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Structural diversity (SD) characterizes the volume and physical arrangement of biotic components in

an ecosystem which control critical ecosystem functions and processes. LiDAR data provides detailed
3-D spatial position information of components and has been widely used to calculate SD. However, the
intensive computation of SD metrics from extensive LiDAR datasets is time-consuming and challenging
for researchers who lack access to high-performance computing resources. Moreover, a lack of
understanding of LiDAR data and algorithms could lead to inconsistent SD metrics. Here, we developed
a SD product using the Discrete-Return LiDAR Point Cloud from the NEON Aerial Observation Platform.
This product provides SD metrics detailing height, density, openness, and complexity at a spatial
resolution of 30 m, aligned to the Landsat grids, for 211 site-years for 45 Terrestrial NEON sites from
2013 to 2022. To accommodate various ecosystems with different understory heights, it includes three
different cut-off heights (0.5m, 2m, and 5 m). This structural diversity product can enable various
applications such as ecosystem productivity estimation and disturbance monitoring.

Background & Summary

Three-dimensional (3-D) structural diversity (SD) characterizes the volumetric capacity and physical arrange-
ment of biotic components in an ecosystem’, and is associated with critical ecosystem functions such as forest
productivity, species diversity, and forest health and disturbance?*™®. Light detection and ranging (LiDAR) data
provide detailed 3-D spatial position information on components of vegetation canopy and have been increas-
ingly used to estimate SD. LIDAR-derived SD generally encompasses five categories of metrics that are canopy
height, canopy density, openness, and interior and exterior complexity™’.

The LiDAR data from the National Ecological Observatory Network (NEON) Airborne Observation
Platform (AOP)'?, publicly available for free, is widely used to estimate SD**. The NEON program monitors
a variety of ecosystems across the United States and provides harmonized data from both ground surveys and
remote sensing data since 2013 (https://www.neonscience.org/). Although individual studies have computed
SD metrics at various NEON sites, variation in the workflows and parameter setup, such as cut-off height (a
height threshold below which LiDAR returns are excluded from SD calculation), could limit their generaliza-
bility across ecosystems. Moreover, the intensive computation of SD metrics from extensive LiDAR datasets is
time-consuming and challenging for researchers who lack access to high-performance computing resources.
Given the rapid growth of NEON-based macrosystem research>%!1, there is a clear need for a comprehensive
SD product derived from a consistent workflow and methodology across all the NEON sites.
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Fig. 1 NEON field survey sites across the United States ((a): Alaska, (b): Hawaii, (c): Puerto Rico, (d):
Contiguous US). Colors indicate land cover classes from National Land Cover Database.

To address this gap, we present a novel SD product, named NEON-SD, covering NEON’s 45 terrestrial sites
(Fig. 1) from 2013 to 2022, derived from the NEON AOP LiDAR data. NEON-SD delivers SD metrics of five cat-
egories (i.e., height, density, openness, exterior complexity, and interior complexity) with three commonly used
cut-off heights (0.5m, 2m, and 5m) for 30-m pixels that are aligned with Landsat World Reference System-2
(WRS-2) grids. This product was developed to facilitate a broad spectrum of ecological research and applica-
tions, such as ecosystem productivity prediction and disturbance monitoring™'. It provides the potential end
users with access to SD metrics across NEON sites, eliminating the need for individual large data processing
while providing flexibility to accommodate specific study requirements.

Methods

Datasets. The NEON AOP Discrete return LiDAR point cloud product (DP1.30003.001; accessed in March
2023) was used to generate this product'®. It provides 1 x 1 km pre-processed LiDAR data tiles, including coor-
dinates (X, Y, Z), classification, and intensity, for each of the 45 NEON sites. AOP survey has been conducted
for these sites since 2013, with the detailed site information and acquisition dates available in Tables SI and S2.
The AOP has employed three different commercial LIDAR systems: Optech Gemini (since 2013), Riegl LMS-
Q780 (introduced in 2018 for some sites), and Optech Galaxy (introduced in 2021 for some sites) as detailed
in Table S2. A key difference among the three sensors is the pulse repetition frequency (PRF), which is the rate
at which the laser transmits and receives pulses. The Optech Gemini has a maximum PRF of 100 kHz, the Riegl
Q780 can operate at up to 400kHz, and the Optech Galaxy operates at up to 1000 kHz. The differences in PRF
led to varying point densities among acquisitions with an average point density of ~5 points/m? for Gemini, 13
points/m? for Riegl, and 30 points/m? for Galaxy, respectively (Table S2). Typically, the LiDAR sensors are flown
at an altitude of 1,000 m above ground level and the adjacent flight lines overlap by 30%'°, resulting in higher
point density in overlapped areas.

Generation of the product.  This product was derived using R programming, primarily the lidR (version:
4.0.3) and leafR (version: 0.3.5) packages'*!*. The key processing steps include height normalization (Section
2.2.1) and metric calculation (Section 2.2.2). Parallel computing was applied for these steps to enhance efficiency.

LiDAR data preprocessing. For each tile of LIDAR data, we filtered the point cloud to remove noise and
normalized heights to a flat surface. Specifically, we first filtered out noise points whose heights are greater than
six standard deviations from the mean height and all points lower than ground points. Then, we set a 50 m buffer
around each 1000 x 1000 m LiDAR tile, resulting 1100 x 1100 m range, to alleviate the edge effect when nor-
malizing the heights. We normalized the heights using a digital terrain model (1 x 1 m) interpolated through
the k-nearest neighbor approach with inverse-distance weighting using the normalize_height function in lidR
package.

After normalization, we segmented the LiDAR points into individual 30 x 30 m pixels. We filtered out out-
lier points using the Noise Segmentation Algorithm (ivffilter) by setting a 3 x 3 x 3 m voxel resolution without
other points in the surrounding 27 voxels and excluded the points that are not classified as unclassified (code: 1),
ground (code: 2), low vegetation (code: 3), medium vegetation (code: 4), or high vegetation (code: 5). Then, we
generated a canopy height model (CHM, 1 x 1 m) for the calculation of some SD metrics (Table 1).
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Minimum point

Category Metrics Description Unit | Package Function density (pts/m?)

Quantile Heights (Q0, Q1, Q5, Q25, th th . " " i

Q50, Q75, Q95, Q99, and Q100) 0™ to 100™ quantiles of point height m quantile(Z) 2.0-3.0
Height Mean Height (MH) Mean of point height m mean(Z) 24

Mean Canopy Height (MCH) Mean of maximum height in 1m? grid m mean(CHM_1m?) 7.0
Density Vegetation Area Index (VAI)®* Vegetation area per unit of ground area | m?/m? | leafR::lad.voxels(k =1) leafR::lai | 2.0

Deep Gap Fraction (DGF)? Fraction of 1 m? canopy gaps in the plot | 1 Ngaps_1m?/Ncells_1m? 5.1
Openness ionsin 1- i

P Gap Fraction Profile (GFP)* 2{{22? of gap fractions in 1-m horizontal 1 lidR::gap_fraction_profile(dz=1) | 2.3
. . Standard deviation of outer canopy 2

Top Rugosity (TopRugosity) heights in 1 m? of plot m sd(CHM_1m?) 7.5

Exterior Complexity Ratiob . 1
. atio between canopy surface area an 22 | riam. . P
Rumple Index (RumpleIndex) its projected area on the ground m?*m? | lidR::rumple_index(CHM_Im?) | 7.0
Gini Coefficient Index (GiniCoeff)® the Gini coefficient of point height leafR::GC 22
Distribution of canopy cover among
. . L X leafR::lad.voxels(k =1)
abe
Foliage Height Diversity (FHD) ;?l‘tlca'l canopy layers expressed as a leafR+FHD(evenness = F) 4.7
iversity index.

Standard Deviation of Height (SDH) Standard deviation of point height m sd(Z) 2.0
Interior Complexity

Coefficient Variation of Height (CVH) | Coeficient of variation of point height SDH/MH 2.1

Mean of Standard Deviation of Height | Mean of standard deviation of point m mean(sd(Z_9m>))

(MSDH) height in 3 x 3m grid =

Standard Deviation of Standard Standard deviation of standard deviation m sd(sd(Z_om?) 5.8

Deviation of Height (SDSDH) of height in 3 x 3m grid - ’

Area® Area of bounding box of points m? lidR::area
Ancillary

Point Density Number of points per unit of ground area | pts/m? | N_points/Area

Table 1. Description of canopy structural diversity metrics in NEON-SD. The minimum point density needed
for reliable SD estimation is extracted from LaRue et al.’. The vertical resolution for VAT and FHD is 1 m.
Abbreviations and descriptions: Z — point height, CHM - canopy height model (of 1 x 1 m grids), Ngaps —
number of gaps, Ncells — number of cells, Z_9m? - point heights in 3 x 3 m grids, N_points - number of points,
dz - the thickness of the layers. *denotes the SD metrics were computed at three cut-off heights - 0.5, 2, and 5m.
bdenotes the SD metrics were computed using three grain-sizes - 1, 10, and 30 m. “denotes the SD metrics were
computed from existing packages: lidR or leafR.

Metric calculation. Based on the normalized LiDAR point cloud with a ground at 0 m, we calculated various
SD metrics (Table 1) in 30 x 30 m pixels aligned with Landsat WRS-2 grids. Mean Canopy Height (MCH), Deep
Gap Fraction (DGF), and Top Rugosity (Table 1) were calculated from the CHM and the rest of SD metrics in
Table 1 were directly calculated from LiDAR points. To expedite the computation and avoid memory outage, we
divided the LiDAR point cloud into 480 x 480 m blocks for each site-year and applied parallel computing for indi-
vidual pixels’ noise filtering and SD computation for each block. The computed metrics from these blocks were
then merged and saved in two formats, CSV table and raster TIF files, for each site-year.

We applied three grain sizes (the horizontal resolution of voxels) to calculate NEON-SD metrics (1m, 10m,
and 30m) for Vegetation Area Index (VAI) and Foliage Height Diversity (FHD) calculations which were based
on vegetation area density (VAD; vegetation area per unit of volume). Grain size has a complex effect on VAD
estimation'>'®. On the one hand, a larger grain size mitigates the effect of low pulse densities in lower portion
of canopy caused by the occlusion of leafy crowns and produces a more stable VAD. On the other hand, a grain
size as large as a tree or branches could cause strong leaf clumping, violating the MacArthur-Horn assumption
of random leaf distribution'®!”. Comparing the VAD profile in a tropical forest derived from airborne LIDAR
and Portable Canopy profiling Lidar, de Almeida et al.'® recommended a small grain size (<10 m) when point
density is >15 points/m* and a 10-m grain size for lower density point cloud'®. Therefore, we applied three grain
sizes — 1 m, 10 m, and 30 m - for the VAD estimation in this product. Practically, VAD was computed with the
function leafR::lad.voxels, which has a fixed vertical resolution of 1 m, with the extinction coefficient k set to 1.
VAI and FHD were then calculated from VAD using leafR::lai and leafR::FHD functions, respectively.

In addition to the SD metrics, NEON-SD also provides ancillary information including the area of bounding
box of LiDAR points (Area) and point density in individual pixels, serving as quality assessment of SD metrics.
Particularly, point density significantly influences SD characterization and its impact depends on SD metric
and forest type’. By artificially reducing point density, LaRue et al.’ found that SD metric values stabilize when
point density reaches or exceeds a certain threshold. The minimum point density required for robust estimation
ranging from 2.0 to 7.5 points/m” across different SD metrics’, which is documented in Table 1.

Note that all SD metrics were computed with a cut-off height of 0.5 m, effectively excluding the ground and
very low vegetation points to consider only those >0.5 m above the ground’. However, to accommodate the
complex and stratified nature of the vegetation systems, metrics including VAI, DGF, and Foliage Height
Diversity (FHD) (Table 1) were also computed at two additional cut-off heights (2m and 5m) (Fig. 2). These
thresholds were used to exclude small shrubs (<2 m)'® and shrubs (<5 m), thus adapting NEON-SD for varied
research needs across ecosystem types. For example, studies in regions with taller shrubs might opt for a higher
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Fig. 2 Examples of data excluded using three different cut-off heights in sample pixels of deciduous (a, SERC),
mixed (b, ABBY) and evergreen forests (c, ABBY) for individual 30 x 30 m pixels.

cut-off to reduce the impact of the understory species. Additionally, comparing SD between cut-off heights helps
characterize canopy structure within specific strata.

Data Records

The 30 m NEON-SD dataset is publicly available through the Environmental Data Initiative (EDI, https://doi.
org/10.6073/pasta/e02{855d69193a46571168575b35291d)". It provides SD across 45 Terrestrial NEON sites
spanning the years 2013-2022, resulting in 211 site-years. The data are presented in two file formats: CSV and
TIF. These two formats contain the same information and are offered for user convenience. SD metrics are rep-
resented as columns in CSV files and band files in TIF folders. The naming conventions for CSV and TIF files
are as follows:

SD_YYYY_SITE_N_EPSGDDDDD. csv

SD_YYYY_SITE_N_METRIC.tif

where YYYY, SITE, and N represents the acquisition year, site ID, and visit number, collectively forming the
site-year ID. EPSGDDDDD is the EPSG code for the UTM projection of the X and Y coordinates, and METRIC
specifies the metric name. The descriptions of individual metrics can be found in the metadata https://portal.
edirepository.org/nis/metadataviewer?packageid = edi.1519.1.

An example from the site-year 2021_TALL_6 illustrates SD metrics (MCH, VAI, DGF, TopRugosity, and
FHD, each representing one of the five SD categories) of various vegetation types including deciduous, ever-
green, mixed forests and shrubland/grasslands (Fig. 3). These metrics generally correspond with the national
land cover database (NLCD) map®, with forested areas displaying higher values of MCH, VAI, TopRugosity,
and FHD, and lower DGF than shrubland/grassland. An increase in the cut-off height led to a reduction in VAI
and FHD, and a rise in DGEF, particularly more evident in shrub/grasslands compared to trees (Fig. S1). Point
density varied spatially along flight lines, with increased densities in areas where flight lines overlap. The average
point density is 18 + 8 points/m* (Table S1), meeting the requirement for reliable SD estimation, and no clear
association of spatial pattern between SD metrics and point density was observed because of the relatively high
point density.

Technical Validation

We compared our NEON_SD metrics with a variety of independent products including other NEON products
and spaceborne LiDAR data that provide the same or similar metrics. The goal of these comparisons is to place
this data product in the context of other commonly used sources of data rather than attempting to establish a
single “best” source of data. Our comparison was performed on height metrics, DGF, FHD, and VAI based on
data availability. The cut-off height of 0.5 m for NEON-SD metrics was used in all evaluations because this sce-
nario most closely aligns with reference products that typically measure the entire canopy. Linear regression
modeling was conducted to compare NEON-SD with reference datasets, using R* and Root Mean Square
Deviation (RMSD) for quantitative analysis. RMSD is calculated from the estimated metric () and the reference

(y)asin Eq. 1:
RMSD = ,Z(y——ﬁ)z
n 1)

Height metrics. We compared NEON-SD’s height metrics with both ground surveys and spaceborne LIDAR
data. For ground survey reference, we used the NEON’s Vegetation Structure Data Product (DP1.10098.001)*,
which provides in-situ structure measurements using rangefinders, measuring sticks, or equivalent tools and
mapped positions of individual plants for NEON Distributed and Tower plots. Meanwhile, we compared
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Fig. 3 Maps of structural diversity in 2021_TALL_6. Vegetation Area Index (VAI), Deep Gap Fraction (DGF),
and Foliage Height Diversity (FHD) with a cut-off of 0.5m (a-c), 2m (d-f), and 5m (g-i); Mean Canopy Height
(MCH) (j); Top Rugosity (k), Point Density (1), and NLCD land cover (m).

NEON-SD’s height metrics with GEDI L2A product from the GEDI mission that was launched in December 2018
aboard the International Space Station®’. While airborne LiDAR measurements are generally more accurate than
those of GEDI, we compared our product with GEDI to better understand the consistency of SD metrics between
airborne and spaceborne LiDAR products. The information can be useful for scaling up from ALS-derived struc-
tural diversity at high resolution to GEDI-derived SD at moderate resolutions (e.g., Hakkenberg et al.%).

For MH and MCH, we selected 34 terrestrial NEON sites where the NEON’s Vegetation Structure data are
available. Ground-based tree height surveys by NEON have been conducted using rangefinders, measuring
sticks, or equivalent tools. We calculated the yearly plot-level height by averaging the individual tree heights in
each plot. Then, we compared them with NEON-SD’s MH and MCH by the year. For Q50 and Q99 evaluations,
we selected 23 sites covered by the GEDI L2A data during leaf-on seasons (between June to September in 2020
to 2022). Following GEDI’s product guidelines??, we filtered out daytime acquisitions with sensitivity less than
0.95 and those marked with a quality flag of 0. To compare NEON-SD with GEDI products, we calculated the
weighted mean values by computing zonal statistics with 12.5m buffers surrounding each GEDI beam’s center
location. We matched the years in comparisons between our height metrics with GEDI L2A data.

The NEON-SD heights were consistent (R*>> 0.6) with ground surveys. The comparison between MH and
ground survey mean height demonstrated an almost 1:1 correspondence (slope =1.1), with the R?, RMSD, and
RMSD% being 0.71, 3.94m, and 28.69%, respectively (Fig. 4a). The comparison of MCH indicated that the R?,
RMSD, and RMSD% were 0.61, 6.11 m, and 44.46%, respectively (Fig. 4b). Ground survey mean height was
0.84m and 1.26 m lower than NEON-SD MH and MCH, respectively (Fig. 4a,b). We speculated that the difficul-
ties in measuring the height of tall trees and the complexity of the topography could influence these underesti-
mations in the ground survey data®.

When compared to GEDI L2A’s RH99 and RH50, NEON-SD’s Q99 and Q50 were higher by 0.2 and 1.4m,
respectively (Fig. 5). The Q99 comparison yielded a R? of 0.64, RMSD of 6.9 m, and RMSD% of 37.5%, respec-
tively, and the values were 0.59, RMSD of 5.72 m, and RMSD% of 67.7% for the Q50 comparison. Moreover,
the correlation between the GEDI and NEON-SD heights varied across the forest types (deciduous, evergreen,
mixed forests, and shrub) with p-values < 0.001. Specifically, evergreen forests showed the highest R* (0.59 and
0.59 for Q99 and Q50, respectively), followed by deciduous forests (0.32 and 0.35), mixed forests (0.26 and 0.28)
and shrub/scrub (0.35 and 0.16). The height comparisons appeared to be unaffected by the LiDAR point den-
sity, despite a significant association between point density and both Q99 and Q50. The scaled coefficients for
density in each model are 0.9, respectively, while those for scaled RH99 and RH50 are 8.9 and 6.2, respectively,
with all p-values < 0.001 (Fig. 5¢,d). The disagreement between these two datasets might result from uncertain-
ties in GEDI beam locations, slopes, aspects, and canopy heterogeneity*#?*, misalignment between the GEDI
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Fig. 4 Height comparisons between the ground surveys and our products at NEON plots. The solid black
line represents the 1:1 line. The red line and surrounding grey shadow represent the regression line and 95%
confidence intervals, respectively.

footprint (25 m-radius) and our gridded product (30 m-grid), and land cover changes between AOP and GEDI
acquisitions. Ground observations of tree height and LiDAR estimates of canopy height both have their own
well-known sources of measurement error. Thus, while our data product broadly agrees with other sources, all
values should be considered estimates and interpreted with caution.

We also compared FHD and DGF between NEON-SD and GEDI L2B product (Figs. S3, S4). They showed
the highest R? in evergreen forests (FHD: 0.46 and DGF: 0.26), followed by shrub/scrub (0.26, 0.20), deciduous
(0.25, 0.10), and mixed forests (0.16, 0.09), with point density not appearing to affect the comparison results
(Fig. S2). NEON-SD’s FHD aligned well with GEDI when the value exceeded 1.5. In the comparison of DDE. In
the case of the DGF comparison, NEON-SD generally showed lower values compared to GEDI L2B across the
forest types, except for the shrub/scrub type (Fig. S3).

VAl evaluation. We evaluated NEON-SD’s VAI using NEON’s 1-m Leaf Area Index (LAI) product
(DP3.30012.001) as an independent reference®!. The LAI product (hereafter called spectra-LAI) is derived using
vegetation index from NEON Imaging Spectrometer, whereas the LIDAR-VAI in NEON-SD is based on the
Beer-Lambert Law'®. Although spectra-LAI represents the photosynthetic components (primarily leaves) and
LiDAR-VAI reflects all components that interact with LIDAR pulses, it is generally assumed that a linear rela-
tionship exists between them®?%?”. We compared LiDAR-VAI with Spectra-LAI to assess their correlation and to
investigate how point density and grain size—factors known to influence VAD estimation'>'*—affect this rela-
tionship. This comparison helps clarify the relationship between LiDAR-VAI and Spectra-LAI across different
conditions and evaluates the influence of point density and grain size on VAI estimation.

The comparison between NEON-SD VAI and spectra-LAI was conducted on a site-year basis to account for
the variations in canopy properties and point-density across site-years which influence the extinction coefficient
and VAI calculation®®. Thus, we randomly selected three NEON sites representing different forest types and
canopy properties: MLBS (deciduous forest), SOAP (evergreen forest), and TALL (mixed forest). For each site,
we included two acquisitions to capture variations in point density. The site-years 2021_MLBS_4, 2021_
SOAP_5,and 2021_TALL_6 (captured with either Galaxy or Riegl) displayed higher average point densities, and
site-years 2017_MLBS_2,2019_SOAP_4, and 2019_TALL_5 (captured with Gemini) displayed relatively lower
point densities (Table S2). Spectra-LAI was averaged into 30-m pixels to match with NEON-SD. To examine the
impact of grain size on VAL we evaluated six grain sizes (1 m, 3m, 5m, 10m, 15m, and 30 m), though NEON-SD
ultimately included only three of them (1 m, 10 m, and 30 m). Specifically, R? was calculated from linear mode-
ling between spectra-LAI and LiDAR-VAI, and RMSD was calculated between spectra-LAI and the LAI pre-
dicted from NEON-SD VAI (LAI) (Eq. 2):

LAI = b + a x VAI ()

Results showed relatively low R? (0.08-0.44) between LiDAR-VAI and spectra-LAI, which could result from
the difference in the definitions and retrieving methods between LiDAR-VALI and spectra-LAl, sensor artifacts,
and sensor configuration (e.g., point density). Acquisitions with higher point densities (24, 20, and 18 points/m?
for 2021_MLBS_4,2021_SOAP_5and 2021_TALL_6, respectively) retrieved higher R? and comparable RMSD
values than those with lower point densities (5, 5, and 6 points/m? for 2017_MLBS_2, 2019_SOAP_4, and
2019_TALL_5, respectively). This indicates more effective VAI characterization with denser points.

For both acquisitions with higher and lower point densities, smaller grain sizes (1 m or 3 m) resulted in larger
R? and smaller RMSD. Particularly, acquisitions with higher point densities saw a closer VAI-LAI relationship
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Fig. 5 Comparisons of quantile 99" and 50" heights between NEON-SD and GEDI by land cover (a,b) and
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represent the regression line and 95% confidence intervals. Low to high categories of point density (c,d) were
classified by the mean =+ 1 standard deviation of the point density. The solid black line represents the 1:1 line.

100

at the 1 m grain size (Fig. 6a,b); whereas those with lower densities found the closest match at a 3 m grain size
(Fig. 6¢,d). This pattern aligns with the finding that a finer grain size results in a more accurate estimation of LAI
for denser point clouds!'®.

Interestingly, a grain size of 10 m for lower-density acquisitions obtained relatively lower R? and higher
RMSD values than other grain sizes (Fig. 6¢,d), deviating from the recommendation in de Almeida'® of a 10-m
grain size for a stable VAI estimation when point density is <10 points/m?. The discrepancy could stem from
two main differences. First, the forest type between the studies may affect the results - this study selected tem-
perate forests, while de Almeida et al.'® focused on a tropical rainforest!®. Second, the evaluation methods differ
in that this study compares VAI with Spectra-LAI, whereas de Almeida'® assessed the stability of VAT relative to
grain size.

The spatial pattern of NEON-SD’s VAI and Spectral LAI generally matches land cover for site-years with
higher point densities (2021_MLBS_4, 2021_SOAP_5 and 2021_TALL_6) (Fig. 7). Forested areas display
higher VAI or LAI than other land cover types. We presented only VAI maps with a grain size of 1 m as the
spatial pattern of VAI is consistent across different grain sizes. We note that Spectra-LAI exhibits striping in
2021_MLBS_4 and 2021_TALL_5 (Fig. 7b,e), as well as in 2017_MLBS_2 (Fig. S4d), potentially due to differ-
ences in atmosphere conditions, sensor artifacts, and/or solar angle between flight lines. In contrast, acquisitions
with lower point densities (2017_MLBS_2, 2019_SOAP_4, and 2019_TALL_5) show striping associated with
point density variation in VAI at grain size of 1 m (Figs. S4a, S4m), but not in VAI at grain sizes of 10m or 30 m.
It suggests that a grain size of 10 m or 30 m should be used for NEON-SD VAI of acquisitions with lower point
density (captured with Gemini).
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Usage Notes

Our NEON-SD product provides structural diversity metrics encompassing height, density, openness, and
exterior and interior complexity at three cut-off heights (0.5m, 2m, and 5m). Users can select an appropriate
cut-off height based on their specific needs. For studies focusing on all vegetation, a cut-off height of 0.5 meters
is advisable; for studies focusing on canopy vegetation, a cut-off height of 2m or 5m (depending on height of
understory vegetation) is recommended. Additionally, three grain sizes (1 m, 10 m, and 30 m) were used for
Vegetation Area Index (VAI) and Foliage Height Diversity. Our findings suggest a 1 m grain size is optimal for
VAL in site-years captured by higher density LiDAR systems like Optech Galaxy or Riegl LMS-Q780, while a
10m or 30 m grain size is suitable for those captured by Optech Gemini (lower point density). Further, point
density for each pixel is provided as an important factor influencing the estimation of SD metrics. Users are
advised to use metrics that meet the minimum point density requirements (Table 1) for reliable SD metric esti-
mation, particularly when studying the spatial or temporal dynamics in SD. In addition, users can compare SD
metrics across sites and years, calculated within the same grains and cut-off heights, with application to a wide
range of ecological research topics (e.g., Choi et al.®). Last, steep slopes and complex local terrains may influence
SD values, particularly FHD?. We recommend that users apply our SD product in conjunction with NEON’s
topography product (DP3.30025.001%°) with caution in areas of complex topography, especially in applications
that rely on the actual vertical vegetation structure.

Code availability
The product NEON-SD and the computer code with example input data are openly available on the
Environmental Data Initiative: https://doi.org/10.6073/pasta/e02{855d69193a46571168575b35291d".
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