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Sensitivity of voxel-based estimations of Leaf Area Density with Terrestrial LIDAR to vegetation
structure and sampling limitations: a simulation experiment
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"'UR 629 Ecologie des Foréts Méditerranéennes (URFM), INRAe, 84914 Avignon, France
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Abstract

The need for fine scale description of vegetation structure is increasing as Leaf Area Density
(LAD, m*m?®) becomes a critical parameter to understand ecosystem functioning and energy
and mass fluxes in heterogeneous ecosystems. Terrestrial Laser Scanning (TLS) has shown
great potential for retrieving the foliage area at stand, plant or voxel scales. Several sources of
measurement errors have been identified and corrected over the past years. However,
measurements remain sensitive to several factors, including, 1) voxel size and vegetation
structure within voxels, 2) heterogeneity in sampling from TLS instrument (occlusion and
shooting pattern), the consequences of which have been seldom analyzed at the scale of forest
plots. In the present paper, we aimed at disentangling biases and errors in plot-scale
measurements of LAD with TLS in a simulated vegetation scene. Two negative biases were
formerly attributed to (1) the unsampled voxels and to (ii) the subgrid vegetation heterogeneity
(i.e. clumping effect), and then quantified, thanks to a the simulation experiment providing
known LAD references at voxel scale, vegetation manipulations and unbiased point
estimators. We used confidence intervals to evaluate voxel-scale measurement accuracy.

We found that the unsampled voxel effect (i) led to underestimations with the “mean layer”
method —commonly used to fill unsampled voxels- for small voxels (0.1-0.2 m) and/or low
number of scans (<4). It was explained by the spatial correlations in vegetation, which
induced that dense voxels were more often occluded by dense neighbors than light voxels.

The distribution of the bias was heterogeneous in canopy, the bias being stronger at mid
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canopy where occlusion started, but smaller in highly-occluded upper layers. This somehow
counterintuitive result was explained by a more random sampling of upper layers, but could
highly depend on vegetation structure.

The subgrid vegetation heterogeneity effect (ii) was confirmed to increase with voxel size,
yet, the magnitude of this bias -quantified with vegetation manipulation- was found to be
more homogeneously-distributed than the unsampled voxel effect.

Overall, we found that no scenario was unbiased. However, an intermediate voxel size (0.5m)
was the best option, because the relatively homogeneous subgrid effect could be handled with
a single correction factor and voxel-scale measurements errors were reasonable. On the
contrary, smaller voxels led to poor voxel-scale measurements and variable biases in
magnitude and spatial distribution with sampling design. However, more similar research in

other context is required to adapt these conclusions to other forest plots.

Keywords: Terrestrial LIDAR; Leaf Area Density (LAD); LAI; Occlusion; Voxel
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1. Introduction

The tridimensional distribution of vegetation in forest ecosystems constitutes a complex
surface of exchange between canopies, ground and atmosphere, driving mass and energy fluxes
(Norman and Campbell, 1989). Characterizing its structure is key for monitoring health and carbon
storage of forests, but also for understanding and modelling tree ecophysiological processes. This
amount of vegetation can be described by the Leaf Area Density (LAD) distribution, i.e. the total leaf
area per unit of volume (Weiss et al., 2004). In the past decade, LiDAR technologies have been used
for measuring LAD at various scales. Airborne LiDAR can provide canopy profile estimates at coarse
grains and over large areas, which is very useful for forests monitoring, but estimates can hardly be
evaluated against ground references (Kamoske et al., 2019; Stark et al., 2012). Meanwhile, Terrestrial
laser scanning (TLS) has been used successfully for local measuring, such as the total leaf area of
individual trees (Béland et al., 2011; Hosoi et al., 2010; Hu et al., 2018) and the LAD profiles at plot
scale (Pimont et al., 2016; Schneider et al., 2019). The detailed 3D point clouds provided by TLS can
closely describe the scene in three dimensions, the density of points being related to the presence of
vegetation (Durrieu et al., 2008). LAD or PAD (Plant Area Density, i.e. vegetation area density,
indiscriminate between leaf and wood material) has been estimated from a variety of methods based
on the similar theoretical background related to the attenuation of light in uniform medium. Typically,
most commonly used methods are inherited from Leaf Area Index measurements, and are based on the
Beer’s law theory (Yan et al., 2019), i.e. the exponential attenuation of the transmittance along the
path of the beam, which readily relates the gap fraction and the attenuation coefficient of the medium.
Path length distribution models fully exploit the 3D information contained in point clouds by
accounting for the path length of beam within canopy before its interception, which has been shown to
provide better estimates (Yan et al., 2019), whether integrated to Beer’s law approaches (Zhao et al.,
2015) or directly arising from contact frequency method (Béland et al., 2011; Pimont et al., 2019,
2018). LAD estimates can be retrieved either for a given layer in order to yield LAD profiles (Hosoi
and Omasa, 2006; Zhao et al., 2015) or directly within each voxel (Béland et al., 2011; Soma et al.,

2018). Measuring LAD at voxel scale is particularly relevant for optical measurements in non-uniform
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canopies context because it allows to discriminate gaps and within crown volumes, thus limiting
clumping effect (Yan et al., 2019). Pimont et al. (2018) provided a detailed comparison of voxel-based
methods for the estimation of the attenuation coefficient within a single voxel, which is linearly
related to LAD/PAD. They introduced a more straightforward approach based on Maximum
Likelihood Estimation (MLE) and suggested corrections when the beam number was low and the
vegetation element size was not very small with respect to voxel size, resulting in an unbiased
estimator. In general, most theoretical estimates compare reasonably well with reference
measurements (Bailey and Mahaffee, 2017; Béland et al., 2011; Hu et al., 2018; Pimont et al., 2016;
Soma et al., 2018). However, TLS-based estimations are also affected by several biases, arising both
from inversion method and instrument limitations (Yan et al., 2019).

With the voxel-based approach, LiDAR estimates of LAD/PAD generally decrease with voxel
size (Bailey and Mahaffee, 2017; Béland et al., 2014a; Soma et al., 2018). Although the effect of voxel
size has been repeatedly observed (Cifuentes et al., 2014; Huang and Pretzsch, 2010; Li et al., 2016) ,
few studies conducted a complete analysis of this effect (Béland et al., 2014a; Grau et al., 2017). Such
an effect has been attributed to vegetation clumping, which induces the presence of heterogeneities in
the vegetation structure inside the voxel, referred to as subgrid vegetation heterogeneity. The choice of
too large voxels regarding vegetation structure hampers a proper discretization of gaps and clumps,
leading to a negative bias in estimates as a consequence of Jensen inequality (Ruel and Ayres, 1999).
Additionally, for some instruments, some critical overestimations of LAD occur as distance from
scanner increases. This bias has been attributed to the increase in effective footprint of the beam
associated with beam divergence (Soma et al. 2018). Both effects can be accounted for through an
adequate modelling of the LiDAR signal (Béland et al., 2014b, 2011) or simple calibration
coefficients (Soma et al. 2018). Such calibrations have been included in the unbiased estimator
approach presented in Pimont et al. (2019), in a new formulation of the estimation of the LAD, which
also includes a rigorous incorporation of the wood element volume and multiview LiDAR data
(Pimont et al. 2019).

Another important TLS drawback at plot scale, is the spatial variation in sampling quality

within point clouds (Schneider et al., 2019; Wilkes et al., 2017). Indeed, the geometry of the shooting
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pattern of most TLS instruments (such as FARO 130X) has a fixed angular step resolution. Hence, the
beam density decreases with distance to scanner. The second source of variation in beam sampling is
vegetation occlusion: when a beam is fully intercepted (single hit for monoecho TLS or the last return
in case of multiecho TLS), it cannot explore beyond the intercepting voxel. This implies that fewer
beams remain when vegetation is present between the scanner and the voxel of interest. Both geometry
and occlusion contribute to the occurrence of unsampled voxels, where no information or limited
information is available. Since the reliability of LAD estimation within a given voxel strongly depends
on the number of beams exploring each voxel (Pimont et al., 2018), random errors in individual voxels
are very large when beam number is low. Some point estimators are theoretically unbiased (Pimont et
al., 2019, 2018), so that one could expect that the random errors will cancel when averaged over a
large number of voxels, e.g. when vertical profiles are computed.

This assumption, however, might not be correct in the field because of the presence of
unsampled voxels in the context of heterogeneous canopy. Indeed, one could expect that unsampled
voxels would mostly be located in dense vegetation spots, where occlusion is the strongest. At plot
scale, this could result in a sampling bias, leading to a potential underestimation of the mean LAD.
Typically, the most commonly used methods for correcting for occlusion relies on the mean estimate
in layers, i.e. on estimates within explored areas, which might not be representative of occluded areas
in clumped vegetation context. To date, few studies have conducted an analysis of occlusion
distribution, magnitude and mechanisms at tree (Béland et al., 2011; Yun et al., 2019) or plot scale
(Morsdorf et al., 2018; Schneider et al., 2019). Moreover, these studies did not formally disentangle
the relative contributions of unsampled voxels from subgrid vegetation heterogeneity, since both vary
with voxel size. Also, most previous studies carried out at tree or forest-plot scales relied on point
estimates with theoretical biases, which complicates the analysis of biases at tree or plot scales.

To improve sampling quality, a widespread practice during data acquisition is to acquire
multiple scans across the scene in order to increase both absolute number of beams and variety of
viewpoints (Coté et al., 2011; Wilkes et al., 2017). Moreover, the number of scans used in the field
and the scanner resolution are generally limited given technical constraints, such as time to proceed or

storage capability (Wilkes et al., 2017). This implies some constraints on voxel size used for
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estimations, since the fraction of non-explored voxels strongly rises as voxel size decreases (Béland et
al., 2014a). Scanning design and post-processing recommendations accounting for these sampling
limitations are generally dedicated to applications such as detection of stems or measurement of tree
geometrical features (e.g. diameter) (Gollob et al., 2019; Wilkes et al., 2017), but recommendations
for description of canopies features are still rare at plot scale (Schneider et al., 2019).

Improving our understanding of the impacts of both heterogeneity effect and occlusion relying
on actual data is very challenging because of the lack of accuracy in references, particularly in dense
and complex canopy structure, while the estimation of leaf projection factor or leaf fraction are
additional sources of errors. In this difficult context, a simulation framework is mandatory to provide a
perfectly controlled environment to test various configurations and methods of estimations and
disentangle multiple sources of biases (Morsdorf et al., 2018; Yan et al., 2019), as done in Grau et al.,
(2017). In the present study, we rely on numerical experiments to analyze the sensitivity of LAD
estimations to biases arising from (1) vegetation heterogeneity and (2) heterogeneity of the sampling
quality at plot scale, which depends on both vegetation structure at canopy scale and sampling design.
We performed these simulations with unbiased point estimators in the framework of a Mediterranean
canopy sampled with a single echo terrestrial LiDAR. Here, we expect to disentangle and better
understand the mechanisms affecting estimations in the field, to analyze their magnitude and how they
distribute in forest plots, in order to finally derive recommendations on sampling design and selection

of appropriate voxel sizes.

2. Numerical experiments
2.1. Overview

The aim of the numerical experiments was to disentangle biases, errors and limitations arising
from voxel size and number of scans for the estimation of LAD in heterogeneous vegetation. For this,
we first generated a high resolution reference LAD field that had to meet the following requirements:
(1) it had to be as representative as possible of natural vegetation, with dense clumps (corresponding to
tree crowns) surrounded by empty locations (ii) it should be realistic for a forest plot, in terms of both

LAI and LAD profile, as occlusion patterns are highly sensitive to vegetation attenuation coefficient.
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Generation of the LAD reference field (LADrger) is described in section 2.2. This field had a resolution
of 0.1 m. An additional smoother reference fields of the same vegetation scene (LADgggsos) Was
generated by coarsening the resolution to 0.5 m.

Then, we simulated point clouds that would have been produced by a LiDAR scanning on
vegetation corresponding to reference LAD fields under different configurations (number and position
of scans). Following Soma et al. (2018) and Pimont et al. (2019), the effective attenuation coefficient

Aefr in a given voxel, which is the rate at which beam density is attenuated by vegetation from a given

scan position, relates to LADggr as follows:

G
eff = ﬁLADREF (D

A

where G is the leaf projection function, F is the leaf fraction and H is a calibration function
which accounts for both voxel size and distance to scanner. To simulate the influence of these factors
on LAD estimation, we computed the distribution of effective attenuation coefficient (4, 7r) for each
scan position, which corresponds to the perception of LADger by the instrument. In order to remain
representative of typical field conditions, a maximum of 5 scans was performed in a 10 m X 10 m
virtual scene. Then for each scan position, the traversal algorithm was applied to the A.¢¢-3D field to
simulate the perceived point clouds, following parameters arising from vegetation and scanner
properties (Eq. 1). The details of the point cloud simulations are presented in section 2.3.

Finally, LAD estimates were retrieved from these point clouds with different voxel sizes using a
traversal algorithm and calibrations provided by field experiments (Soma et al., 2018). The
information from multiple scans was combined using the formulation of Pimont et al., (2019) (section

2.4). The last section 2.5 describes how we analyzed bias and errors in these estimations. A workflow

diagram picturing the methodology used in this work is available in Figure 1.
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2.2. Vegetation scene

A 3D virtual vegetation scene described from voxelized LADger values was generated from a
clumped spatial distribution simulated with RandomFields R package (Schlather et al., 2015) in a grid
with 0.1 m resolution. The mean clump size, representative of tree crown diameter, was 4 m. This
virtual scene was cubic with an extent of 10 m in each grid dimension. The canopy height was thus
h=10 m. The voxel size was set to 0.1 m.

The vegetation scene included a realistic vertical profile, with little vegetation below 3 m, an
increase to a maximum of LAD values at 7 m, and a decrease until top canopy (see Appendix A). This
scene also included random occurrences of 1 m extent local decreases in LAD, with gaps (LAD equals
to zero) in 30% of the voxels. This resulted in a vegetation scene with a 70% cover fraction with
spatial aggregates corresponding to plant clumps (Figure 2). Such gap distribution was built to
analyze the effect of intermediate scale heterogeneity in tree crowns (see spatial correlation in
Appendix B). The LAI of the virtual scene was about 3.8, which corresponds to a mean LAD of 0.38
m' (the scene vertical extent was 10 m). Maximal LAD values reached 3.8 m"'. These vegetation
properties match the field measurements of a long-term experimental site characteristic of
Mediterranean ecosystems (Simioni et al., 2016). The same scene was formerly used in Soma et al.
2020, to evaluate the effect of a kriging method for unsampled voxels (Soma et al. 2020).

A leaf projection function was implemented to complete vegetation properties following:
G(@6,z) = % + 0.4%cos(26‘) (2)
where 0 is the angle between the beams and the vertical and ranges between 0 and . According to
this setting leaves are planophile near the canopy top (z = h), with G=0.9 for vertical beams (6 = 0
or 8 = m) and 0.1 for horizontal beams (6 = %), and random near the ground (z = 0), with G=0.5.

At last, leaf fraction was parameterized to account for fine woody material and leaf association

along vertical axis following:

F(z) = (01+08 %)2 3)

Leaf fraction was hence 0.9 at canopy top (z = h) and 0.1 near the ground (z = 0).
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Figure 2. Reference horizontal distributions of LADggr at 4 different heights. Heights (H) of the
mapped layer and associated vegetation cover fractions are indicated in titles. Colors are scaled on
LADggr values from low to high densities (blue to yellow, respectively). A three dimensional view is

available in Appendix C.

2.3.  Simulation of a virtual point cloud corresponding to LADggr field

Simulation of virtual point clouds were based on turbid media assumption, which states that the
probability of a beam to be intercepted increases exponentially with the optical depth (product of
attenuation coefficient and distance travelled). The locations in which individual laser beams are

intercepted are thus generated from the simulation of free paths (distance travelled before interception)
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from random numbers following probabilistic laws which account for vegetation density, as done for
example in Pimont et al. (2018) within a single voxel. Here the approach is generalized to a
heterogeneous scene, corresponding to an idealized forest plot with a spatially-correlated LAD field.
The process is iterated in the different voxels travelled along the beam pass, for all beams according to

the shooting pattern of the instrument representative of TLS field sampling of a forest plots.

2.3.1 Effective attenuation coefficient A,y j corresponding to a given scan j

The reference vegetation scene is the voxelized LADger distribution described above. For
simplicity, we assume that the size of vegetation elements (Beer law’s approximation) and the volume
of voxel occupied by wood elements are negligible. This allows simple framework adequate for
testing sampling effect at stand-scale, but both factors can be rigorously accounted for, as shown in
Pimont et al. (2019). As detailed above (Eq. 1), the reference attenuation coefficient A, 7r,j related to
LADger for a given scan j depends on leaf projection, leaf fraction, vegetation heterogeneity and
scanner properties. Yet, the probability of interception of laser beams depends exclusively on A ;,
not directly on LADger. To proceed to a realistic point cloud simulation and account for various
distances between voxels and scan positions, the A¢ff ; has to be computed at each voxel for each
viewpoint j according to Eq. 1.

Let (xj,yj,zj) be the coordinates of the scanner corresponding to scan j and (x,y,z) the
coordinates of the center of a voxel in the vegetation scene. Following Eq.1 and according to the

vegetation definition above, the effective attenuation coefficient for both leaf and wood for scan j is:

Gi(x,y,2)

_ 4
FH (x,7,2) @

/‘leff,j(xry' Z) = LADTef(xry' Z)
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A beam emitted from the scanner that would go in the direction of this point has the following

projection function G (since cos(268) = cos(8)? — sin(8)?):

E(Z ~ Zj)z —(x- xj)z (- yj)z
ges xj)z +(v- yj)z +(z— Zj)z

1
Gi(x,y,2) = o+ 0.4 &)

We assumed that the distance effect (caused by an increase in effective footprint of the scanner, as

identified in Soma et al. 2018)) have the following effect on the attenuation coefficient:

Hi(x,y,z) =1— 0.0S\/(x — xj)2 + (y — y]-)z + (Z — zj)2 (6)

which expresses that vegetation area is overestimated by a factor 2 at a distance of 10 m to the scanner
(H;=0.5). The reference LADggp field used to compute A.ff ; in presented in Figure 2. at 0.10 m

discretization level (see section 4.5 for details).

2.3.2 Point cloud simulations

From the effective attenuation coefficient distribution (Eq. 15), we can simulate a virtual point
cloud based on free path distribution simulations, as explained below. We assumed that function in
(Eq. 15) can be discretized in a 3D computational grid (d.5f; assumed to be constant within a
computation cell, its value being equals to (Eq. 17) with (x,y,z) from cell center coordinate) with
vegetation elements much smaller than grid size (turbid medium assumption).
Five scans were simulated. For each scan configuration, scans positions were placed with respect to
optimal scene sampling coverage, similarly as field experiment would be, with the potential exception
of absence of dense vegetation under 3m. All scans were placed at 1 m from the ground. 4 scans were
placed close to each corner of the plot and one scan at the center:

(x1,¥1,21) = (7.5,7.5,1) ; (x3,¥2,2,) = (7.5,2.5,1) ; (x3,¥3,23) = (2.5,2.5,1) ;
(X4, Y4, 24) = (2.5,7.5,1); (x5,¥5,25) = (5,5,1) .

12
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We also parameterized their shooting pattern as follows. Their angular resolution was 0.05° over the
horizontal (ranging from O to 180°) and the vertical (ranging from O to 360°), so that each scan
contains 66 million beams, which is typical of the resolution used in the field (e.g. Pimont et al. 2015).
For each beam, we simulated its eventual hit position as follows: First, optical path (i.e. initial
potential to pass through vegetation) of each beam was randomly simulated according to Beer-

Lambert law (assuming infinitely small elements):

| = —log(p) (7)

with p a random number between ]0;1[ (i.e. initial random chance to be intercepted by vegetation).

We then computed the trajectory of this beam within the computation grid, from its initial position at
scanner location, by computing the “amount” of optical path required to cross the next voxel. This
amount was calculated by multiplying the effective attenuation coefficient of this voxel by the length
of the segment corresponding to the intersection of the beam and the voxel. When the residual optical
path of the beam was shorter than this amount, a hit occurred within this voxel at a location
corresponding to this residual optical path. On the contrary, when the remaining optical path was
greater than this amount, it means that the beam travelled farther than the voxel. The process was
recursively applied to the next voxel, the “new” residual optical path corresponding to the remaining
of the previous one. The process ends in case of hit or when a beam reached the bounding box of the
computational grid. In this later case, the beam was never intercepted in the computational grid, thus
corresponding to a beam with no hit. This process is similar to the one used by (Pimont et al., 2009) to
simulate photons trajectories to compute the radiative transfer from a flame through a voxelized

heterogeneous vegetation scene with a MonteCarlo approach.

This process was repeated for each scan position. Hence, five virtual point clouds were

simulated in accordance with A,¢f ;, which accounts for both vegetation and instrument properties.
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2.4.  Computation of LAD estimates for simulated point clouds including unsampled voxels

For each viewpoint j, we used a traversal algorithm developed under Matlab software (The
MathWorks, Inc., Natick, MA, USA). For each scan, intersections between each beam (i.e. line
between hit and scan position) and the voxel grid were computed in order to retrieve the following

metrics in each voxel: Ni; the number of hits in the voxel, ¥, z j the sum of free paths, A ; the sum

of free paths corresponding to hits only.

/"
= N
// z _—"
’,’/ CA2
-
- —
Scan A ’,:’__,- _Az A‘ '9?0
PR R i €aZy
AE=SC- - —-—-—— === ﬂ‘ ‘\"
Tmo-- Gz SleeCez| Nl
ey = _;
CBZB‘ — Scan B
4_—

Figure 3. Scheme of the information provided by the traversal algorithm which is used to compute the
unbiased estimator of LAD from multiview data from Scan A (in blue) and Scan B (in red): leaf hits
(blue and red dots) and free paths (distances z travelled by the beams, blue and red lines) in the voxel.
The dotted lines represent pulse trajectories. c4 and cp represent the correcting factors for viewpoints A

and B, which depend on distance to scanner and view angle (see Pimont et al., 2019 for details).

From these quantities, we can define in each voxel the following “multi scan” quantities, using known
values of G, H and F:

- Ni = }; Ni; the total number of hits
G Gj . e .
- —z=Y.:-2LY z. the total free path sum, with multiplicative correction factors.
H JH,4%j p p
J

G G; s ) e )
Yhits HZ= Y H—j _ Yhit z; the total “hit” free path sum, with multiplicative correction factors.
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Following Pimont et al. (2019, Eq. 13), we used the following unbiased point estimator of LAD,

provided that N was larger than 2:

G
F i Lhits 2
z j————

LAD = C
ZHZ ZﬁZ

®)

G
. . ZhitgZ . .. . . . .
In this formulation, ==z~ is a biais correction term ranging between 0 and 1, so that the estimator is
oz
H

simply % when Ni is large, which corresponds to the Maximum Likelihood Estimator (Pimont et al.
—Z
H

2018). This formulation also accounts for leaf orientation, wood and instrument specifications (Pimont
et al. 2019). This estimator generalizes the Modified Contact Frequency proposed by Béland et al.
(2011) with the bias correction term to account for low sampling, leading to an unbiased point
estimator provided that more than 2 beams are available (Pimont et al. 2018). The voxels with N
smaller or equal to 1 were considered as unsampled, because no unbiased estimator has been
suggested for N=1 (Pimont et al. 2019). Indeed, Eq. 8 leads to estimates of 0 when N=1, even when
Ni=1, which is obviously negatively biased. As a result, voxels with N lower than 2 were considered
as unsampled. For unsampled voxels, we used the “mean layer value” to estimate LAD, which was
computed from the mean of LAD (computed for N larger or equal than 2). This method for dealing
with unsampled voxels is the most widely used (Béland et al., 2014b; Schneider et al., 2019).

We also computed the radius of the 68% confidence interval for LAD, which can be estimated by

(Pimont et al. 2019):

s G,
] Y iid g P
G 2
. Lz )

FNi +%z%z(1 +%)

with N = }; N; the total number of beams entering a voxel.

2.5. Analysis of estimations
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Table 1. Description of the different simulations. They differ both in the reference vegetation field
used to generate the virtual point cloud (ray-tracing algorithm) and in the voxel size used for the

estimation process.

Reference vegetation
used to generate the Voxel size used for o
virtual point cloud estimation Estimations
(scale in m)

LADggr (0.1 m) 0.1 m LAD, 4
LADggp (0.1 m) 0.2 m LAD,,
LADggr (0.1 m) 0.5m LAD, s
LADggp (0.1 m) 1.0 m LAD,

LADggr 50,5 (0.5 m) 0.5m ZEﬁso.s

LADgpgr corresponds to the reference vegetation field defined at 0.1 m resolution.
LADpEr 505 corresponds to a manipulation of LADggp, which was smoothed at 0.5 m. As the scale of
heterogeneity in these different reference fields differ, the subsequent virtual point clouds are also

different.

2.5.1 Exploring bias arising from vegetation heterogeneity
It has been suggested that ignoring clumping effect within voxel could lead to strong LAD
underestimation (Béland et al., 2014a; Soma et al., 2018). This bias depends on voxel size, large
voxels being more prone to aggregate gaps and clumps within voxel volume. In the present study, we
analysed the effect of voxel size by comparing estimates obtained with voxel sizes ranging from 0.10
m to 1 m to reference values (section 5.4). This analysis relied on mean estimated vertical profiles
(i.e. estimates were averaged by height layers). For each voxel size, the correction factor required to
match reference value was derived at all heights. One of the drawback of a basic sensitivity analysis to
voxel size is that it does not disentangle the effects of vegetation heterogeneity (i.e. Jensen’s
inequality) and sampling limitations (i.e. more or less beams exploring voxels). In order to minimize
the role of sampling limitations in the voxel size analysis, we only used estimations derived from the
maximum sampling level, i.e. 5 scans design. To unravel the effect of subgrid vegetation

heterogeneity, LAD estimations with 0.5 m voxels were performed both on original LADpgr and on
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LADgEr so.5- By definition, LADggr 505 field was manipulated (smoothing) so that it does not include
any vegetation heterogeneity below 0.5 m. This result is presented in section 3.3. Then the magnitude
of vegetation heterogeneity effect is characterized in section 3.4 by comparing LAD estimations
retrieved with tested voxel sizes on vegetation resolved at 0.1 m scale (i.e. LADgy; to LAD;,

compared to LADggp).

2.5.2 Consequences of sampling limitations

To provide insights regarding limitation associated with sampling in this context, we evaluated the
sensitivity of estimates to the number of scans (different scan designs, from a single viewpoint to 5
scans) in sections 3.4. and 3.5. The single scan configuration used the scanner in central position, the
two scans configuration used opposite diagonal design (top left to bottom right), the three scans
configuration used full diagonal design and the four scans configuration used corners positions and
five scan design used all positions.

Additionally, in order to perform a cross analysis between voxel size and number of scans, each
scan configuration was used at both 0.10 m and 0.5 m voxel sizes. To disentangle the effect of
sampling from the effect of vegetation heterogeneity (see 2.5.1), we used LADggr 505 field for LAD
estimations with 0.5 m voxel (i.e. LADg s), similarly to section 2.5.1. Therefore, differences between
estimates in section 3.5 cannot be attributed to a potential effect of vegetation heterogeneity effect, but
only to sampling. Analyses of estimated vertical profiles were performed similarly to analysis of voxel
size bias. For the computation of the vertical profile, we remind that the unsampled voxels were
estimated by the “mean layer value”. One should notice that in practice, LAD profiles computed from
all voxels (including unsampled voxels estimated with the “mean layer method”) provide identical

profiles to those computed with means based on sampled voxels only.

All configurations were tested against references. Evaluations were performed through the comparison
of mean layer LAD profile and mean absolute error (MAE). For a given set of voxels or layer i, MAE

was computed according to:
(10)
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Additionally, we analyzed the distribution of 68%-confidence interval radius (Eq. 9) to evaluate

efficiency of local estimates for various scans and voxel sizes configurations.

3.

Results

3.1.

Overview of LAD patterns estimation

H=3m

m East

10 H=: i 3
8
ﬁ 6
(=]
Z
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Figure 4. Estimated horizontal distribution of LAD,, ; at four heights. Heights (H) of the mapped layer

and associated vegetation covers are indicated in titles. Colors are scaled on LAD values from low to

high densities (blue to yellow, respectively). These distributions can directly be compared to subplots
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in Fig. 1 (LADggr). Here, the traversal algorithm was applied to the five scans at a 0.10 m voxel size.

Blank pixels are unexplored voxels, which reveal occluded locations in the upper part of the canopy.

Figure 4 shows horizontal distributions of LAD estimations at four heights above ground
level, providing insights on the 3D distribution of LAD, ; at plot scale. Comparison with the same
plots shown for LADggr in Figure 2 allowed to identify main discrepancies with the reference field. At
low height (H=3 m), estimates were very close to the reference for all voxels. From 5 m height and
above, the general structure and variability in the LAD distribution was captured, but a few
discrepancies can be identified. In particular, horizontal variations in LAD, ; were less smooth than the
reference, with inaccuracy resulting from poor sampling. Typically, local differences were identified,
mostly visible in dense clumps and a few voxels that were not sampled (in white). At 6 m height, some
large blocks of unexplored voxels occurred, most of them being located in dense locations (LAD
higher than 2 m™). In upper canopy (H=9 m), large errors occurred (higher than 100%) and unexplored
voxels were very frequent (~30% of voxels). These unexplored locations were typically structured in
large blocks (until 4-m width), covering both dense and light vegetation density.

The following sections provide quantitative analyses of estimations under various configurations.
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3.2.  Influence of unsampled voxels (mean layer estimates)
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Figure 5. Comparison of LAD profiles at 0.1 m voxel size with 5 scans. A) Comparison of LADggp
profiles for all voxels (blue curve), sampled voxels (N>2, blue dots) and unsampled voxels (N<2 (blue
diamonds). B) Comparison of LADggr and LAD, ; from sampled voxels (N>2, blue and yellow dots,
respectively). C) Comparison of LADggr and LADy, from unsampled (N<2, blue and yellow dots,
respectively). D) Comparison of LADggr and LAD, ; profiles with all voxels (blue and red yellow,

respectively).

In this section, we consider LAD estimations of LADggr at 0.1 m voxel size. Therefore, we must not

expect any effect of subgrid vegetation heterogeneity on estimations, as this is exactly the resolution
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of the reference field. Figure 5 compares profiles obtained for references and estimated voxels, which
were respectively explored by less or more than 5 beams. The analysis of reference profiles (Fig5A)
allowed to pinpoint sampling quality differences depending on reference LAD values. As expected,
the unsampled voxels at a given height exhibited systematically the highest reference LAD values,
well above the mean LADgppr (FigSA), and were systematically underestimated, because the “mean
layer” value (that was attributed to unsampled voxels) was strictly lower than actual references in
unsampled voxels (FigSC). For explored voxels, the agreement between the reference and the
estimation was very good (FigSB), which confirms the unbiasness of point estimates used in the
present study (initially proposed by Pimont et al. 2018). This demonstrates that the overall
underestimation (FigSD) was caused by unsampled voxels (even if the “mean layer” value was
assessed to these voxels). This confirms the hypothesis presented in introduction, where we suggested
that the heterogeneity of sampling was likely to induce biases in mean estimates. Moreover, these
differences in LADggr between sampled and unsampled voxels decreased in the upper part of the
canopy (Fig5A). Hence voxels had similar averages near canopy top. This suggests that sampling
restriction was a random process where occlusion was very severe (in the upper part), contrary to

where occlusion began (mid canopy), where occlusion concerned more frequently the denser voxels.

3.3.  Influence of subgrid vegetation heterogeneity
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S
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Figure 6. Comparison of five scans design profiles of LADgs and LADg 5 (generated from the
smoothed reference LADggr s05) With the reference LADger. Profiles were averaged in 0.5-m layer to
ease comparisons, so that a single reference could be used for both estimates (labelled LADggr for

simplicity), as LADpgr s0.5 and LADger were identical at the 0.5 m resolution by definition.

At coarser voxel sizes, convexity effects associated with subgrid vegetation heterogeneity are expected
to affect LAD estimations, also leading to underestimations when, for example, comparing LADj s to
references (Figure 6). However, a part of this negative bias could have been caused by the presence of
unsampled voxels. In order to formerly attribute this negative bias to subgrid vegetation heterogeneity,
we used the estimates (LADgjs) derived from smoothed reference fields LADggpgqs (Figure 6),
corresponding to a scenario in which no subgrid vegetation heterogeneity can occur. In this case,
estimates ( LADg, 5) were very close to reference profile, demonstrating that the role of the sampling
bias was negligible in this scenario. The negative bias observed with LAD, s was hence attributed to

subgrid vegetation heterogeneity.

3.4.  Overall sensitivity of estimation to voxel sizes
Because subgrid vegetation heterogeneity and sampling depends on voxel size, the amplitude of

negative biases is expected to vary with voxel size, which is investigated in next section.
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Figure 7. A) Vertical profiles retrieved with LAD estimates with various voxel sizes for the two scans
design. B) Vertical profiles of the multiplicative correction coefficient required to retrieve reference
DReF
A

value (LALTD) using the two scan design. C) and D) Same as A and B, but for the five scans design. In

these plots, LAD were averaged in 1-m layer when voxel size was smaller than 1 m to ease
comparison between estimates across voxel sizes. Dotted lines roughly pinpoint height boundaries
between layers with no occlusion, layers where occlusion starts to occur (typically within vegetation

clumps) and layers with widespread occlusion patterns (both within and outside vegetation clumps).
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In Figure 7A, we show the overall sensitivity of estimates of LAD profiles to voxel size,
including both sampling and subgrid vegetation heterogeneity biases, for two scans and five scans
designs. All voxel sizes adequately captured the shape of the reference profile. However, various
amplitudes of underestimations were observed depending on voxel sizes, scan design and height in the
canopy. The significance of these effects was confirmed by a statistical analysis (Appendix D). In
well explored layers, i.e. below 5 m, coarser voxel sizes led to strong underestimations, requiring
highest correction factors for both scan designs. However, as occlusion occurred and increased in
highest layers, the two smallest voxel sizes yielded strongest and variable underestimations, of greater
magnitude than with the 0.5 m and 1 m voxel sizes (7B). On the contrary, even in mid and top layers,
the biases observed with 0.5 m and 1 m voxel sizes were similar to those below 5 m, resulting in a
relatively homogenous bias in the whole canopy.

According to the results of previous sections 3.2 and 3.3, underestimations resulted from two
different mechanisms, namely, sampling bias for small voxels ( e.g. 0.1 m, Fig 5) and convexity bias
associated with subgrid vegetation heterogeneity for coarse voxels (e.g. 0.5 m, Fig 7). Our analysis
and vegetation manipulation allowed to disentangle and quantify these biases. We found that their
magnitude and their spatial distribution was variable, but that bias arising from sampling limitations

was very unstable and of stronger magnitude.

3.5. Sensitivity of estimates to variations in sampling design (without subgrid heterogeneity

effect)
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Figure 8. A. Vertical profiles of LAD 4 for 1 to 5 scan design. B. Vertical profiles of LADg 5 for 1
to 5 scan designs. Profiles of Mean Absolute Error (MAE, in fraction) are presented accordingly for
each voxel size for LADy; and LADgq 5 in subplots C) and D), respectively. MAE were normalized

by the mean reference values within each horizontal layer. Distributions of 68% confidence intervals
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with 1 to 5 scan designs (colored bars from black to green, respectively) for LADy; and LADgg 5 in

subplots C) and D), respectively. Bins have a 0.2 m™! extent centered on x-axis labels.

Figure 8. presents LAD profiles and corresponding Mean Absolute Error (MAE), for various
number of scans (1 to 5 scans design) and two voxel sizes (0.1 m and 0.5 m). Normalized MAE
inform on the accuracy of the estimation at voxel scale. For the coarsest resolution, we use the
smoothed reference field to eliminate the subgrid vegetation heterogeneity effect.

The shape of the reference profile was roughly captured for all scan designs and voxel sizes (Fig.
8AB). Below 8 m, estimations were closer to reference (Fig. 8AB) and errors decreased as the voxel
size and/or the number of scans increased (Fig. 8CD). The negative bias was less pronounced in the
upper part of the canopy (above 8 m), as already noticed with large voxels (Fig 7), with more
randomly distributed occlusion voxels (with regards to voxel density). For example, the bias was the
same for 5 and 1 scans for the 0.1m voxel size in the upper part of the canopy (Fig 8A). Both 4 and 5
scans design yielded relatively close estimates to the reference, but their MAE were very poor in upper
canopy layers (~100% error), remaining similar to the single scan design MAE (Fig 8C). At 0.5 m
voxel size (Fig 8B), with the 4 and 5 scan design, the estimated profile (blue and violet lines) closely
matched the reference. In this context, coarser voxels exhibit an increased sampling rate with respect
to fine voxels (as for multiplying scan positions), leading to significantly better estimated profiles and
smaller MAE values (thanks to the suppression of the subgrid vegetation heterogeneity effect).
However, the single scan design, and in a lesser extent 2 and 3 scans designs, remained affected by
systemic negative bias and large occlusion (drop down of estimations) above 8 m, even with 0.5 m
voxels (Fig 8B). Conversely to 1-2-3 viewpoints, MAE were much lower than with 0.1 m voxel size
and were limited to 0.7 at top height, which showed that the estimated local voxel value was more
reliable. Remarkably, the 4-5 scans design had MAE limited to 0.2 at top height, which is consistent
with a 20% error on a given voxel in average.

Figure 8EF shows the impact of number of scan and voxel size on the distributions of 68%
confidence intervals (CI) in sampled voxels, and on the occurrence of unsampled voxels. Increasing

the voxel size and number of scans decreased occurrences of unexplored voxels, as suggested above.
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In particular, 80% of voxels were unexplored for a single scan at 0.10 m voxel size (i.e. most critical
case), implying that estimations relied on only 20% of the vegetation scene. More generally, more
than 50% of the voxels are unexplored when three scans or less are used, which highlights that such a
0.1 m voxel size is not really practical given TLS resolution and number of scans.

For explored voxels, increase in number of scans and voxel sizes tends to decrease CI width,
leading to higher frequencies of small errors. In particular, whatever the scan design, increasing the
voxel size shifted the occurrence of largest CI (>1) and unexplored voxels (i.e. infinite error) towards
the lowest CI values. Typically, the single scan design was almost unable to produce estimations with
CI lower than 1 m™ at 0.10 m voxel size, whereas 30% of estimations reached the smallest confidence
level with 0.5 m voxel size. Similarly, with the 4-5 scan designs, 20% of the estimates had the smallest
confidence level at 0.10 m voxel size, while 85% of voxels are estimated with CI lower than 0.2 m™! at
0.5 m voxel size. As a result, at least 50% of the voxels were unexplored with the 0.1 m voxel size,
even for 5 scan designs. These points highlight the fact that the sampling used in the present numerical
experiment, which was representative of field conditions (a few scans per forestry plot, with 0.036°
resolution) was too limited to provide reliable results at the 0.1 m voxel size, contrary to coarser

voxels, which on the other hand, raise the problem of subgrid vegetation heterogeneity (Fig 6, Fig 7).

4. Discussion

The simulation framework used in this study allowed to evaluate the process of estimations of LAD
with TLS thanks to exact references. In particular, we analysed the sensitivity to vegetation and
sampling heterogeneities. We disentangled combined effects associated with variations in voxel sizes
and scan designs with respect to true numerical references, and biases were formerly attributed to two
main mechanisms, thanks to our numerical design and the used of unbiased point estimators. Our
study confirmed the effect associated with subgrid vegetation heterogeneity, which leads to
underestimation when voxels are too coarse to explicitly account for it. This effect is discussed in
section 4.1. Our study also demonstrates that an overall negative bias can arise when relying on mean

layer estimates for correcting for the presence of unsampled voxels. The bias was not homogeneously
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distributed within the vegetation scene and typically occurs when occlusion begins to be significant (at
mid-canopy height in the present example), as it more frequently affects clumps of dense voxels, but
can diminish in highest vegetation layer, despite strong occlusion. This effect is discussed in section
4.2. Beyond overall biases in vertical profiles, we also studied the sensitivity of voxel-scale
predictions to voxel size and scan design, as the objective of voxelized TLS method is to measure the
tri-dimensional distribution of the LAD. The distribution of confidence intervals showed that the voxel
sizes required for a reasonable accuracy (here typically 0.5m), could be larger than the voxel size
required to mitigate subgrid vegetation heterogeneity. The discussion ends with recommendations and

future work.

4.1. Subgrid vegetation heterogeneity should be accounted for to provide reliable

estimations

In the present study, underestimations occurred when voxel size increased (i.e. 0.5 m, Fig. 6),
and the negative bias of the estimated LAD profile (i.e. for a horizontal layer of voxels) could reach
30% for 1 m voxel size (Fig. 7). We found that such underestimation did not occur when point clouds
were generated with vegetation that was smoothed at voxel size (LADgys, Fig. 6), which
demonstrated that this effect was caused by subgrid vegetation heterogeneity. This confirms prior
observations on natural branches of three different species scanned with two different instruments
(Soma et al., 2018), but also on trees (Béland et al., 2014a), which already attributed underestimations
to vegetation heterogeneity. One can notice that the effect of voxel size observed in Soma et al. (2018)
was more important, requiring a 1.7 correction factor with 0.7 m voxels compared to 1.3 for 0.5 m
voxels in the present simulations. Such differences could arise from more heterogeneous vegetation
structure in natural vegetation than in our example reference field, in which heterogeneity was
resolved at 0.1 m scale. However, these findings demonstrate the efficiency of numerical experiments

for testing hypothesis and evidence the associated mechanism (here heterogeneity effect on LAD
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estimation), since it was possible to numerically manipulate vegetation (here smoothing), for a formal
attribution of bias source.

Similarly to approaches developed for passive optical measurements (e.g. hemispherical
photography), identifying canopy gaps and angular segmentation the scene is efficient to partially
correct for clumping (Yan et al., 2019). Yet, the subgrid vegetation heterogeneity in each segment of
2D images remains along the optical depth, i.e. in the third dimension. Our results illustrate the
potential of an appropriate segmentation level to limit the clumping effect, making TLS voxel-based
approaches more efficient compared to 2D gap fraction methods for the separation of gaps and crowns
and particularly fitted for application of LAI retrieval approaches, including path length distribution

models whether at crown (Hu et al., 2018) or voxel scales (Pimont et al., 2019; Soma et al., 2018).

4.2.  Sampling limitations generate heterogeneous and variable underestimations

When occlusion was limited (typically 5 scans and 0.5 m voxel size), the clumping effect was
the main source of underestimation in LAD. However, when sampling limitation became significant,
typically above 5 m and with 0.1 m voxels (LAD,,, Fig 7AB — red curve ), underestimations of
heterogeneous magnitudes occurred without any subgrid heterogeneity, demonstrating the presence of
a second mechanism of underestimation. This negative bias arose from the spatial correlations
between sampling limitations and LAD densities, as clumps of dense volumes were more frequently
occluded. Indeed, scan positions located in the open ease the sampling of empty or light voxels and
might amplify the oversampling of light voxels described above, while dense voxel are rarely explored
and less accounted for in mean layer LAD calculation. This spatial structure of occlusion can result in
up to 25% underestimations (Fig. 8A) of the average LAD profile despite 5 scans are performed. In
these non-sampled volumes, we assigned the mean layer estimated values, which results from sampled
voxels in dense layers, i.e. mostly empty and low density voxels, generally equal to 0.4 m™ in average,
i.e. much less than dense voxel LAD values. As less and less beams coming from below canopy

remained available in the canopy middle, clumps of dense occluded voxels are more frequent, and
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such underestimation mean bias was worse until 8 m height. Above 9 m, this bias was dampened (Fig.
8AB), because the correlation between dense voxels and occluded area is much less pronounced. In
other words, large spots of unexplored voxels in top-canopy affected almost randomly both empty and
dense above volumes (Fig. 4). As a result, such strong exposure to occlusion led to underestimations
of significant but very heterogeneous magnitudes along vertical profiles (Fig 7B). It suggests that such
underestimations depend on both the canopy structure and the degree of occlusion, which are both
hardly predictable. On the contrary, coarser voxel sizes were much less affected by occlusion, and
were rather affected by a significant but spatially homogenous negative bias attributed to clumping
effect. In these conditions, it seems a better strategy to avoid erratic negative biases resulting from the
strong occlusion inherent to small voxel size by using coarser voxel sizes corrected for a more
constant and measurable bias and less prone to large occlusion spots.

However, independently of the voxel size, such a negative bias is expected to systematically
occur in layers where occlusion starts, as soon as the dense voxels are clumped. Thus the “mean layer”
method for dealing with unsampled voxels is not satisfying. Additionally, it raises sharp errors locally.

Strong underestimations at layer and plot scales are in accordance with previous observations
from ground perspectives (Schneider et al., 2019). Increasing the number of scans and the voxel size
limited occurrence of unexplored voxels, so that estimations were generally improved. However,
highest number of scans with smallest voxel size or single scan with 0.5 m voxel size were still
affected. Hence, the appropriate combination of scan design and voxel size directly depends of the
vegetation density and of the level of detail required to match user’s aim. Typically, retrieving LAD
profiles shapes and values with 20% error can be achieved either by 5 scans with 0.1 m voxels or by a
single scan with 0.5 m voxels in sparse vegetation structures (Fig 8AB). However, in dense vegetation
and/or when estimates at voxel scale are valuable (i.e. for 3D radiative transfer modelling), it seems
mandatory to rely on both multiple viewpoints and coarse voxels to retrieve unbiased estimates and
reliable voxel LAD value (Fig. 8CD). Similarly to (Schneider et al., 2019), until 80% of voxels can be
occluded in critical cases (Fig. 8EF).

By calculating confidence intervals at voxel scale, our study gives insights on the drop in local

accuracy within voxel resulting from poor sampling conditions. This differs from the usual approach
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for quantifying occlusion consisting in counting voxel with at least one beam passing through, thus
ignoring errors generated in poorly sampled voxels. Confidence intervals indicated that estimations in
poorly sampled voxel can be affected by 1 m errors, which is considerable regarding the range of
reference LAD values. These confidence intervals can be considered as a statistical alternative to the
use of mean nearest neighbour point (Wilkes et al., 2017) in order to assess the sampling densities of
given areas, in particular when used approaches are sensitive to non-uniform distribution of points (i.e.
for geometrical modelling of trees). Small voxels were frequently affected by large errors, until 35%
of the scene. With the 4-5 scans design with 0.1 m voxels, CI > 1 m™! are even more frequent than with
a single scan (Fig 8E). This higher frequency of large CI was due to the poor exploration of voxels
which would have remained unexplored with a single scan, producing unreliable estimates. Locally,
such errors were worse than replacing estimates by the mean layer value, suggesting that the reduction
of occluded voxel percentage should not be the single criteria for sampling accuracy, and raised the
question of the appropriate criterion for occlusion. Determining whether to replace voxel by a fixed
value or to keep the estimation given by few beams is particularly difficult in clumped situations given
the strong correlation observed between occlusion areas and high LAD values areas. This advocates
for the development of correction techniques that are not based on numerical thresholds (Soma et al.

2020).

4.3. Recommendations and research needs

All identified estimation biases were negative. The vegetation heterogeneity effect could yield
up to 20% underestimations (Fig. 6, Fig. 7BD), while unsampled voxels led to profiles that could be
locally less than half of reference (Fig. 8A), and even worst locally. In the field, these negative biases
are entangled and add up, which can potentially induce a global stronger bias than observed in these
simulations. Hence, these biases should not be overlooked and we strongly recommend to limit their
magnitude and correct them when possible. This study confirms observations of Béland et al., 2014a
at the scale of individual trees, i.e. increasing voxel size is an efficient way to level up sampling at

voxel scale. Such coarser discretization level should be considered with caution, as it leads to the
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aggregation of gaps and clumps, as well as the aggregation of occluded and explored areas in same
voxels. However, negative bias resulting from occurrence of occlusion are unstable and of higher
magnitude and should be avoided in first place, suggesting coarse voxel sizes remain an advantageous
option. To determine the appropriate voxel size, the ability to correct for subgrid vegetation
heterogeneity (Soma et al., 2018) and to assess accuracy with confidence intervals are key steps.

In light of our results, we recommend to use unbiased estimators and to rely on multiple
viewpoints. Tested vegetation scene had a 10 m extent in each dimension, with no or few vegetation
below 3 m height. The density of scans was relatively high (2.5 m between scans) compared to other
studies (Schneider et al., 2019; Wilkes et al., 2017). However, the simulated vegetation features,
which were representative of Mediterranean canopies (Simioni et al., 2016), displayed much denser
clumps of LAD values (0.6 m! in average) compared to retrieved LAD in other vegetation types
(~ 0.3 m™). In such dense context, occlusion occurred from 5 m height, while accurate sampling has
been observed until 35-m height with multi-echoes instrument and in other field conditions (Schneider
et al., 2019). This proves that a priori recommendations concerning visibility analysis can hardly be
applied to a range of vegetation structures and different forest types. Providing exhaustive guidelines
based on easily measurable stand parameters, i.e. number of large stems (Abegg et al., 2017), presence
of understorey or mean crown width could help to plan appropriate scan design across sites.
Additionally, the terrestrial LiDAR simulated in this study was a single echo scanner, typically
representative of the FARO Focus 3D, which is used in operational context for French forest
monitoring. Other scanners, such as RIEGL VZ400, a multi-echoes LiDAR, have better exploration
skills and are less sensitive to occlusion. Then, as suggested in (Wilkes et al., 2017), recommendations
should also be adapted to the type and resolution of instruments. Yet, beam density also decreases at a
given distance of these multi-echoes instruments, so that such scanners are theoretically exposed to the
same bias arising from occlusion, as confirmed by observations in tropical canopies (Schneider et al.,
2019). The bias arising from subgrid vegetation heterogeneity is independent of sampling accuracy
and, as a result, concerns all instruments. The presence of vegetation in the lower part of the canopy
(understorey) might generate more occlusion, requiring to increase the number of scans. Hence, a

particular attention should be paid to set instrument in order to obtain viewpoints that enable to
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efficient plot sampling, for example in open locations (Wilkes et al., 2017). Since the number of scans
can generally not be increased in field conditions, a trade off on voxel size must be found. Therefore,
we recommend to use medium voxel size, typically close to 0.5 m, with an empirical correction to
account for vegetation heterogeneity in the subgrid volume. Scanning from the above perspective (i.e.
UAV LiDAR) can provide significant reduction of occluded areas close to tops of canopies, but
suffered from a limited penetration of beams in the mid-crown (Morsdorf et al., 2018; Schneider et al.,
2019), so that similar negative biases associated with unsampled voxels and subgrid vegetation
heterogeneity as identified in the present study should exist.

In the present study, we used the mean layer assumption (replacing unsampled voxels by the
mean of LAD estimates obtained at corresponding layer) to extrapolate missing data. Such method is
theoretically similar to ignoring these missing values in spatial averages, and suffer from strong local
inaccuracy in dense or empty areas differing from mean LAD value. Additionally, poorly sampled
voxels had frequent unreliable estimates, which might be locally more erroneous than replacing by the
biased mean layer value. First, it shows the benefit of quantifying uncertainties of estimations in
locations of interests (i.e. dense voxels), which should be included in further analysis when estimating
LAD. Second, it raises the question of the definition of an occluded voxel.

In our numerical experiment, the leaf orientation factor, the leaf fraction, and the distance
effect were known and corrected so that our estimators of the LAD were unbiased in each voxel to
limit confounding errors in the numerical experiment. However, such parameters are challenging to
retrieve in field conditions and their estimations are expected to induce errors (Yan et al., 2019), which
might affect the outcome of the present study. The leaf orientation factor can be for example retrieved
by leaves triangulations if LiDAR resolution is fine enough (Bailey and Mahaffee, 2017). Several
classification methods have been proposed to classify leaves versus wood hits (Wang et al., 2020).
Then, the leaf fraction factor can be retrieved as the ratio between leaves and total number of points in
a given voxel. Eventually, the effect of the distance to scanner can be either estimated from laboratory
experiments (Soma et al. 2018) or physical modelling of beam divergence (Béland et al., 2011). The
occlusion bias highlighted in the present work should also be explored in other vegetation scenes with

absolute references, e.g. with point clouds arising from the sampling of 3D tree models. We showed
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that underestimations constantly affected dense voxels where occlusion begin, but that voxels can be
affected independently of their vegetation density in background and/or top layers, including empty
areas. The consequences of this sampling bias in those partially explored layers directly depend on the
representativeness of remaining sampled voxels, which can either results in top profile
overestimations, underestimations or even in a limited bias. Then, we recommend to analyse the
magnitude of this bias for a variety of vegetation structures in light of optical depth and correlation
length in vegetation (Appendix B). This variability in spatial bias distribution, vegetation structure and
the difficulty to define an occluded volume demonstrate the need for spatially adaptive methods to
deal both with poorly sampled and fully occluded voxels. Given the clumped structure of vegetation,
using the information of surrounding voxels is a promising approach. Such method relying on kriging
has been developed and tested both on a virtual scene (e.g. in Appendix B), and then applied to field
data (Soma et al., 2020). Corrections yielded encouraging results with a buffering of errors due to
sampling limitations and a more adaptive guess of unexplored voxels values, holding the potential to

retrieve better voxel and plot LAD estimations.

5. Conclusion

The present work disentangles some of biases related to LAD estimations with TLS through a
numerical study. This simulation framework was mandatory to fully understand and quantify the
magnitude of these major biases, because they mainly occur in dense and clumped canopy context, for
which field references are often not available. Moreover, such a design allows vegetation
manipulation, such as smoothing to ease analysis. First, simulations allowed to characterize a negative
bias for LAD estimation due to subgrid vegetation heterogeneity in voxels, arising from dense and
light density areas being encompassed within same volumes. Second, we assessed sampling accuracy
with confidence intervals and identified a spatial correlation between occlusion and dense LAD in
layers where occlusion of the laser beams starts to occur. This spatial correlation leads to
underestimation of LAD profile, even when the mean layer value was attributed to unsampled voxels.

Several methods to limit occurrence of unsampled voxels and increase sampling rate were efficient to
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damper underestimations. We confirm that combining the information from several scan positions was
critical to improve the reliability of estimates. Moreover, the negative bias arising from unsampled
voxels was prone to large and unstable variations of magnitude depending on the canopy structure.
Then, we recommend to solve in first place the occurrence of unsampled areas, typically by using
estimations from coarse voxels complemented by an adequate treatment of subgrid vegetation
heterogeneity effect. In the present study, we found that at least 0.5 m voxel size was appropriate, with
a mandatory correction for vegetation heterogeneity. The development of methods to extrapolate or
correct LAD values in occluded volumes (e.g. kriging) remains a challenging but critical need. The
simulation framework developed in our study cannot serve as sole reference for quantifying the
magnitude of similar biases occurring with the diversity of natural vegetation and acquisition
parameters, as many uncertainties that are inherent to the field conditions are neglected in numerical
experiments. Yet, this study paves the way for additional research and field measures needed to

characterize in operational context the biases identified in these simulations.
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Appendix D

We assessed the significance of voxel size and number on scans effects on estimations though
a statistical analysis. Voxels resulting from the fine and coarse discretization levels of the
vegetation scene cannot be considered as independent observations when comparing voxel
sizes, as voxels share the same vegetation in occupied volumes, with respect to their size (e.g.
several 0.1 m voxels are contained in the 0.5 m voxel at the same location). To account for
such specificity, all estimations were smoothed to the largest voxel size voxels, i.e. 1 m, and
tests were performed at this scale. Smoothing was done by averaging 0.1 m — 0.2 m and 0.5 m
voxels with respects to the 1 m voxel size grid. As voxels arise from the same vegetation
scene, observations (voxels) cannot be considered independent between treatments (voxel size
* number of scans), but should be considered as a repeated measure on the same individual.
Hence, we performed a two-way ANOVA with repeated measures using R software (R Core
Team (2016). R: A language and environment for statistical computing. R Foundation for

Statistical Computing, Vienna, Austria. URL https://www.R-project.org/). The analysis was
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922 carried out with estimation errors (LADggr; — LAD,) as predictor, for the 0.1 m, 0.2 m, 0.5 m
923  and 1 m voxel sizes and for the two scans and five scans designs :

924 (LADggg; — LAD,) ~ IDvox/ (Voxel size + Number of scans)

925  with IDvox the voxel ID used for the within-subject model computation.

Effects D.F. F-value P-Value

IDvox 999 - -
IDvox : Voxel size 3 27.1 2e-16 ***
IDvox : Number of scans 1 34.31 6.4e-9 ***

926
927  In accordance with graphical observations, both effects of voxel size and of number of scans

928 are significant on the error in estimation of LAD value.
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