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Plant area density measurements provide spatially explicit information about the density and distribution of
canopy elements. This information is needed for modeling of the forest radiation regime, climate and for other
ecological applications. Terrestrial laser scanning (TLS) provides detailed information about canopy structure,
but it cannot be used for monitoring large areas. Airborne laser scanning (ALS) uses similar methods to measure
plant area density, but due to the larger beam footprints, the scale at which this information can be obtained
is coarser than with TLS. The volumetric nature of the ALS measurement poses unique geometric challenges
to plant area measurement methods, as assuming an infinitesimal beam size may lead to large errors. Further,
the use of voxel grids with ALS measurements may increase errors in plant area measurements, as these grids
require discrete spatial allocation of information.

In this study, we apply a spatial weighting technique to ray-traced measurements of plant area from ALS
data. This spatial weighting scheme allows continuous allocation of trajectory information of ALS pulses,
avoiding discontinuity introduced by voxel grids.

Our data consisted of high density ALS waveform data (over 40 points/m?) in 33 plots across two study
sites in Finland and Estonia. We compared the plant area index (PAI) obtained through this new measurement
method to PAI measurements from hemispheric photography (HP) and TLS, and to ALS with a voxel grid.
We found PAI, measured at agrid spacing of 0.6 m, correspond best to HP and TLS measurements. Occlusion
severely biased PAI at 0.2 m spacing. With increasing grid spacing, PAI estimates become increasingly biased
because of clumping effects at small scales. Continuously sampled PAI measurements corresponded closer
to reference values than voxel-based PAIs, indicating that a spatially weighted approach avoids bias from
partitioning the volumetric ALS beams into voxels.

Airborne laser scanning provides this coverage over large areas, and
indeed has been used a number of times to measure PAD (e.g. Kamoske
et al., 2019; Yin et al., 2022). The main limitation of ALS comes from its

1. Introduction

Plant area density measurements provide spatially explicit informa-

tion about the density and distribution of canopy elements. This infor-
mation is needed for modeling of the forest radiation regime, climate
and microclimate, and for other ecological applications. Terrestrial
laser scanning has seen significant advances in method development
and measurements (e.g. Béland et al.,, 2014; Pimont et al., 2018;
Schraik et al., 2023). TLS is among the most attractive remote sensing
techniques for plant area density measurement due to its high resolu-
tion measurements with small beam sizes. However, spatial coverage
is, relative to ALS, extremely limited by the high workload of TLS
campaigns (e.g Calders et al., 2018).
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typical measurement range, causing large beam footprints in the order
of tens of centimeters that limit the scale at which three-dimensional es-
timates can be obtained. Usually, a voxel-based approach for measuring
PAD is used in both ALS and TLS where lidar beams are traced through
the canopy, and PAD is estimated from the interceptance information
and path lengths that rays travel through each voxel. While in TLS
voxel side lengths can be as small as tens of centimeters (Schraik et al.,
2021a), ALS studies have used voxels with side length of 0.5 meter or
more (e.g. Yin et al., 2022). The relatively large voxel size in ALS-based
PAD measurements is necessary when using a ray tracing approach.
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The voxel size is a user-chosen parameter, and it poses a trade-off
between occlusion and spatial detail. In small voxels, biases may occur
as fewer rays traverse the voxel and thus insufficiently explore the
volume (Pimont et al., 2018). On the other hand, in large voxels, spatial
detail is lost as canopy structure below the voxel scale is not quantified.

Recently, volumetric ray tracing approaches have been developed,
like the path volume method by Yin et al. (2022). In this method, the
footprint area of a beam is accounted for as the central beam trajectory
vector is traced through a voxel grid. This avoids errors from partial hits
due to the large beam footprint, however, if the beam traverses near
a voxel boundary, the entire attenuation is still assigned only to the
voxel which the central beam vector traverses, and not to both adjacent
voxels. To advance volumetric ray tracing, the next step would be to
assign a hit across the volume from which it originated, rather than a
single point or interval along the beam’s trajectory vector. We suspect
that in cases where beams do not traverse a voxel near the voxel center,
assigning the entire hit as being intercepted within the focal voxel may
lead to errors, as the attenuating media may be distributed arbitrarily
across the beam cross-section. An exaggerated example would be a
beam traversing very close, and parallel to the boundary between two
voxels. In this case, the entire attenuation would be assigned to either
voxel, while the attenuating vegetation elements could be distributed
somewhat evenly between the voxels. Ignoring the continuous nature
of the underlying spatial sampling process could thus lead to errors in
estimating plant area density.

In this study, we explore an inverse distance weighted sampling
approach to PAD measurement from ALS as an alternative to voxel grid
sampling. In this approach, spatial sampling is done on a point grid,
and each beam’s waveform locations near the grid point is assigned
a non-overlapping weight, that is, for every point in space, the sum
of weights for all nearby grid points is 1. We used this approach to
measure PAD from very high density ALS waveform data in 33 plots in
boreal and hemiboreal study sites and compare the results to PAD from
hemispheric photography and TLS. We also compare our continuous
grid sampling approach to a standard voxel sampling approach. Finally,
we analyzed how fine measurement scales are possible until occlusion
limits sufficient sampling, given the high density of our point cloud data
of over 40 points per m?.

2. Materials and methods
2.1. Study sites

Our two study sites were located in Hyytiéld, Finland, and Jérvselja,
Estonia. Of our 33 plots, 20 were in Hyytidld and 13 in Jarvselja.
Hyytidla is in the boreal region, and stands were dominated by Norway
spruce (Picea abies (L.) H. Karst.), Scots pine (Pinus sylvestris L.) or
silver and downy birch (Betula pendula Roth, B. pubescens Ehrh.). Mean
diameter at breast height and tree height ranged from 7 to 45 cm
(mean 23 cm) and 7 to 35 m (mean 22 m), respectively. Stands
were mostly single species, except for three mixed species plots, and
even-aged managed forests. Jarvselja is in the hemiboreal region with
predominantly mixed species stands. Tree species included Scots pine,
Norway spruce, silver and downy birch, European alder (Alnus glutinosa
(L.) Gaertn.), European aspen (Populus tremula L.), littleleaf linden (Tilia
cordata Mill.), goat willow (Salix caprea L.), and European ash (Fraxinus
excelsior L.). Diameter at breast height and tree height ranged from 4 to
40 cm (mean 17 cm) and 4 to 39 m (mean 19 m), respectively. Stands
were even-aged and managed, and species composition contained sin-
gle species, a single dominant species with minor occurence of other
species, to even mixtures between two or three tree species. The field
measurements in Finland were done during June and July 2019, with
a coincident airborne campaign on 13th July. In Estonia, the airborne
campaign was carried out two days after the Finnish campaign, but the
field campaign was conducted in July 2020.
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Field measurements consisted of terrestrial lidar scans (TLS) and
hemispheric photographs (HP) covering a 30 x 30 m area with the
same plot center, and the analysis was done on a 25 x 25 m area. Both
TLS and HP measurements were taken on 16 locations in a square grid
pattern with a spacing of 10 m. Leaf area index (with woody elements
removed) from TLS data was obtained with ray tracing a standard voxel
grid with 20 cm side length. Each individual TLS scan produced a voxel
grid of leaf area density, all of which were averaged to produce a single
voxel grid that was aggregated to obtain leaf area index. HPs were
used to calculate effective PAI (Chen and Cihlar, 1995) from angular
gap fraction using five zenith angle rings. TLS and HP methods and the
study sites are described in more detail in Schraik et al. (2023) and Hovi
et al. (2022) (see Fig. 3 therein for a schematic of the measurements
within each plot).

Airborne lidar waveform (ALS) data was collected by a Riegl LMS
Q-780. The instrument’s laser has a wavelength of 1064 nm, beam
divergence of 0.25 mrad (1/e? width), and a sample spacing of 1 ns.
The point density in both study sites was 40-60 points per m? in the
field plots. The field plots’ coordinates were determined by combining
TLS and ALS data to sub-meter accuracy (Hovi et al., 2022). The TLS
measurements of leaf area density were obtained in plot-wise local
coordinate systems. These local coordinate systems used the diagonal
of the (North-aligned) grid points. Due to the grid points being marked
in the field using a compass, there may be small translation (approx-
imately less than 1 m) and rotation (less than 5 degrees) differences
between the TLS and ALS plots which prevent a comparison of the two
3D PAD measurements at the voxel level. The plots were located at least
30 m from the nearest stand border, therefore we expect any differences
to be marginal and unsystematic.

In the following, we occasionally present results separately for the
two study sites, but we note that this distinction does not indicate that
the sites are necessarily different from each other. The plots in Jéarvselja
contained more broadleaf-dominated stands with more species diversity
than the plots in Hyytiéld, which is more conifer dominated. The plots
were selected to cover a wide range of forest structure and composition,
not to provide statistically representative samples of either site.

2.2. Method overview

We estimated plant area index (PAI) for all plots from airborne
waveform lidar data using spatially explicit estimates of plant area
density (PAD). PAI and PAD are half of the total surface area of canopy
elements per unit ground area and per unit volume, respectively. PAD
is estimated for subvolumes of the canopy, and the sum of the total
plant area divided by the plot area is the PAL

The PAD for a given volume is calculated from the path lengths z;
that N beams travel through the volume, and the fractions of the beams
6CF; that are intercepted within the volume as Pimont et al. (2018),
Schraik et al. (2021b, 2023)
PAD = I 5CF, iy

N
i=1%i

(€8]

For waveform data, SCF at a given range r is proportional to the
return intensity I after deconvolution with the system pulse as

5CF( = — 2D @
1— [y I'(x)éx
e =—10 ®
Jo 1(x)éx

where the denominator in Eq. (2) denotes the correction for attenuation
until range r of the normalized intensity I/, and Eq. (3) denotes the
intensity normalization over all returns in the waveform. We used a
Gaussian decomposition to obtain a set of returns with their position
and variance. The system pulse was measured by the instrument, and
due to its Gaussian properties, deconvolution was done by subtracting
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Fig. 1. Schematic of the waveform normalization and attenuation correction (A) and the spatial weighting scheme (B). The intensity is divided by the inverse of the cumulative
intensity to correct for attenuation, and subsequently normalized to one. This process is done for all returns, including ground returns, however ground returns are excluded in
subsequent ray tracing. For rays traveling near a grid point, a weight is applied for each point on the ray based on the distance to the grid point.

the variance of the system pulse from each return’s variance. Finally,
we calculated for each ray the distance at which it reached a height of
1.5 m above ground. The ground was represented by a digital elevation
model that was created with the same data. The threshold at 1.5 m
above ground level was used to exclude ground returns in each beam’s
CF distribution.

2.2.1. Spatial sampling scheme

Instead of discretely partitioning the canopy volume into a voxel
grid, we defined a point grid with parameters similar to a voxel grid,
i.e., cubic point spacing. We estimated the PAD around each point using
an inverse distance weighting approach along each beam’s waveform.
Each point P, along the ALS beam quantified a local change in return
intensity, which is proportional to the fraction of the beam footprint
that intercepts energy. This fraction is equivalent to the cover fraction,
and therefore can be used to locally estimate PAD (Eq. (1)). We
estimated PAD for each grid point using a weighted integral instead
of voxel volume intersection. For a given point G, the weight w at G
was 1, and decreased linearly along each spatial dimension to O at one
grid resolution step. The total weight was the product of the three one-
dimensional weights. The weight function was based on the absolute
distance in three dimensions between G and P, therefore weights were
assigned in all 6 directions around G (Fig. 1).

To account for increasing occlusion as lidar beams travel into the
canopy, we assigned an additional weight w, for each beam that
quantifies its interceptance until reaching the grid point G, calculated
from the CF distribution. This allowed assigning more importance to
beams that have not been intercepted over beams that lost most of their
energy on earlier hits.

Finally, the PAD for a grid point G was calculated as the weighted
average (w.r.t. occlusion and spatial weights) of all beams as

N
. PAD.w, ;
PAD = Z*IN— and 4

i=1 Wo,i
S SCR(rw(r, Gir

PAD; = - . (5)
0.5 ;M sw(r, GXr

with the distance along the ray r used to calculate the distance between
G and a point on the ray P,. The denominator in Eq. (5) denotes the
weighted path length around the point G. The factor 0.5 in the denomi-
nator comes from the average leaf area projection function (Wang et al.,
2007). For simplicity, we assumed a spherical leaf angle distribution.
Note that if the function w is defined so that it returns 1 when a ray
at distance r is within half a grid resolution step and O elsewhere, one
obtains a voxel grid sampling approach.

To obtain PAI of a plot, the PAD around each grid point was multi-
plied by the volume occupancy of that grid point, which is equivalent
to integrating w over the region where w > 0. Since we used a linear
weight for each spatial dimension, the volume occupancy was simply

V = (R/2)’. PAI for a square plot with 25 m side length is then
calculated from PAD of each grid point g as
Yol PAD,V

252 '

We compared the PAI estimates from ALS at different grid spacings
(0.2 m, 0.4 m, 0.6 m, 0.8 m and 1.0 m) to effective PAI obtained from
hemispheric photography. Note that we use the terms grid spacing,
scale and resolution synonymously in the presentation and discussion
of our results. We also compared PAI estimates from our spatially
weighted method to PAI obtained using a conventional voxel grid at
grid spacings 0.4 m and 0.8 m. Finally, we compared the spatially
weighted PAI to estimates from HPs (Hovi et al., 2022) and leaf area
index from TLS (Schraik et al., 2023).

In the framework of this study, we created a software package to
read PulseWaves files in Julia. This package, called “PulseWavesIO.jl”,
along with functionality for waveform data pre-processing and the code
used to estimate PAD from airborne lidar waveform data was published
on Github (Schraik, 2023).

PAI = (6)

3. Results and discussion
3.1. ALS and HP plant area index

We estimated PAI (hereafter ALS-PAI) from ALS data using a novel
method that uses waveform information and a spatial weighting scheme
rather than a discrete voxel grid. We found that our spatially weighted
method results in ALS-PAI values that were mostly larger than HP-PAle.
The HP-PAle is an effective PAI which does not account for clumping,
whereas the ALS-PAI represents a PAI corrected for clumping at scales
above the grid spacing. Therefore, the ratio of HP-PAle to ALS-PAI
corresponds to a clumping index. These clumping index (CI) values
ranged from 1.19 at a grid spacing of 20 cm, 0.76 at 40 cm, and
0.86 to 0.94 at 60 to 100 cm (Fig. 2). Standard deviation of CI were
consistent throughout the scales with 0.22 to 0.33. Forest canopies
generally exhibit CIs below 1.0, indicating that leaves are more aggre-
gated relative to a uniform random spatial distribution (Fang, 2021). In
general, average Cls from satellite observations for evergreen needleleaf
and broadleaf forests during peak growing season have been reported
to be about 0.55 and 0.66-0.70, respectively (Jiao et al., 2018; Wei
et al., 2019). In our two study sites, we previously reported TLS-based
CIs ranging from 0.54 to 0.99 (Schraik et al., 2023).

Compared to these literature values, the CIs we found were slightly
higher because they only consider clumping at scales higher than the
grid spacing instead of clumping of canopy elements (leaves or shoots).
We observed that changes in CI decrease with increasing scale between
60 cm to 1 m (CI = 0.86-0.94), whereas a relatively high degree of
clumping seems to occur when changing from 60 cm to 40 cm (CI
0.86 to 0.76). Clumping indices at larger scales are the product of an
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Fig. 2. ALS-estimated PAI compared to HP-estimated effective PAI Several black lines indicate different levels of clumping index that correspond to the ratio of ALS-PAI to

HP-PAle. Two linear regression lines show the average clumping index for each study site.
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Fig. 3. Comparison of spatially weighted to voxel-based plant area index.

arbitrary number of finer scale CIs. For example, if one measured CI
exclusively at shoot scale, crown scale, and stand scale, their product
would result in an overall clumping index. When measuring CI with
lidar point clouds, one can only measure a single CI down to the given
spatial resolution. Since the CI at 40 cm is considerably smaller than
at 60-100 cm, we can conclude that considerable clumping occurs at
the scale between 40 and 60 cm (with a Clyy_gp.,, ~ 0.88 over a
scale difference of 20 cm). Conversely, between 60 and 100 cm, only
small changes in CI occur (Clgy_ g9, = 0.91 over a scale difference of
40 cm). Thus, we observed that clumping at the scale of 40-60 cm is
approximately twice as large as at 60-100 cm.

We estimated leaf area density assuming a spherical leaf angle distri-
bution. This was done for simplicity, but it can lead to errors depending
on how far the real leaf angle distribution deviates from the assump-
tion. For Scots pine, a spherical leaf angle distribution appears likely
valid (Stenberg et al., 1993). Norway spruce in the Czech Republic has
been shown to have a planophile leaf angle distribution (Janoutova
et al., 2019), but crown structure of boreal and hemiboreal Norway
spruce can differ from Central Europe and it is thus unclear whether
Northern European spruces would also be planophile. Broadleaved

species are highly diverse, and the species contained in our study sites
could be characterized as plagiophile with mean leaf angle between
40° and 60° (Pisek et al., 2013; Raabe et al., 2015). The plagiophile
leaf angle distribution differs the least from the spherical. On the other
hand, a planophile canopy would lead to a positive error in leaf area
density when assuming a spherical leaf angle distribution, whereas
an erectophile leaf angle distribution would lead to a negative error.
Research in leaf angle measurements using terrestrial laser scanning is
ongoing (e.g. Stovall et al., 2021) which should increase availability
of reference data that can be used to improve our approach in future
applications.

The grid resolution poses a trade-off between spatial detail and es-
timation bias. In coarse resolutions, grid cells are well sampled, but the
level of detail is small and therefore clumping is insufficiently quanti-
fied. At fine resolutions, sampling by lidar beams becomes increasingly
sparse, which typically leads to positive bias in PAI estimates (Pimont
et al, 2018). To our knowledge, there is no method to optimize
the spatial scale, and thus it remains a user’s choice and requires a
sensitivity analysis.
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Fig. 4. Clumping index from ALS, based on the ratio of HP-PAle to ALS-PAI, compared to TLS-measured clumping index. ALS clumping index quantifies clumping at scales above

the grid spacing, TLS is at scales above 20 cm.

We consider the PAI estimates of the 20 cm grid to show clear
signs of bias, highlighted by the fact that the fraction of grid points
had more than 5 ALS beams traversing within their spatial domain was
highly variable, ranging from 36% to 99% (average 90%). The values
presented in Fig. 2 were calculated with occluded grid points (less than
5 rays per grid point) removed, which resulted in very low ALS-PAI
values for some plots. The average CI at 20 cm was 1.19, which is
unusually high, and typically one would expect that PAI increases with
decreasing scale (Schraik et al., 2021a). The high CI can be attributed to
the removal of occluded grid points. If these occluded grid points were
included, ALS-PAI values at 20 cm grid spacing would have been higher
than at larger grid spacings, as in occluded volumes, the interceptance
of a single or a few rays can lead to extreme bias in PAI estimation.

In contrast, at 40 cm 99% (85%-100%) of grid points, and over 93%
at larger scales, were sufficiently explored. While the point cloud data
we used was very dense (over 40 points per square meter), occlusion,
especially in the lower canopy, was too high for the 20 cm grid to
consider the PAI estimates reliable. At grids with spacing of 40 cm or
more, PAI estimates can be considered unaffected by occlusion bias.
However, as the grid spacing increases to 1 m, PAI estimates decrease
because canopy clumping is quantified to a lesser degree. Thus, we
argue that the optimal scale for PAI estimation with ALS data may be
around 40 to 60 cm, where spatial detail is high, with a low bias from
occlusion.

3.2. Inverse distance weighted and voxel grid PAI

We compared PAIs estimated from the spatially weighted approach
to standard voxel grids at grid spacings (and voxel sizes) of 40 and
80 cm. The voxel-PAIs were consistently higher than inverse-distance-
weighted (IDW) PAIs (Fig. 3). The ratio of IDW-PAI to voxel-PAI was
approximately 0.7, which was similar across the entire range of PAI val-
ues. This ratio varied little across different scales, with 0.68 at 40 cm,
and 0.74 at 80 cm, both with standard deviations of around 0.05.
These results indicate that using a spatial weighting scheme produces
lower PAI values than voxel grids. Voxel-PAI often has a tendency
to overestimate PAI (Soma et al., 2018; Schraik et al., 2021a). This
is partly due discrepancy between the assumed infinitesimal footprint
size in ray tracing (Pimont et al., 2018) and the real footprint size in
the order of several millimeters to centimeters (Schraik et al., 2021b).

Particularly problematic are cases in which leaf area is concentrated in
near an edge of a voxel, as this leads to very high within-voxel clumping
index and thus a negative error on PAI estimates (Schraik et al., 2021a).
In this context, a lower PAI estimate may indicate that such errors are
reduced with our method, although further investigation is needed to
confirm this fact, particularly using simulated data.

Any volumetric estimate of PAI like ours or from the standard
voxel grid is sensitive to occlusion. A common approach is to flag and
interpolate occluded voxels to compensate for negative error in PAI
estimates (Soma et al., 2020). In this study we did not interpolate
because our goal was to compare our approach to voxel grids using
the exact same data, which results in the same occlusion error for both
methods. Interpolation would likely increase the ALS-PAI estimates,
therefore clumping index values would be lower than reported above.

3.3. ALS and TLS clumping index

Previously, in Schraik et al. (2023), we estimated leaf area (with
returns from woody elements removed) and clumping index from ter-
restrial laser scanning on the same plots. Here, we found that the CIs
between ALS and TLS correspond most closely at the ALS scale of
60 cm (note that the ALS-CI is calculated as the ratio of HP-PAle to
ALS-PAI), and excluded the 20 cm scale from further analysis due to
occlusion. With the TLS data, 20 cm voxels were used to partition the
canopy space. We found the closest correspondence in ALS-CI and TLS-
CI at a grid spacing of 60 cm, with smaller spacing producing lower
CIs than TLS, and higher spacing resulting in higher CIs (Fig. 4). In a
paired sample t-test, the 60 cm grid spacing was the only resolution
with a p-value well above conventional thresholds at 0.26 (with a
95% confidence interval of the t-statistic of [—0.1,0.03]). The 40 cm
spacing had a p-value of 0.04, indicating that the difference between
ALS-CI and TLS-CI is likely significantly different from zero (confidence
interval indicates that TLS-CI is 0.003 to 0.12 larger than ALS-CI). At
80 and 100 cm grid spacing, p-values decreased further to 0.01 and
< 0.01, with confidence intervals of [-0.16,—-0.02] and [-0.21,-0.07],
respectively. The increase of CI with increasing resolution is due to
clumping being incorporated to within the elementary volume of a grid
cell, within which it cannot be measured with ray tracing but is rather
assumed to have a CI of 1 (Schraik et al., 2021a). In this data, we found
the closest correspondence between ALS-CI and TLS-CI in the resolution



D. Schraik et al.

of 60 cm, which appeared in our data to form a compromise between
avoiding both occlusion and fine enough scale to quantify clumping.

The bulk of the plots are in close agreement with high precision,
with only six plots (four pine and two broadleaved plots) deviating
from this general trend. The ALS-PAI in these six plots ranged from
0.9 to 3.2 at 60 cm grid spacing, which is 95% (83%-106%) of the
respective TLS-LAIL Considering that the TLS-LAI was close to the HP-
PAle (Schraik et al., 2023), these six plots had the lowest ALS-PAI
estimates, as the remaining plots at 60 cm grid spacing were 194%
(94%-440%) of the TLS-LAI. Despite these large differences in PAI/LAI,
the close correspondence of the CI between the two data sources shows
that the quantification of CI with lidar can be very precise despite
potential discrepancies in absolute leaf or plant area estimates.

In contrast to the TLS measurement, we did not separate leaf and
wood returns from the ALS data, thus we are comparing CIs that came
from a plant area index from this study to a leaf area index from Schraik
et al. (2023). Quantifying the potential difference between a PAI-CI
and an LAI-CI is not trivial. The conversion from PAI to LAI requires
information on the wood area index (Yan et al., 2019), however, due to
mutual occlusion of leaf and wood elements, such a simple conversion
factor is not available for PAI-CI and LAI-CI.

Besides these conceptual differences in terms of plant architecture,
there are also sensing technique differences that must be considered
when comparing LAI-CI from TLS and PAI-CI from ALS data. From the
aerial perspective, the upper part of tree crowns is explored most, and
penetration to the lower canopy is relatively low. Thus, the relative
contribution of woody elements to the total PAI may be less than
when measured in situ, which would reduce the gap between the TLS
and ALS measured CIs. Finally, the two perspectives differ in their
relative exploration of the canopy volume, with TLS exploring the
lower canopy more, while ALS obtains better sampling of the upper
canopy (Schneider et al., 2019).

3.4. Conclusions

We applied a spatial weighting approach to estimating plant area
using ray tracing and airborne laser scanning data. We showed that
the commonly used voxel-based approach may not be ideal for lidar
data with large footprints such as airborne laser scanning data. By sam-
pling plant area around grid points with an inverse distance weighting
scheme that uses waveform information, we showed that PAI estimates
match more closely to measurements from hemispheric photography
and terrestrial laser scanning. The derived clumping indices obtained
from this weighting scheme also correspond more closely to values
typically found in forests than those obtained from a voxel grid.

Through this new approach, we offer a new perspective on parti-
tioning the canopy volume for spatially explicit measurements of plant
or leaf area with lidar that could be used with state-of-the-art methods
such as the path volume for airborne lidar data (Yin et al., 2022), and
it could also be adapted to TLS data for potentially improved plant area
estimation accuracy. While we used full waveform data in our study,
our method can be applied to discrete return lidar data as well, given
that the waveform can be reconstructed. That is, the discrete point
cloud contains information on the underlying waveform, for example
returns’ standard deviation, and that the system pulse (i.e., the outgoing
waveform convolved with the receiver’s response) is known.

Three-dimensional measurements of canopy plant area, and in par-
ticular the clumping index, are gaining increasing importance in model-
ing forest reflectance, micro- and macroclimate, and for other ecolog-
ical applications. These applications require easy-to-use and accurate
measurement methods to study the influence of canopy structure on its
environment. Our results show that partitioning canopies into voxels
can result in overestimation of plant area index with airborne lidar
waveform data, whereas a spatial weighting approach can produce
more realistic plant area predictions. With our novel spatial sampling
scheme, airborne lidar could become the best tool for generating three-
dimensional canopy structure information over large areas to inform
forest radiation regime, climate and ecological models.
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