3 m
above ground level) of each tree was measured (to the nearest 0.1 cm)
with calipers and reported as the average of two measurements in
perpendicular directions. The total tree height (h, m) was measured to
the nearest 0.1 m with a digital hypsometer (Vertex IV, Haglof Sweden).
The stem volume of the trees was estimated using local species-specific
tree allometric models with dbh and h as predictive variables (Diéguez-
Aranda et al., 2009). The stand-level stem volume (V, m® ha™1) was then
estimated by aggregating the volumes of individual trees and expanded
to area units (ha), which enabled us to determine the true value of the
population mean parameter considered in this study (u = 254.42 m®
ha~1). This reference value was obtained from the 400 circular plots of
10 m radius (Ny) inscribed in each of the grid cells (simulated on the
basis of field data) to be used as sampling units. Therefore, 400 predicted
values of V at plot level were obtained, providing an overall insight into
the population of interest, which consisted of 5,012 trees. The values of
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Fig. 1. Overview of the study area, wall-to-wall UAV-LiDAR flight and sampling design adopted for TLS single-scans with 10 m radius plots established at the centres
of 20 x 20 m cells. The field data were obtained by census of the whole stand.
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the main stand-level (or dasometric) variables are shown in Table 1.

2.3. Remotely sensed data

2.31. TLS

The sampling design consisted of a 20 x 20 m systematic regular grid
(400 sampling points) in which single scans were conducted (Fig. 1). A
terrestrial laser scanner (TLS) FARO Laser Scanner Focus3D X 130 device
was used to scan the 400 plots from the sampling points allocated,
covering the full horizontal (0-360°) and vertical (—60-90°) ranges with
a resolution of 7.67 mm at 10 m in both horizontal and vertical angular
apertures. TLS single-scans were then systematically processed with the

Table 1
Mean and standard deviation (in parentheses) for stand-level variables.
Species N (trees G (m? V (m® d (cm) R (m)
ha™h) ha 1) ha 1)
. 19.7 31.1 22.6
P. radiata 253 (144) (12.3) 212 (156) 9.6) 6.4
. 27.3 15.9
P. pinaster 74 (86) 4.7 (6.1) 35 (48) (8.2) (5.0)
Other 12.5 10.4
species 73 (240) 1.1 (3.4) 7 (25) (5.8) (4.0)
25.6 28.1 20.1
Total 400 (247) (11.8) 254 (150) (8.6) 6.1)

All values were estimated from the 400 (Ny) circular plots of 10 m radius
inscribed in each squared grid cells of 20 m side, thus sampling the whole
population. N, number of trees per hectare (trees ha™'); G, stand basal area (m?
ha™); V, stem volume (m® ha™'); d, mean diameter (cm); and h, mean height
(m). The values of N and V have been rounded to unity.
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FORTLS package (Molina-Valero et al., 2022) in the free software
environment R (R Core Team, 2023), considering circular fixed area
plots of radius 10 m. In the processing, ground points were classified
using the Cloth Simulation Filter (CSF) algorithm (Zhang et al., 2016),
and a digital terrain model (DTM) was generated by spatial interpolation
with a k-nearest neighbor approach using inverse distance weighting at
a resolution of 0.2 m. The DTM was then used to normalize the point
clouds by adjusting point elevations relative to the ground level. These
processes are included by default in the FORTLS package. The processing
yielded stand-level variable estimates (e.g. for stand volume, Table A.1)
and also metrics such as height percentiles (m) derived from the z co-
ordinates of the point clouds (Table A.2). Hereinafter, these variables
and metrics are referred to as TLS auxiliary data when used as auxiliary
information for fitting the models required for REG and 3pHMB ap-
proaches. Accordingly, the proposed sampling design allowed us to
generate wall-to-wall TLS single-scan data, thus producing TLS auxiliary
data for the Ny plots of the target population U. In the case of the EXP
approach with TLS data, both direct V estimates (V.tls, Table A.1) and
corrected estimates based on occlusion effects (V.sh, V.hn, V.hn.cov, V.
hr and V.hr.cov, Table A.1) were used to estimate the mean population
u. The latter approaches are based on distance sampling methods (V.hn,
V.hn.cov, V.hr and V.hr.cov, Buckland et al., 2001) and correction of the
shadowing effect (V.sh, Seidel and Ammer, 2014).

Distance sampling methods were implemented through the point
transects method, which uses detection functions g(r,6) with the
explanatory variable r (distance from sampling point) and parameter 6
to describe how the probability of tree detection decreases as distance
increases. Both half-normal and hazard-rate functions were used as these
have been successfully used to estimate V from TLS data (Astrup et al.,
2014). Once the parameters of detection functions are estimated, the
probability of tree detection in the sample area (P;) is estimated as
follows:

R
P=2 /rg(r,@)dr 6}
0

where R is the plot radius. Therefore, }A’i is the estimated unconditional
probability of detecting a tree within the circular plot, and can be used to
increase the expansion factor in the estimation of stand-level variables
as follows:

—

Veorrectedi = Vi ®

= 2)
P;

where V; is the volume estimated for each detected tree i in units of
volume per unit area (e.g. m® ha™1), and ?wwmdi is the corrected vol-
ume estimate after applying the previously outlined approach. On the
other hand, the shadowing effect caused by occlusions was corrected in
order to eliminate the unsampled shaded area (Ay,) related to the total
plot area, as follows:

3

2
- < dbh, ) B ﬂ(dbh/z)

2

A, — Z (7R?) — (ATireei?) .

360°

Ttree,i
i

where R is the radius of the plot, ry..; is the distance between the TLS
instrument and the tree centre for each detected tree i, and dbh; is the dbh
value; both ry.; and dbh; are expressed in the same units as R. Ay, can be
deducted from the total plot area, thus generating a more realistic
sampling area, to increase the expansion factor in the estimation of
stand-level variables as follows:

PN = A
Veorrected = V' ® (1 +7‘[1‘;hz) 4
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where V is the estimation of volume per unit area, and memd is the
corrected volume estimate after correcting for the shadowing effect.

2.3.2. UAV-LiDAR

Wall-to-wall UAV-LiDAR data were captured in May 2021 with a
Phoenix Aerial Scout-16 system, which combines the LiDAR Velodyne
VLP-16 puck sensor with a Dual-Antenna moving baseline RTK. The
lightweight system (1.85 kg) was mounted aboard a DJI S900 UAV
hexacopter (Phoenix LiDAR Systems, 2020). The flight height was 70 m
and the dual-return mode was selected, so that for each pulse emitted,
up to two returns (first and last) were recorded. The resulting 3D point
cloud has an average density of 577 points m 2.

The aerial point cloud was used to calculate LIDAR metrics for the Ny
plots of the target population U. In this step, the lidR (Roussel and Auty,
2023; Roussel et al., 2020) and lidRmetrics (Tompalski and Goodbody,
2021) packages in the R environment were used. First, the outliers from
the point cloud were removed using the Statistical Outlier Removal
(SOR) algorithm. Subsequently, the point cloud was classified into
ground and non-ground points (i.e. vegetation) using the Progressive
Morphological Filter (PMF) algorithm (Zhang et al., 2003). Since the
study area does not present significant complexity for either outlier
removal or point classification, the default values from the lidR package
were used. The ground points were rasterized using the triangular
irregular network to generate the DTM with a ground sample distance of
0.25 cm. The DTM was subtracted from the vegetation points thus
normalizing the height of the point cloud. The LiDAR metrics were then
calculated from the normalized point cloud at plot level using a vector
file containing 400 plots (Ny) with a radius of 10 m and the centres
coinciding with field-based and TLS single-scan plot centres. The set of
LiDAR metrics calculated per plot is shown in Table A.3.

3. Methods
3.1. Statistical inference approaches

Different assumptions were applied in the four inferential methods
used in this study: simple expansion estimator (EXP); two-stage model-
assisted regression (REG); conventional model-based (CMB); and three-
phase hierarchical model-based (3pHMB). On one hand, both EXP and
REG, which are design-based inference approaches, require fulfillment
of the following three assumptions: “(1) population units are sampled
using a probability-based randomization scheme; (2) the probability of
selection for each population unit into the sample is positive and known;
and (3) the observation of the response variable for each population unit
is a constant” (McRoberts et al., 2014). On the other hand, the following
three assumptions must be fulfilled for CMB and 3pHMB, which are
model-based inference approaches: (1) observation of the variable of
interest for a population unit is a random variable whose values are
considered a realization from an underlying distribution (i.e. not a
constant); (2) the basis for the inference is the model of the relationship
between the response variable and the explanatory variables, not the
probabilistic nature of the sample; and (3) randomization enters through
the random realizations from the distribution for populations units,
rather than the random selection of the population units to be included
in the sample. One important consequence of these assumptions is that
probability samples may be used with the latter two of the above-
mentioned inference approaches although they are not required, mak-
ing them compatible with the first two (McRoberts et al., 2014).
Although estimators based on the previous approaches were used in this
study to estimate the population mean parameter y of interest, Monte
Carlo simulations were computed to estimate uncertainty measures in
all cases, instead of considering the most usual estimators based on
analytical expressions.

The whole study area was measured (i.e. censused) to produce field
data and scanned by remote sensing, thus enabling simulation of
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different intensities and sampling designs, which can be classified ac-
cording to the number of sources of information used, as follows: (1) one
source formed by either field data or TLS data; (2) two sets of sources, i.
e. TLS and field data, and wall-to-wall UAV-LiDAR and field data; and
(3) three sources represented by wall-to-wall UAV-LiDAR, TLS and field
data (Fig. 2).

Simple random sampling (SRS) without replacement was used as one
of the selection methods in all inference approaches. However, for those
approaches using auxiliary remotely sensed data (TLS and UAV-LiDAR),
the local pivotal method (LPM) was also used to select balanced samples
based on auxiliary variables (Deville and Tillé, 1998; Grafstrom et al.,
2012). This method generates representative samples of the auxiliary
variable space, which provides samples spread over the correlated
response variable (i.e. representative samples) (Tillé and Wilhelm,
2017). One of the advantages of the LPM is that the samples generated
are probabilistic, with either equal (the case of this work) or unequal
inclusion probabilities (Grafstrom et al., 2014), thus fulfilling the
design-based sampling assumptions. However, equal inclusion proba-
bilities in the selection of population units guarantee well spread and
representative samples, as opposed to unequal inclusion probabilities,
which may be well spread but not representative (Grafstrom and Sche-
lin, 2014). For this study, V.tls (Table A.1) and zqgs (Table A.3) were
used as auxiliary variables for LPM sampling based on TLS and UAV-
LiDAR data, respectively, because they were closely correlated with V.

3.1.1. Simple expansion estimator (EXP)

EXP is a statistical technique based on SRS, in which the selected
samples are used to estimate the population parameters (Cochran, 1977;
Sarndal et al., 1992). Samples (S) were randomly selected using SRS,
without replacement from grid cells, with the observational design being
a circular plot of 10 m radius. For every plot, V was estimated at plot-
level by aggregating the volume of individual trees within the plot
and expanding the resulting value to area units (ha). Estimates of V
based on both field data and TLS single-scan data were considered. As
previously explained, V estimates were obtained in the former case by
means of allometric models, and in the latter case by processing the
scanning data with the R package FORTLS to compute direct (V.tls) and
corrected estimates (V.sh, V.hn, V.hn.cov, V.hr and V.hr.cov, see
Table A.1) of V. In EXP inference, the population mean parameter (u) for
the variable of interest is estimated using the unbiased estimator
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arithmetic mean figxp (Eq. (5)) as follows:

~ 1
HExp = szl )

icS

where i represents the n observations in sample S, and y; is the obser-
vation (V estimate based on field data or TLS data, in this study) for the
ith population unit in the sample.

3.1.2. Two-stage model-assisted regression (REG)

In two-stage sampling designs, the population is tessellated into first-
stage population units which, in turn, are tessellated into second-stage
population units (McRoberts et al., 2024). Samples are then drawn at
both stages by random sampling. The REG estimator uses models based
on auxiliary data to enhance inference but rely on probability samples
for validity (McRoberts et al., 2014). In this study, REG was applied in
those cases in which the auxiliary data were generated by single-scan
TLS, and the conventional field data supported the forest attribute V.
In the case applied here, a relationship between the response variable y
and a vector x of explanatory variables (field-based V estimates and TLS
auxiliary data, respectively, in this work) was modelled as follows:

Yi=f(xi;8) + & (6)

where f(x;;f) expresses the mathematical relationship between the
explanatory variables and the model parameters; f§ is a vector of the p
model parameters to be estimated; and ¢; is a random residual assumed
to be distributed as & ~ N(0,02). It should be noted that f(x;8) can be
formulated by means of a linear or nonlinear models (Firth and Bennett,
1998).

Cases were evaluated in which coverage of the auxiliary data was
partial relative to the total population, following “Case C” in Sarndal
et al. (1992, p. 323). This consisted of taking a first-stage sample from
Ny with auxiliary information (S;) of a relatively large size n; imple-
mented using SRS without replacement. A second-stage sample (S3) of
size ny (ny < np) consisting of a subsample of S; was then obtained by
means of an arbitrary probability sampling design. Sample S;, with
pairwise data corresponding to response and explanatory variables
(field-based V estimates and TLS auxiliary data) was used to fit the
model relationship (Eq. (6)). In this case, and under SRS assumptions,
the regression estimator for the population mean p (Eq. (7)) was

E Population mean (u) j
SOURCE OF [ One source ] [ Two sources ] [ Three sources ]
INFORMATION
‘ Field data / TLS ’ [ TLS + field data [ UAALD B aiicld ] [ URGHD PR elllons ’
INFERENCE Simple expansion

‘Two—stage model-assisted

[ Conventional

Three-phase hierarchical
model-based (CMB)

model-based (3pHMB)

SRS & LPM? field
] [ eh ] [ SRS & LPM? TLS ]

SRS & LPM! field data
(from 1st sample)

APPROACH estimator (EXP) regression (REG)
[ Partial TLS coverage
11 PHASE [ SRS field data / ’ [ -
2nd PHASE SRS & LPM! field data
SAMPLE (from 1st sample)
ESTIMATOR [ Equation 5 ] [ Equation 7

] [ Equation 9 ] [ Equation 12 ]

Fig. 2. Inference approaches and sampling designs used in the study, organized according to the source of information and inference approach used. 'LPM sampling
based on TLS sample auxiliary variable space (V.tls, Table A.1). 2LPM sampling based on UAV-LiDAR auxiliary variable space (zqes, Table A.3).
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obtained from McRoberts et al. (2024), who derived the Sarndal esti-
mators (Sarndal et al., 1992, p. 323) using the more familiar Cochran-
like notation, as follows:

=N 1 ~ 1 ~
ﬂreE:EZyi+n_22(yi_yi) @

€Sy i€Sy

where y; is the forest attribute V predicted according to the regression
model (Eq. (6)). This estimator is approximately design-unbiased, irre-
spective of the model choice when n, is not too small (Sarndal et al.,
1992).

In order to select Sy, two different probabilistic criteria were
considered: SRS without replacement and the LPM described in
Grafstrom et al. (2012) using TLS auxiliary information to select
balanced samples. For the latter, the stand volume estimated using the R
package FORTLS (V.tls, see Table A.1) was used as auxiliary information
for selecting Sy in the R package BalancedSampling (Grafstrom et al.,
2022). As already mentioned, this variable was considered because of its
high correlation with V, as this approach benefits from the correlation
between the variable of interest and the auxiliary information (Fig. A.1).
Both sampling procedures (SRS and LPM) were explored in this study to
assess possible differences in estimates and the associated errors.

3.1.3. Conventional model-based (CMB)

One of the main advantages of the model-based approach is that
probability sampling is not necessary, as it is based on the concept of a
superpopulation model, in which any finite population of interest is seen
as a sample drawn from a larger universe defined by the superpopulation
model (Cassel et al., 1977). There is therefore a relationship between the
mean of the distribution from which observations for population units
are generated (y;) and the vector x of explanatory variables (formed by
UAV-LiDAR auxiliary data in this case), which can be expressed as
follows:

wi = f(xi;:8) + & ®

where f(x;;f) expresses the mathematical relationship between the
explanatory variables and the model parameters; § is a vector of the p
model parameters to be estimated; and ¢; is unexplained residual un-
certainty assumed to be distributed with zero mean. Following the
established theory (Matérn, 1960; McRoberts, 2006) and the most recent
notation (Saarela et al., 2018), the CMB estimator of the population
mean y (Eq. (9)) is defined as follows:

- 1 ~
HemB = ITU ;Mi (C)]

where ; = f(x;; 8) is the model prediction for population parameter of

interest, and where g is the vector containing the model parameter es-
timates. The principles of CMB inference were used to estimate the
population mean in the target fixed population of this study and obtain
associated uncertainty measures through Monte Carlo procedure
described below. Hence, the results obtained were labelled as CMB
although the approach in this manuscript differs from the usual one in
model-based contexts. Specifically, as in previous cases with auxiliary
information, both SRS without replacement and LPM were used to select
a sample S of size n (field-based V estimates and UAV-LiDAR auxiliary
data, in this case) to fit the model in Eq. (8). For LPM sampling, UAV-
LiDAR auxiliary data were also used to select spatially balanced field
samples in the auxiliary variables space, and the 95th percentile of z
coordinates of point clouds (zqgs, see Table A.3) was used as auxiliary
information. This variable is considered because it is closely correlated
with V (Fig. A.1), as this approach benefits from the correlation between
the variable of interest and the auxiliary data.

3.1.4. Three-phase hierarchical model-based (3pHMB) approach
This approach shares the same assumptions as the CMB approach,
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but several sources of auxiliary information are used for inference
instead of only one (Saarela et al., 2016, 2023). The first-phase source of
information corresponded to UAV-LiDAR data, which were available for
all population elements (Ny). The second-phase source of information
corresponded to a first-phase sample of n; grid cells measured by TLS
single-scans, denoted as S;. Thus, each grid cell in S; had two sets of
auxiliary data available, UAV-LiDAR data and TLS data. The third-phase
source of information was a subsample of n, grid cells selected from $;
and measured by conventional field data, denoted S,. Hence, for each
element in S, UAV-LIiDAR data, TLS data and V estimates were avail-
able. As in previous cases with auxiliary information, both SRS without
replacement and LPM were implemented to select samples S; and S, ina
hierarchical manner, always using the larger sample as an auxiliary
information source for selecting balanced samples in the case of the LPM
approach. The auxiliary variables used were the same as in the previous
cases, with zqgs for S; and V.tls for S;. According to sub-case C.2 pre-
sented in Saarela et al. (2016) and developed more rigorously in Saarela
et al. (2023), two models were considered, as follows. The first model
corresponds to the relationship between the mean of population units
(4;) and the vector x of explanatory variables derived from the second-
phase source of information, that can be expressed as follows:

Hi :fx(xﬁﬁx) + Exi (10)

where fy(x;;f,) links the explanatory variables and the px model pa-
rameters contained in the vector f,; and &y; is a random deviation with
mean equals to zero. The model in Eq. (10) is fitted with S,, by using TLS
auxiliary data as explanatory variables and V estimated with field-based
data as the response variable. This model is used to predict population

mean for all elements in S; as fy; = fX(xi;ﬁx), being Ex the model
parameter estimates. On the other hand, a second model expressing the
relationship between f,(x;; #,) and the vector z of explanatory variables
related to the first source of information is expressed as follows:

fe(%i:By) = fo(2658,) + €z (1mn

where, again, f;(2;; #,) represents the link between z and the p, elements
of the model parameter vector (f,); and ¢,; is a zero-mean random de-
viation. This second model (Eq. (11)) is fitted using the model pre-
dictions fi,; for all i € S; as the response variables and UAV-LiDAR data
for S; as explanatory variables. The fitted model was then applied to
predict all population elements to obtain the 3pHMB estimator of the
population mean y (Eq. (12)), as follows:

~ 1 5
Hprve = - Zﬂz,i 12)

U'icu

where /i, = f; (zi;ﬁz) is the model prediction for each population unit
based on the model parameter estimates Bz. As commented in the case of
CMB, 3pHMB notation was maintained in the results derived from this
approach, even though Monte Carlo simulations were used to obtain
uncertainty measures.

3.2. Model fitting

As the objective was not to obtain superpopulation models, but to
simulate realistic cases of operational FIs at stand level, we decided to fit
the models in each sample selection simulation under the assumption
that the hypothetical forester has no prior knowledge of the stand. In
particular, linear regression models that were as simple as possible (Eq.
(13)) were fitted, also in order to easily automate all the simulations,
including up to 3 explanatory variables in more complex cases:

yi = /}0 +/}1x11 +... +ﬁp71xP*1i =+ & (13)

where y is the response variable and x,...,x,_; are the explanatory
variables (field-based or model-based V estimates as response variable,
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and TLS or UAV-LIDAR auxiliary data as explanatory variables,
depending on the inference approach or inventory phase); f, ..., fp_1
are the parameters to be estimated; and ¢ is the model residuals vector.
To accommodate heteroskedasticity and following previous studies,
such as that conducted by Breidenbach et al. (2016), weighted models
were fitted, where each observation in the regression model was
weighted by the inverse of the explanatory variables, as the residual
variances were proportional to these.

The process for selecting variables consisted of the following steps:
(1) preselection of those variables most closely correlated with the
response variable (with a Pearson correlation coefficient (p) higher than
0.5), i.e. the explanatory variables most likely to explain the response
variable; (2) implementing a hierarchical cluster analysis method,
complete-linkage clustering, to find 5 clusters of variables and then
selecting those variables with highest p with the response variable from
each group, to avoid autocorrelation among explanatory variables; and
(3) based on previous selection of variables, an exhaustive search for the
best subsets of the explanatory variables for predicting the response
variable in linear regression was performed, using an efficient branch-
and-bound algorithm implemented in the function leaps from the hom-
onymous R package (Lumley, 2020).

3.3. Analyses

Since there was access to the entire population units (Ny) for all
sources of data, we decided to use Monte Carlo sampling simulation to

assess bias (Eizs(ﬁ)) and standard error (Se;). Another reason we
decided to use Monte Carlo simulation was because with 3pHMB
inference, there is still no analytical expression of variance that includes
autocorrelation issues (Saarela et al., 2023). For this purpose, the first
step was to randomly resample the original data without replacement.
Depending on the inference approach used, the following patterns can
be distinguished: (1) for EXP and CMB inference approaches, this pro-
cess was conducted for different field sample sizes (n = 10,11, ...,50);
(2) for the REG approach, three sampling intensities for S; (100 e n; /Ny)
in partial auxiliary data coverage were considered (75 %, 50 % and 25
%; corresponding to n; = 300, 200, 100, respectively), as well as a
progressive increase for the second-stage sample S, in the partial
coverage from np =10 to ny =50 (ny = 10, 11, ..., 50); (3) for the
3pHMB approach, three sample sizes of S; were considered (n; = 300,
200,100), which correspond to sampling intensities (100 e n; /Ny) of 75
%, 50 % and 25 %, respectively; as well as a progressive increase in the
Sy sample size fromny = 10tony = 50 (n; =10,11,...,50). This enabled
simulation of the behaviour of the inference approaches assessed
through an increase in sampling intensity in both auxiliary and field
data, with sampling intensity (%)computed as 100 e n/Ny. A minimum
sample size of 10 units was established with the aim of having a
reasonably minimum dataset to fit the regression models. For each
Monte Carlo simulation, the population mean was predicted (%°) using
the respective estimator according to the inference approach applied,
which implied refitting models using the Monte Carlo samples in those
approaches using auxiliary data. This process was repeated numerous
times ngn, and the population mean (Eq. (14)) and its bias (Eq. (15)) and
standard error (Eq. (16)) were then estimated as follows:

n,
1 sim .

ﬁsim = - Z H (14)
Sl —
Msim
Bias (jism) = — »_ (0" —H) 15
sim g7
@ =\ — SU ) 6)
Hsim Tim — 1 p

where s indicates the Monte Carlo samples, and ng, is the number of
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simulations necessary for stabilization of Jism and $e;,. nsm was estab-
lished as 10,000 according to previous works (McRoberts et al., 2022)
and observed convergence of the estimated standard error (Fig. A.2).
@(ﬁm) and se;,,, were estimated in relative terms as in Egs. 17 and
18.

- Bias (7

Bias () (%) — DI Fsim) 409 17)
sim

85, (%) = i g 100 18)

sim

All of the previous estimates were computed for all the inference
approaches evaluated, using the same notation as in Eqgs. 14-18 but
replacing the subscript sim by EXP, REG, CMB and 3pHMB, respectively.
Finally, the relative efficiency (RE), given as the ratio between the
estimated standard error for the EXP inference approach based on field
data (S¢;,,) and the other inference approaches ($€iuy, > $€mz> Cicss
$,,ms), Was estimated as detailed in Eq. (19). The RE describes how
much the number of field plots would need to be changed by the
reference inference approach (EXP here) to obtain the same level of
precision as with another estimator (EXP using TLS data, REG, CMB and
3pHMB in this study).

se;
it
REpxp,, = =2
HEXPg
REpsg = SCsxp (19)
> lireG
se;
R-ECMB =— HEXP
Sef\cm
se;
RESpHMB = HEXP
fi3pHmB
4. Results

In this section, we have simplified the notation and removed the

subscript sim when fisim, Bias (fism)(%) and e, (%) are cited. The Monte
Carlo simulations showed that inference approaches incorporating
remote sensing as auxiliary information consistently reduced the vari-
ability in the estimates of V, thereby also decreasing errors relative to
those associated with design-based methods relying on a single source of
information, either field or TLS data (Figs. A.3-4, Table 3). In addition,
all approaches, except the CMB using the LPM to select the samples,
were almost unbiased on average (Table 3), showing asymptotic
behaviour, because the bias decreased as the sample size increases
(Fig. 3). However, jigxp was clearly negatively biased for most of the V
estimates derived directly from TLS single-scans data, except for the
estimators V.hn and V.hn.cov, with the latter showing the lowest level of
bias (Fig. A.4, Table 3).

In the design-based approaches in which remotely sensed data were
not used as auxiliary information, the error in EXP based on TLS esti-
mates (V.hn.cov) was consistently slightly higher than the EXP approach
using field data (Fig. 4a). Approaches using remote sensing data as
auxiliary information yielded lower relative errors for almost all sam-
pling intensities considered (Fig. 4b-c). However, the CMB approach
yielded larger errors than any other for field sampling intensity lower
than approximately 4 % (Fig. 4b). The mean errors, when no auxiliary
remote sensing data were used, were even more than two times higher
than 3pHMB and REG, with 11.27 % and 12.23 % for EXP with field and
TLS data, respectively (Table 3). In terms of sampling intensity, both
increasing the intensity of field sampling and increasing the intensity of
TLS sampling reduced errors, as observed in approaches using partial
coverage of TLS auxiliary data; the effect was more pronounced in REG
inference approaches (Fig. 4c). As with the sample selection method,
significant differences in errors between SRS and LPM were found for
the lowest field sampling intensities in the case of the CMB inference
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Table 3
Mean volume, bias and standard error estimates by inference approach and sample selection method.
Inference TLS sampling intensity i (m®>ha™) Bias(7)(%) §8,(%)
approach
SRS LPM SRS LPM SRS LPM
EXP (Field data) 254.45 —0.02 11.27
EXP (TLS, V.tls) 209.39 -17.71 11.43
EXP (TLS, V.sh) 222.53 —12.54 11.59
EXP (TLS, V.hn) 252.27 —0.85 11.94
EXP (TLS, V.hn.cov) 253.04 —0.55 12.23
EXP (TLS, V.hr) 232.44 —8.65 11.96
EXP (TLS, V.hr.cov) 240.03 —5.66 12.89
75 % 253.35 253.30 —0.44 —0.46 5.20 5.21
REG 50 % 253.39 253.37 —0.42 —0.43 5.67 5.67
25 % 253.52 253.55 —0.37 —0.36 6.84 6.83
CMB 254.24 254.39 —0.24 —0.59 8.10 7.47
75 % 252.97 253.34 —0.59 —0.44 5.60 4.95
3pHMB 50 % 252.92 253.33 —0.61 —0.44 5.71 4.98
25 % 252.94 253.40 —0.60 —0.42 6.03 4.99

Values correspond to total averages considering all simulations of all sample sizes.

method (LPM).
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Fig. 3. Mean relative biases (lia\s (#)(%) ) obtained on the basis of 10,000 simulations per field sampling intensity and inference approach, fitted by nonparametric
Nadaraya-Watson regression. In the case of inference approaches including TLS samples (REG and 3pHMB), 3 sampling intensities were considered (25 %, 50 %, 75
%). The figure shows cases in which 1st and 2nd phase samples were selected by SRS. Only in b a case in which the 1st phase sample was selected by LPM is shown.
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Fig. 4. Mean relative standard errors (5e;(%)) obtained on the basis of 10,000 simulations per field sampling intensity and inference approach, fitted by
nonparametric Nadaraya-Watson regression. In the case of inference approaches including TLS samples (REG and 3pHMB), 3 sampling intensities were considered
(25 %, 50 %, 75 %). The figure shows cases in which 1st and 2nd phase samples were selected by SRS. Only in b is showed a case in which 1st phase sample were

selected by LPM.

approach (Fig. 4b). Very similar errors were obtained in the case of the
3pHMB inference approach regardless of the TLS sampling intensity,
while the REG approach yielded similar errors to those obtained with
SRS (Fig. 5).

The relative efficiency of the EXP inference approach when directly
using TLS V estimates (V.hn.cov) was slightly lower (0.90 approx.) and
constant relative to the EXP approach using V estimates from field data
(Fig. 6a). In situations with full coverage of auxiliary data, the CMB
inference approach showed the greatest ability to increase the effi-
ciency. This ranged from ratios as low as less than 1 for very low sam-
pling intensities, to double the efficiency from a field sampling intensity
of about 7 % (Fig. 6a). In addition, the sample selection method has an
effect because LPM is more efficient for all field sampling intensities. As
expected, for those designs using TLS partial coverage, sampling effi-
ciency always decreased as TLS sampling intensity also decreased,
particularly in the case of REG than 3pHMB (Fig. 6b-c). However, when
LPM was used in the sample selection process, the latter inference
approach yielded similar efficiency, always above 2, regardless of the
TLS sampling intensity (Fig. 7b). Both REG and 3pHMB always showed
higher efficiency than EXP for all field sampling intensities.

5. Discussion

As expected, the use of remote sensing (TLS and UAV-LiDAR devices)
as a source of auxiliary data reduced the errors in V estimates in most
cases, as observed for all inference approaches and most sampling sizes
evaluated here. These findings are quite novel in relation to the use of
ground-based LiDAR devices as a source of auxiliary data. However, this
is consistent with the findings of many other studies using inference
methodologies assisted by remotely sensed data, for example using non-
parametric models with model-assisted and model-based inference ap-
proaches to estimate V among other forest attributes (Esteban et al.,
2019). Some examples of the inference approaches assessed here can be
found in previous studies, all of which used parametric models for
predictions focused on regional and county level. Some examples
include studies of model-assisted inferences using ALS strip data (Ene
et al.,, 2012; Nasset et al., 2013), model-based inference with full
coverage of ALS data (McRoberts et al., 2013), hierarchical model-
assisted inference using ALS strip and wall-to-wall Landsat data
(Saarela et al., 2015a) and hierarchical model-based inference using
partial coverage of UAV-LiDAR and wall-to-wall Sentinel-2 data (Puliti
et al., 2018). All remotely sensed data were used as auxiliary
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Fig. 5. Mean relative standard errors (Se;(%)) obtained on the basis of 10,000 simulations per field sampling intensity and inference approach, fitted by
nonparametric Nadaraya-Watson regression. In the case of inference approaches including TLS samples (REG and 3pHMB), 3 sampling intensities were considered
(25 %, 50 %, 75 %). The figure shows cases in which 1st and 2nd phase samples were selected by LPM.
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and inference approach, fitted by nonparametric Nadaraya-Watson regression. The main figure shows cases in which 1st and 2nd phase samples were selected by SRS.

information, together with field measured data which provided the true
value of the estimated forest attribute (V). All of these studies also
showed reductions in V estimation errors.

Focusing on EXP approaches, the best V estimates obtained from TLS
single-scans corresponded to the V.hn.cov predictions based on distance
sampling methodologies and applying the half-normal function
expanded with dbh as a covariate to correct the probability of tree
detection. This produced an approximately constant negative bias for
the evaluated sample sizes of 0.55 % (approximately —1.40 m® ha™1).
However, this is not consistent with the observations of Astrup et al.
(2014), who reported that the hazard-rate functions (V.hr and V.hr.cov
estimates) led to greater precision than the half-normal detection
functions, whereas the opposite was true in the present case. It would

10

therefore be inappropriate to state that this approach would work in all
situations, as the outcome will be influenced by other factors, such as
forest structure. However, the results presented here indicate that oc-
clusion correction methods can improve estimates as observed for basal
area in angle-count (Lovell et al., 2011) and circular fixed area plots
(Seidel and Ammer, 2014). For example, other methods used to correct
for tree detection problems in estimating forest characteristics from
single-scan TLS measurements yielded relative bias values of less than 3
% for estimating tree density and basal area (Kuronen et al., 2019).
These findings indicate that calibration of these techniques may be a
good compromise solution when using TLS in a single-scan configura-
tion, as the lack of bias in the estimators is one of the desired properties
in any type of inference approach. Nevertheless, the use of TLS as a pure
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approach, fitted by nonparametric Nadaraya-Watson regression. The figure shows cases in which 1st and 2nd phase samples were selected by LPM.

EXP approach did not reduce estimation errors relative to the EXP
approach based on field data, but rather increased them. This is due to
increased variability in plot-level estimates caused by problems such as
biased estimates of tree volume (Abegg et al., 2023; Vatandaslar et al.,
2023), and the shortfall in tree detection due to occlusions, among other
factors (Liang et al., 2018). This may therefore be a disadvantage when
using TLS as an operational tool in FI.

Regarding inference approaches using auxiliary data sources from
remote sensing, the CMB approach was the only one that yielded larger
errors than the EXP approaches for small field sampling intensities
(approximately <4 %, < 16 plots). This may be due to poor model fit
when the number of plots is small, as model performance is most
important in these inference methods (Gregoire, 1998). This finding is
consistent with those of a previous study conducted under relatively
similar conditions (40 ha of Pinus radiata plantation), in which the gain
in accuracy in the CMB approach using UAV-LiDAR and 30 field plots
(4.5 % field sampling intensity) was relatively small relative to that in
the EXP approach based on field data (Puliti et al., 2020). The study
authors (op.cit.) attributed the small difference to the relative homoge-
neous nature of the sample stand and relative larger sampling intensity
of field data. However, for a similar number of field plots in this work,
the error in the CMB approach was also smaller than in the EXP
approach. Therefore, both the field sampling intensity and the number
of field plots were important for reducing errors. Only linear regression
models with up to 3 explanatory variables were evaluated here, while
other studies have used other types of regression such as power
regression models (Guerra-Hernandez et al., 2022). Therefore, the
conclusions drawn from this case study should be considered with
caution, because, as previously mentioned, modelling is a fundamental
part of model-based inference. By contrast, the number of field plots
used to fit the models was more decisive when UAV-LiDAR data were
used as the only auxiliary information, since in the case of REG and
3pHMB inference approaches, errors were always lower than in EXP,
even for the lowest field sampling intensities. In addition, the first-stage
sample size was more important to increase precision in the REG
inference, as observed by McRoberts et al. (2024), who showed that the
error was reduced by approximately 16 % in biomass estimates by
increasing the first-stage intensity from 25 to 1000 plots. The accuracy
was similar to that obtained in the 3pHMB inference approach when SRS
was used, where the second phase (that of TLS data) was more decisive
in reducing errors. However, this effect was less pronounced than in the
REG approach. This finding is consistent with those of Saarela et al.
(2015a), who reported that in hierarchical model-assisted approaches
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involving wall-to-wall data sources, the ability to reduce errors by
increasing sampling intensity of the second phase (ALS LiDAR strips in
that case) was lower than in the REG approaches.

The use of the auxiliary information to improve the estimates
(probability-proportional-to-size sampling in that case) did not yield a
significant reduction in errors in most cases, unlike in Saarela et al.
(2015a). This may have been expected, as the area is small and too
homogeneous to show the true benefits of this approach. However, the
LPM proved to be useful for reducing errors when wall-to-wall UAV-
LiDAR auxiliary data were used. This was observed in CMB and with low
field data sampling intensities, where the LPM did yield a reduction in
errors. Nevertheless, estimates obtained with this approach were
slightly biased without showing asymptotic behaviour. This may be due
to overfitting issues, which can tend to produce biased estimated pop-
ulation means (Cosenza et al., 2024). The 3pHMB approach also yielded
slightly smaller errors when the LPM was applied, and these were very
similar regardless of the sampling intensity of the second phase. TLS is
therefore more competitive in terms of error reduction when SRS is
applied probably due to higher correlations between the response var-
iable V and auxiliary information as potential explanatory variables (e.g.
V.tls). The fitted models with TLS auxiliary data could thus have smaller
errors both within and outside the range of the explanatory variables (i.
e. providing more generalist predictions), leading to fewer errors in
predictions, as model performance was again the most important in
these inference approaches (Gregoire, 1998). Ground-based LiDAR
techniques therefore clearly have an advantage of over airborne LiDAR,
as traditional design-based sampling, which distributes sampling units
without support from remotely sensed information, would still work
reasonably well for small field samples. This also explains the very low
margin for reducing errors with a certain field data sample size large
enough to fit good models, because the model error contributes the same
to the total variance regardless of the size of the auxiliary data sample
(Saarela et al., 2015b).

In terms of relative efficiency (RE), all approaches using remotely
sensed data aimed to reduce the intensity of field sampling (usually the
most costly and time-consuming phase) at the expense of increasing the
intensity of remote sensing sampling (usually the least time-consuming
phase). This particularly applied to low field sampling intensities, as
currently used in FIs (Lister et al., 2020) and was especially notable in
the case of CMB, where small increases in field sampling intensity led to
large increases in RE until they plateaued slightly above 2. However, the
RE was not as high as in other studies, in which RE values of 2.5-8 were
reached (Ene et al., 2012; Nasset et al., 2013; Puliti et al., 2017).
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According to Puliti et al. (2020), the modest gains in RE probably reflect
the relatively homogenous nature of the study plot. Although the REG
and 3pHMB approaches already yielded higher RE with low sampling
intensities, it barely increased, but rather decreased as field sampling
intensity increased. This was more pronounced for small TLS sampling
intensities, and even more so for REG than for 3pHMB. Focusing on the
use of the LPM for sample selection, the RE improved slightly in those
cases using wall-to-wall UAV-LiDAR (CMB and 3pHMB). This finding
suggests that use of LPM can improve estimates when the auxiliary data
source belongs to UAV-LiDAR, as already demonstrated with ALS data
(Goodbody et al., 2023).

Although similar future studies may focus on replacing the field data
phase with data obtained by TLS multi-scan or MLS in order to reduce
tree occlusions issues (Bauwens et al., 2016; Liang et al., 2018), it was
demonstrated that the source of error associated with sampling would be
similar to or even higher than in the conventional EXP approach based
solely on field data. Nevertheless, other sources of error, such as biased
volume estimates produced by allometric models, may be reduced by
using TLS as demonstrated for biomass estimates (Stovall et al., 2023).
However, young trees are scarcely detected by ground-based technolo-
gies (Liang et al., 2018), thus producing biased estimates with the cur-
rent algorithms and devices (Abegg et al., 2023). The use of close-range
LiDAR devices as sources of auxiliary data can cope with this problem,
even allowing the estimation of attributes for very young stand stages,
hence improving forest management and planning overall. On the basis
of the findings, the present study therefore represents a step towards the
use of close-range LiDAR technologies in FIs at stand level, exploring for
the first time the use of ground-based technologies in an area-based
approach. Moreover, unlike other studies in which the entire popula-
tion is unknown or simulated, the entire reference population was
known in this study. This is important for application of the findings to
similar cases.

6. Conclusions

The inference approaches based on auxiliary information data usu-
ally reduced errors in V estimates below those based on a single source of
information (EXP approach), both for field data and TLS data. In this
regard, the novel use of TLS auxiliary data in the REG and 3pHMB
inference approaches improved the V estimates, leading to smaller
estimation errors. On the one hand, the CMB approach using UAV-
LiDAR data required a higher field sampling intensity to increase the
efficiency relative to EXP approaches. On the other hand, REG and
3pHMB inference approaches were more efficient than EXP approaches,
even at low field sampling intensities. All of these findings suggest that
close-range LiDAR devices show some potential as stand-level mea-
surement instruments, at least in terms of error reduction. However, the
findings cannot be generalized to populations that are very different

Appendix A. Appendix

Remote Sensing of Environment 325 (2025) 114773

from those considered in this case study. Transfer of these techniques to
realistic situations may play an important role in operationalizing the
use of close-range LiDAR devices in FIs, specifically ground-based de-
vices, which have been a recent addition to forest sampling. As has been
the case with other remote sensing methods, the next step should focus
on evaluating the universality of these methods both by replicating them
in other situations and by improving the methods applied.
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Table A.1
Variables obtained with FORTLS.
Variables Description
N.tls Stand density (N, trees ha™ 1.
G.tls Stand basal area (G, m? ha’l).
V.tls Stand timber volume (V, m® ha™1).
V.com Stand timber volume up to a limiting diameter (V,, m® ha™!).
h.com.tls Stand length of logs up to a limiting diameter (h., m ha™').

N.hn*, N.hr*, N.hn.cov*, N.hr.cov*, G.hn*, G.hr*, G.hn.cov*, G.hr.cov*,
V.hn*, V.hr*, V.hn.cov*, V.hr.cov**

12

N, G and V with occlusion corrections based on distance sampling methodologies. In the case of V. and h,
the “.com” ending will be added (e.g. V.com.hn).

(continued on next page)
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Table A.1 (continued)

Remote Sensing of Environment 325 (2025) 114773

Variables

Description

N.sh*, G.sh*, V.sh*

N.pam**, G.pam**, V.pam**

d.tls, dg.tls, dgeom.tls, dharm.tls

h.tls, hg.tls, hgeom.tls, hharm.tls
d.0.tls, dg.0.tls, dgeom.0.tls, dharm.0.tls

h.0.tls, hg.0.tls, hgeom.0.tls, hharm.0.tls

N, G and V with correction of the shadowing effect. In the case of V and h,, the “.com” ending will be
added (e.g. V.com.sh).

N, G and V with occlusion correction based on a Poisson attenuation model. In the case of V, and h,, the “.
com” ending will be added (e.g. V.com.pam).

Stand mean dbh (cm), using arithmetic @, quadratic (d,), geometric, and harmonic means, respectively.
Stand mean height (h, m), using arithmetic, quadratic, geometric, and harmonic means, respectively.
Stand dominant mean dbh(Dy, cm), using arithmetic, quadratic, geometric, and harmonic means,
respectively.

Stand dominant mean h (Hyp, m), using arithmetic, quadratic, geometric, and harmonic means,
respectively.

" Variables only estimated for circular fixed area and k-tree plot design.
" Variables only estimated for angle-count plot design.

Table A.2

Metrics obtained with FORTLS.

Metrics Description

n.pts, Number of points and estimated number of points corresponding to normal sections slices (1.3 & 0.05 m) of trees in the original point cloud (n.pts
n.pts.est, and n.pts.est, respectively); and number of points and estimated number of points corresponding to normal sections slices of trees in the reduced
n.pts.red, point cloud (n.pts.red and n.pts.red.est, respectively).
n.pts.red.est

P01, ..., P99 Percentiles (m) of height (z coordinate) distribution.

mean.arit.z/rho/r,
mean.qua.z/rho/r,
mean.geom.z/rho/r,
mean.harm.z/rho/r,
median.z/rho/r,
mode.z/rho/r
var.z/rho/r,
sd.z/rho/r,
cv.z/rho/r,
d.z/rho/r,
id.z/rho/r, max.z/rho/r, min.
z/tho/r
skewness.z/rho/r,
kurtosis.z/rho/r
L2.z/rho/r,
L3.z/rho/r,
L4.z/rho/r,
L.skewness.z/rho/r,
L.kurtosis.z/rho/r,
L.CV.z/rho/r
median.a.dz/rho/r,
mode.a.d.z/rho/r
p.a.mean.z/rho/r,
p.a.mode.z/rho/r,
p.a2m
p.b.mean.z/rho/r,
p.b.mode.z/rho/r,
p-b2m
weibull.b.z/rho/r, weibull.c.z/
rho/r
CRR.z/rho/r

Central tendency statistics of the coordinates z, p (rho, horizontal distance) and r (radial distance or Euclidean distance to TLS): arithmetic,
quadratic, geometric and harmonic means; median; and mode, respectively.

Dispersion statistics of the coordinates z, p and r: variance, standard deviation, coefficient of variation, range, interquartile range, maximum, and
minimum, respectively.

Coefficients of skewness and kurtosis of the distribution of z, p and r coordinates, respectively.

L-moments of order 2 (42), 3 (A3) and 4 (14) of the of z, p and r coordinates, respectively. L-moments ratios of order 2 (z, L-CV, coefficient of L-
variation = A3/41), 3 (73, L-skewness = 13/42) and 4 (4, L-kurtosis = 14/42) of the of z, p and r coordinates, respectively.

Median of the absolute deviations from the overall median; and mode of the absolute deviations from the overall mode, respectively.

Percentage of points above arithmetic mean, mode (coordinates z, p and r) and 2 m (z).

Percentage of points below arithmetic mean, mode (coordinates z, p and r) and 2 m (z).

Scale and shape parameters, respectively, for Weibull distribution fitted for the coordinates z, p and r.

Canopy relief ratio (arithmetic mean / maximum) for the coordinates z, p and r.

Table A.3

UAV-LiDAR metrics extracted by plot*.

Metrics

Description

zmax, zmean, zmin
zsd, zcv, zskew, zkurt, zentropy

Zqx

pzabovemean, pzabove2, pzabove5

Zigr
zMADmean, zZMADmedian

CRR

VCI
zpcumy

L1, L2, L3, L4, Lskew, Lkurt. Lev

Maximum, mean and minimum height.

Standard deviation, coefficient of variation, skewness, kurtosis, and entropy of height distributions.
Xth percentile (1, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65, 70, 75, 80, 85, 90, 95, 99) of height
distribution.

Percentage of returns above the mean height, 2 m and 5 m.

Interquartile distance.

Mean absolute deviation from the mean and the median height.

. . (2zmean — zmin
Canopy relief ratio | ————— |.
zmax — gmin

Vertical complexity index (van Ewijk et al., 2011).
Cumulative percentage of return in the Xth layer (1 to 9) with f(z) the probability distribution of heights.
L-moments, skewness, kurtosis and coefficient of variation of L-moment.

(continued on next page)
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Table A.3 (continued)

Metrics Description

LAIL Leaf area index.

LAD_max, LAD_mean, LAD_min, LAD_cv Leaf area density maximum, mean, minimum and coefficient of variation.

pz_below_0, pz_ 0.0.15, pz_0.15.2, pz_ 2.5, pz_5.10, pz_10.20, pz_20.30, Interval metrics - proportion of returns between specified elevation intervals. Default intervals are 0, 0.15,
pz_above_30 2, 5,10, 20 and 30.

OpenGapSpace, ClosedGapSpace, Euphotic, Oligophotic Canopy volume classes (Lefsky et al., 1999).

pFirst, pIntermediate, pLast, pSingle, pMultiple Percentage of returns by echo types (First, Intermediate, Last, and Single, Multiple).

* Adapted from (McGaughey, 2019; Tompalski and Goodbody, 2021).

Volume (V, m3/ha) provided by user

Circular fixed area plot

0.8

e
N

Pearson correlation

0.6

2 3 4 5 6 7 8 9 10
Radius (m)

Fig. A.1. Line graph showing the correlations between V and V.tls (brown line) and V and percentile 95 (grey line), derived from simulated TLS and field plots, for
circular fixed are plot design according to regular 0.1 m increments in radius. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)
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Fig. A.2. Convergence of the estimated standard error over 10,000 simulations per sample size. EXP (TLS) refers to the V.tls variable (see Table A.1).
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Fig. A.3. Mean volume estimates (i) obtained on the basis of 10,000 simulations per field sampling intensity and inference approach. In the case of inference
approaches including TLS samples (REG and 3pHMB), 3 sampling intensities were considered (25 %, 50 %, 75 %). This figure shows cases in which 1st and 2nd phase
samples were selected by simple random sampling (SRS).
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Fig. A.4. Mean volume estimates (i) obtained in the EXP approach on the basis of 10,000 simulations per field sampling intensity and different V estimates, such as
i based on field data (a, b, ¢ and d); # based on TLS data (V.tls, a); # based on TLS data correcting the shadowing effect (V.sh, b); z based on TLS data implementing
distance sampling methods using the half-normal function (V.hn and V.hn.cov, ¢); and i based on TLS data implementing distance sampling methods using the

hazard-rate function (V.hr and V.hr.cov, d).
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