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PREFACE

Ecosystem structure, or vegetation structure, is the arrangement and distribution of
vegetation material in three-dimensional space within an ecosystem (Gils and Wijngaarden,
1984; Graetz, 1990). It is a fundamental property of terrestrial ecosystems (Spies, 1998;
Migliavacca et al., 2021), and is both an essential determinant and a result of ecosystem
functioning and biodiversity (MacArthur and MacArthur, 1961; Graetz, 1990; Spies, 1998;
Beland and Baldocchi, 2021; Novella-Fernandez et al., 2022). Understanding the variability in
ecosystem structure is critical in projecting the response of terrestrial ecosystems to climate
change (Li et al., 2023; Ma et al., 2023).

Our understanding of terrestrial ecosystem structure has been confined by the availability
of data. Earliest ecological studies tend to describe the variability in ecosystem structure by at
most four layers (i.e., stratification): the emergent layer, the canopy, the understory, and the
forest floor (Smith, 1973). Our understanding of the variation in ecosystem structure from
traditional ecological studies is mostly based on sites of up to a few hundred square kilometers in
area (Clark and Clark, 2000; Higgins et al., 2015).

Airborne and spaceborne lidar instruments alleviate the limitation by generating direct
ecosystem structure measurements throughout the canopy height profile and by characterizing
ecosystem structure at finer vertical resolutions across the world’s terrestrial biomes (Tang et al.,
2019; Kellner et al., 2019; Dubayah et al., 2020, 2022; Akturk et al., 2023; Ma et al., 2024).
Different dimensions (e.g., vertical, horizontal) and various perspectives (e.g., leaf area, mass) of
ecosystem structure can be characterized by lidar data through structure metrics. For example,
height that represents vertical structure (Lang et al., 2022) and foliage height diversity (FHD)

that represents the heterogeneity of vertical structure (Dubayah et al., 2021), cover that
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represents the horizontal distribution of vegetation (Akturk et al., 2023; Tang et al., 2019), plant
area index (PAI) (or leaf area index if leaves and stems are distinguished) or aboveground
biomass density (AGBD) that depict ecosystem structure from a more synthesized dimension
(Dubayah et al., 2022; Ma et al., 2024). Such structure metrics are widely used to understand and
predict the past, current and future of terrestrial ecosystems under changing climate and
intensified human land use (Le Toan et al., 2011; Chen et al., 2019; Ma et al., 2023; Li et al.,
2023).

Although ecosystem structure has been characterized by lidar data from different
perspectives and across various spatial scales as mentioned above, there are two major
limitations on our understanding of the variation in ecosystem structure using lidar. First, the
measurement characteristics and algorithms used to quantify the structure metrics could
influence our conclusions about ecosystem structure (Kellner et al., 2019; Brede et al., 2022).
Second, it is unclear if the variability of ecosystem structure is still primarily predicted by the
physical environment considering the widespread human modification to global land surface
(Brandt et al., 2017; Song et al., 2018)

The objective of my dissertation is to enhance our understanding of terrestrial ecosystem
structure using lidar by addressing the limitations. My dissertation asks the question, what
explains the variation in ecosystem structure, and answers it from two perspectives with three
chapters: (1) measurement characteristics and algorithms, (2) the role of human impacts and the
physical environment in explaining the variation in ecosystem structure.

In chapter 1, | used high density drone lidar data in the Czech Republic to disentangle the
impact of two measurement characteristics on obtaining complete samples of forests. | used ray-

tracing in voxel space to quantify the sampling completeness under different measurement



characteristics throughout the canopy height profile. | found that, although the drone lidar data
searched 98.1% of the voxels, there were three ways a voxel could be undetected and they all
existed in the drone lidar data. VVoxels that were searched but did not trigger a return existed both
at near-ground and canopy top, even when pulse density was as great as 1000 pulses /m?. | also
found that the impact of scan-angle range was limited when it was decoupled from pulse density.
This research advances our understanding of the impact of measurement characteristics on drone
lidar sampling and demonstrates the importance of using ray-tracing to assess the sampling
completeness of drone lidar.

In chapter 2, | explored the role of human impacts and the physical environment in
explaining the variation in ecosystem structure using various environmental and socio-economic
datasets that represent the physical environment and human impacts. | linked them to structure
metrics from a spaceborne lidar across the world’s regions covering different terrestrial
ecosystems and human activities. | used a machine learning model and permutation analyses to
investigate if human impacts add additional explanatory power to the variability of ecosystem
structure. | found human impacts did not add much additional explanatory power. | tested three
hypotheses that explained the result and found that, although human impacts explained some
variation in ecosystem structure, an explanation for the result was the limited number of
anthropogenic variables and the correlation between physical variables and anthropogenic
variables. The results suggest that it is not feasible to disentangle human and physical impacts in
some regions based on the data we have. This chapter demonstrated the necessity of checking
some assumptions when using global environment and socio-economic datasets to explain the

variability in ecosystem structure.



In chapter 3, | interrogated the current aboveground biomass density (AGBD) data
product from Global Ecosystem Dynamics Investigation (GEDI) by examining the prediction
strata used for the AGBD models. To examine if there was within-strata variation in the
relationship between structure metrics and AGBD, | developed local models within geographic
subsets of current prediction strata. | checked the difference of the local models within each
prediction stratum by checking model coefficients statistically and by comparing model
predictions. | used on-orbit GEDI footprints to predict AGBD based on the local models and
used three types of regularized models to avoid extreme predictions. | found within-strata
variation in current prediction strata, which suggests the heterogeneity of the relationship
between AGBD and structure in current prediction strata. The research provides insights to the
next version of the AGBD data product from GEDI.

To conclude, my dissertation enhanced our understanding of the variation in global
ecosystem structure using lidar. | developed a method to quantify the sampling capability of
drone lidar with ray-tracing and disentangled the impact of important measurement
characteristics on sampling completeness (chapter 1). | interrogated the algorithm stratification
of current AGBD data product from GEDI and found that the relationship between structure and
biomass may be more complex than the current stratification by continent and plant functional
type (chapter 3). | explored the impact of human activities in comparison to the physical
environment in explaining the spatial variation in ecosystem structure and found that it is hard to
disentangle human and physical impacts due to the redundancy and the degree of informativity

of the anthropogenic variables in comparison to physical variables.
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Abstract

Drone lidar has the potential to provide detailed measurements of vertical forest structure
throughout large areas. But a systematic evaluation of unsampled forest structure in comparison
to independent reference data has not been performed. Here we used ray tracing on a high-
resolution voxel grid to quantify sampling variation in a temperate mountain forest in the
southwest Czech Republic. We decoupled the impact of pulse density and scan-angle range on
the likelihood of generating a return using spatially and temporally coincident TLS data. We
show three ways that a return can fail to be generated in the presence of vegetation: first, voxels
can be searched without producing a return, even when vegetation is present; second, voxels can
be shadowed (occluded) by other material in the beam path, preventing a pulse from searching a
given voxel; and third, some voxels are unsearched because no pulse was fired in that direction.
We show that all three types exist, and that the proportion of each of them varies with pulse
density and scan-angle range throughout the canopy height profile. Across the entire data set,
98.1% of voxels known to contain vegetation from a combination of coincident drone lidar and
TLS data were searched by low-altitude drone lidar, and 81.8% of voxels that were occupied by
vegetation generated at least one return. By decoupling the impacts of pulse density and scan
angle range, we show that sampling completeness is more sensitive to pulse density than to scan
angle range. There are important differences in the causes of sampling variation that change with
pulse density, scan angle range, and canopy height. Our findings demonstrate the value of ray

tracing to quantifying sampling completeness in drone lidar.

Keywords: forest; drone; lidar; voxel; ray tracing; terrestrial laser scanning



1. Introduction

Forests are important terrestrial ecosystems covering 31% of the terrestrial land surface
and accounting for 75% of terrestrial gross primary production (Beer et al., 2010; Pan et al., 2013;
FAO and UNEP, 2020). Lidar observations of forests are essential for deriving key traits (e.g., leaf
area index), depicting tree morphology, and monitoring spatiotemporal changes (Coops et al.,
2021; Disney et al., 2020; Lietal., 2017; Liu et al., 2019; Morsdorf et al., 2006; Olsoy et al., 2014;
Pueschel et al., 2013; Rosca et al., 2018; X. Yang et al., 2013). Detailed lidar observations can also
serve as independent estimates to calibrate and validate global data products from spaceborne lidar
and radar missions (Committee on Earth Observation Satellites, 2021; Disney et al., 2019;
Duncanson et al., 2019; Saatchi et al., 2011; Stovall and Shugart, 2018). The application of lidar
observations in these studies has been advancing our understanding of the functioning of forest
ecosystems and their roles in the carbon and water cycles under changing climates (Beland et al.,
2019; Ma et al., 2023; Smith et al., 2019).

Terrestrial laser scanning (TLS), with its high point density, captures forest structure in
great detail (Calders et al., 2020; Liang et al., 2016). It is therefore promising for accurately
estimating aboveground biomass based on structural metrics such as diameter at breast height
(DBH), various crown dimensions, and wood volume on as fine a level as the individual tree
(Bornand et al., 2023; Calders et al., 2015; Dassot et al., 2012; Strahler et al., 2008; Wang et al.,
2021; Zheng et al., 2013). Ground-based scanning tends to prevent laser pulses from reaching
canopy tops, especially during leaf-on seasons in dense forests (Brede et al., 2017; Disney et al.,
2019). Multiple scans from different locations can reduce occlusion, but the data acquisition can
be labor-intensive and time-consuming for large areas and requires careful planning (Wilkes et al.,

2017). Some regions may be inaccessible for acquiring extra scans, and scans may be influenced



by wind effects (Calders et al., 2014). Airborne laser scanning (ALS) generates more detailed
measurements at upper canopies than at lower canopies (Chasmer et al., 2004; Brede et al., 2017),
usually with much lower point density compared to TLS (LaRue et al., 2020). ALS observations
or products are essential for scaling between field measurements and satellite data products
(Saarela et al., 2020; Xu et al., 2017; Zhao et al., 2009).

Backpack and handheld laser scanning (Ryding et al., 2015; Bauwens et al., 2016; Hyyppa
et al., 2020) have become popular due to their lower costs and greater mobility in comparison to
TLS (Liang et al., 2014b). But they are still mostly used within small areas, since large-area
mapping with these systems is labor-intensive, and most regions remain inaccessible. Mobile laser
scanning (MLYS), such as car-based systems or lidar onboard all-terrain vehicles (Liang et al.,
2014a), can map larger areas than backpack or handheld lidar systems with less human labor
(Jaakkola et al., 2010), but these approaches are more common in urban mapping (Yang et al.,
2013) and have limited applications in forests (Bauwens et al., 2016).

Low-altitude drone lidar can produce point clouds with orders of magnitude greater
sampling densities than traditional ALS (Brede et al., 2022; Calders et al., 2020; Kellner et al.,
2019; Puliti et al., 2020; Qi et al., 2022; Resop et al., 2019) and can scan regions that are
inaccessible on the ground (Barazzetti et al., 2023; Shui et al., 2022). Because sampling densities
and scan-angle ranges are greater, drone lidar may be able to resolve understory structure that
traditional ALS cannot. Overlapping flight lines from low-altitude drones, analogous to multiple
TLS scans from different locations, can significantly increase the observed canopy volume due to
greater scan-angle ranges and pulse densities (Pueschel et al., 2013; Kikenbrink et al., 2017;
Kellner et al., 2019; Brede et al., 2022). However, it remains unknown how scan-angle ranges and

pulse densities interact to influence the sampling properties of lidar data from airborne sensors



throughout the canopy height profile. Airborne sensors tend to acquire relatively few returns near
the ground. But it remains unclear whether measurement characteristics can be modified to
produce a more complete sample within canopy volume.

Ray tracing in voxel space, originally used for radiative transfer modeling in three
dimensions (Cifuentes et al., 2014; Li et al., 2018; Magney et al., 2016; Musselman et al., 2013;
Xie et al., 2018), is widely used to analyze TLS data (Béland et al., 2014, 2011; Bienert et al.,
2010; Disney et al., 2006; Paynter et al., 2018; Stovall et al., 2017; Van der Zande et al., 2009;
Zong et al., 2021). Fewer studies have applied ray tracing to ALS or drone lidar data (Dayal et al.,
2022; Korpela et al., 2012; Morsdorf et al., 2007; Vincent et al., 2017). When ray tracing is
employed, the path of each laser pulse is tracked as it travels through voxels (Amanatides and
Woo, 1987). A return is generated when a laser pulse is reflected by vegetation or other material.
In forests, voxels that contain a return are known to be occupied by vegetation. However, voxels
that do not contain a return may be unoccupied, and therefore no return can be generated; or they
can be occupied but not detected. VVoxels that are occupied and not detected can exist in a lidar
data set for a variety of reasons: they can be unsearched by laser pulses, for example, because pulse
density is insufficient, occluded due to the presence of other occupied voxels within the beam path,
or searched but not detected. A voxel can be searched and not detected when a laser pulse passes
through empty space within an occupied voxel, or not enough laser energy is reflected to be
recognized as a discrete return by post-processing algorithms.

We define sampling completeness, p, as the number of detected voxels divided by the

number of voxels that are occupied. Sampling completeness is a ratio between 0 and 1.

_ Ndetected

P=r (1)

noccupied



Its complement, sampling incompleteness, is 1 —p. Sampling incompleteness can be
represented by different types of undetected voxels. Few studies using ALS or drone lidar have
used ray tracing to quantify different types of undetected voxels (Kukenbrink et al., 2017; Brede
etal., 2022).

Here we use ray tracing to quantify sampling completeness using data from high-density
drone lidar in a temperate mountain forest in the southwest Czech Republic. By using ultra-high-
density measurements collected under a wide scan-angle range, we generate simulated datasets
using subsampling to evaluate the consequences of different pulse densities and scan-angle ranges
on sampling completeness. We benchmark understory to near-ground measurements from drone
lidar using TLS data that was collected on the same day. We use this analysis to address four
questions: (1) Is sampling completeness more sensitive to pulse density or scan-angle range? (2)
How do different types of undetected voxels covary with pulse density and scan-angle range? (3)
How does sampling completeness vary within the canopy height profile? (4) What kinds of

undetected voxels are responsible for unsampled forest structure?

2. Materials and Methods

2.1 Drone lidar

We collected lidar data over a temperate mountain forest in the southern Czech Republic
using a low-altitude drone (Kellner et al., 2019). The site contained the Zofin forest dynamics plot,
a 25 ha permanent-inventory plot in which all free-standing woody plants with DBH greater than
1 cm were mapped and monitored since 2012 (Anderson-Teixeira et al., 2015; Janik et al., 2016).
The forest was dominated by old-growth European beech (Fagus sylvatica) and Norway spruce

(Picea abies), with occasional silver fir (Abies alba) (Cushman et al., 2023; Janik et al., 2016).



Data were collected using a RIEGL VUX-1 laser scanner coupled to an Oxford Technical
Solutions (OXTS) Survey+2 GPS-IMU. The VUX-1 could record up to 500,000 measurements per
second at a wavelength of 1,550 nm. The sensor recorded the return-time of emitted laser pulses
and processed the recorded waveform to identify discrete reflective surfaces (returns) within every
emitted laser pulse. It could record more than 3 returns per emitted pulse. The OxTS GPS-IMU
was a survey-grade instrument designed for aerial mapping applications. The nominal roll and
pitch accuracy were 0.03 degrees, and the nominal heading accuracy in dual-antenna mode was
0.05 degrees. During flight operations we collected an independent Global Navigation Satellite
System (GNSS) data stream using a Novatel FlexPak 6 Triple Frequency + L-band GNSS receiver.
We used this data stream to differentially correct the OxTS GPS-IMU measurements in post
processing. A previous analysis demonstrated that post-processed range accuracy was less than 5
cm (one sigma) on a heterogeneous target (a fallen dead tree; Kellner et al., 2019).

The data were collected in two sets of orthogonal flight lines on June 6, 2018 under leaf-
on conditions. There were 45 flight lines in the NW-SE direction, and 45 flight lines in the NE-
SW direction (Figure 1A). We used two sets of flight lines over the same area to ensure high-
density point coverage of stem and branch structure. The nominal flight altitude was 110 m
aboveground, and the nominal flight speed was 6 m/s. The maximum scan-angle range was + 60
degrees. Mean point density in the leaf-on point cloud was 2,166 points / m?. We classified ground
returns within the calibrated and georeferenced point cloud using a progressive morphological

filter (Zhang et al., 2003) and excluded ground returns from the following analyses (Figure 2).
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Figure 1. (A) Flight lines from drone lidar in a temperate mountain forest in the southwest Czech
Republic. We completed two sets of orthogonal flight lines. (B) Locations of TLS scans and 100
m? plots used in this study. (C) The 100 m? plots used in this study in relation to censused stems.

The point size of the censused stems is proportional to DBH.
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Figure 2. High-resolution forest structure from a low-altitude drone. Squares are 0.5 m voxels.
Voxels were classified into four categories using non-ground returns from drone lidar: voxels with
one or more returns (green), voxels that were searched by laser pulses and contain no return
(yellow), voxels with only occluded pulses (blue), and voxels with no returns, laser pulses or
occluded pulses (white). Grey dots on green voxels represent lidar returns. Darker grey dots

indicate more returns in the voxel.

2.2 Terrestrial laser scanning

We collected TLS data within a 1 ha area at 22 scanning positions using a Leica P20
ScanStation on June 6, 2018 (Figure 1B). All TLS data were co-registered using ground-based

reflective targets. The mean absolute co-registration error was 1 mm (Kracek et al., 2020). We



classified ground returns in the calibrated and georeferenced point cloud using the terrain-from-
octree algorithm in 3D Forest (Trochta et al., 2017). We then manually co-registered TLS data to
the drone lidar point cloud. To estimate the registration error between TLS and drone lidar data,
we measured the distance between 20 pairs of TLS and drone lidar points in each of the four 100
m? plots (80 pairs in total) and calculated the arithmetic mean. The mean distance was 0.25 m, and

the standard deviation was 0.2 m.

2.3 Ray tracing and voxel-traversal

We assessed the impact of pulse density and scan-angle range on detected and different
types of undetected voxels using a grid with 0.5 m voxels. For each voxel, we determined whether
the voxel was occupied by vegetation or not based on the union of the TLS and drone lidar points.
Occupied voxels were voxels containing at least one return from TLS or drone lidar data. Part of
our analysis was to investigate under what pulse density and scan-angle range the occupied voxels
would be detected by simulating different pulse densities and scan-angle ranges. Our analysis
identified three types of undetected voxels (Figure 3). First, we describe the reconstruction of pulse
trajectories and the determination of different undetected voxels with ray tracing. We then
document how different pulse densities and scan-angle ranges were simulated in section 2.4.
2.3.1 Reconstruction of pulse trajectories

We considered pulse trajectories as line segments with a starting point and an ending point.
The location of the ending point was determined by the coordinates of a lidar return. To denote the
starting point, we used the aircraft location at the time a return was recorded. For each recorded
return, we determined the aircraft’s location in latitude (Y), longitude (X), and elevation (Z) using

linear interpolation of the 100 Hz GPS trajectory. After determining starting points of pulse
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trajectories, we identified multiple returns associated with the same pulse using the recorded return

number and the GPS time.
2.3.2 Voxel traversal

We calculated searching distances of the pulse trajectories within each voxel to identify
different types of undetected voxels. Before calculating the searching distances, we determined
the intersection points of each pulse trajectory with each voxel based on Eq. (2 — 4). First, we
assessed whether the pulse was parallel to any plane of a voxel using

i-np # 0, 2

where u represents the direction vector of a pulse trajectory, and np represents the normal vector
of a plane coinciding with one of the six voxel surfaces. When the dot product of the two vectors
was equal to 0, the pulse was parallel to the plane of the voxel and could not intersect that plane.
When the pulse was not parallel to a voxel plane, a line (not a line segment) sharing the
same direction as the pulse trajectory intersects the infinite plane that coincides with the voxel
plane. The intersection point between the line and the infinite plane was denoted by P. Solving for
P requires the distance from the aircraft location, 10, to P, denoted using the scalar t. We solved

for P and t using Eq. (3 —4):

P=u0+t -1 (3)

(P—P0) - np =0, (4)

where PO represents a random point on the plane.
After determining all intersection points based on the line and the infinite planes of a voxel,
we excluded intersection points outside the voxel. Each voxel had at most two intersection points.

We denominated the distances from the aircraft location to the intersection points Dmin and Dmax

11



according to the relative quantity of the distances, where Dmin represented the distance from the
starting point of the pulse trajectory to the entry point into the voxel, and Dmax represented the
distance to the departure point. The distance from the aircraft location to the lidar return point was
D. If, for a given voxel, D < Dmin 0r D > Dmax, the lidar return was generated in a different voxel.

The searched distance of a pulse trajectory concerning a given voxel was calculated under
four scenarios (Figure 3A). In scenario #1 (Figure 3A: ¢, d, g, h), there were no intersection points
for a given voxel, meaning that the searched distance of pulses inside the voxel was 0 because the
laser was not fired in the direction of the voxel. In scenario #2 (Figure 3A: f, i), D < Dmin. Here the
searched distance within the voxel was 0 because the lidar return was triggered in a voxel closer
to the sensor along the beam path. Scenario #3 (Figure 3A: e) illustrated a searched voxel where
Dmin < D < Dmax. Here the searched distance was D — Dmin and a lidar return was generated inside
the voxel. Lastly, in scenario #4 (Figure 3A: a, b), D > Dmax, representing a voxel searched without
producing a lidar return. The searched distance was Dmax — Dmin. The total distance searched for a
given voxel was the sum of the searched distances produced by all pulse trajectories within the
voxel.

When a voxel could have been traversed by a pulse, but it was not due to interception by
other material along the beam path, this voxel was an occluded voxel. Voxels could be partially
occluded or completely occluded. A voxel was partially occluded when non-occluded pulses also
traversed it. A voxel was completely occluded when it was never traversed by a pulse, despite

individual pulses being fired in the direction of the voxel.

12
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Figure 3. Voxel traversal and voxel type determination. (A) Illustration of voxel traversal in a 2-
D view featuring nine voxels and a laser pulse generating a return. Suppose all the squares
represent occupied voxels. The solid yellow line segment represents a pulse trajectory. The green
dot represents a lidar return. The black dot is the starting point of the pulse trajectory. Letters a —

I are labels for the voxels. (B) Relationships among the voxels depicted in (A).

2.4 Quantifying sampling completeness under simulated conditions

We quantified sampling completeness and proportions of three types of undetected voxels
(Figure 3B; undetected and searched voxels, undetected and unobserved voxels, and undetected
and completely occluded voxels) under simulated pulse densities and scan-angle ranges. Sampling
completeness was quantified using the proportion of occupied voxels that were detected. The
proportions of each type of undetected voxel were the ratios of those voxels relative to the total
number of occupied voxels. Sampling completeness was quantified in both a 1 ha plot and four
100 m? plots, while proportions of different types of undetected voxels were quantified in the 100
m? plots (Figure 1C, Table 1). Note that for the 100 m? plots, only returns within each plot were

considered. The undetected voxels were only studied in the 100 m? plots because the three types
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of undetected voxels need to be determined by tracing pulse trajectories based on this high-
resolution dataset at each pulse density and scan-angle range, which was computationally
demanding for the 1 ha plot. The mean point density in the 1 ha plot was 3,354 points / m?. The
mean point density in each of the 100 m? plots was 3,870 points / m? (plot #1), 3,881 points / m?

(plot #2), 3,828 points / m? (plot #3), and 2,953 points / m? (plot #4), respectively.

Table 1. Stem density and DBH within each plot used in the study.

Plot 1ha 100 m?
#1 #2 #3 #4
Stems (number / m?) 0.3 0.2 0.5 0.03 0.2
Mean DBH (cm) 5.2 9.3 24 47.7 9.6
Maximum DBH (cm) 134.2 60.0 37.0 61.5 73.0
Minimum DBH (cm) 1.0 1.1 1.0 39.4 1.0

To quantify sampling completeness, we simulated different conditions by changing pulse
density and scan-angle range. We considered pulse densities of 1 pulse / m?, 10 pulses / m?, 50
pulses / m?, 100 pulses / m?, 200 pulses / m?, 300 pulses / m?, 400 pulses / m?, 500 pulses / m?,
1,000 pulses / m? and 1,500 pulses / m2. The nominal scan-angle range in our data was * 60
degrees. We therefore considered scan-angle ranges of + 5 degrees to + 60 degrees in increments
of £ 5 degrees (+ 5 degrees, + 10 degrees, + 15 degrees, + 20 degrees, + 25 degrees, = 30 degrees,
+ 35 degrees, + 40 degrees, + 45 degrees, = 50 degrees, £ 55 degrees, + 60 degrees). For example,
a scan-angle range of £ 5 means that the observations were acquired within a scan-angle range of
-5 to 5 degrees; a scan-angle range of + 30 means that the observations were acquired within a

scan-angle range of -30 to 30 degrees. For each combination of pulse density and scan-angle range,
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we excluded returns outside the specific scan-angle range, randomly sampled pulses from drone
lidar, identified voxel types, and calculated proportions of different types of voxels. We repeated
this process 10 times for each combination of pulse density and scan-angle range. The proportions
were the arithmetic mean over these 10 simulations. Each combination of pulse density and scan-
angle range was generated within tiles to reduce computation time, and results from tiles were then
aggregated to derive results. Each tile in the 1 ha plot was 50 m?, and each tile in a 100 m? plot
was 4 m?. Note that in the simulations based on tiles, the number of pulses under a simulated scan-
angle range might be smaller than the pulse density to be simulated. Thus, there were missing
simulated combinations for certain scan-angle ranges and pulse densities.

Although our flight plan was designed to minimize sampling variation from different
observation angles, the observation angle may have an impact on sampling completeness.
Therefore, we sampled combinations of four azimuth-angle ranges crossed by pulse density. The
azimuth angle of each pulse was defined as the angle from O degrees to the projected pulse
trajectory on the horizontal plane. We considered four azimuth-angle ranges: 0 — 90 degrees, 90 —
180 degrees, 180 — 270 degrees, and 270 — 360 degrees.

To gain a deeper understanding of the sampling capability of the high-density drone lidar,
we investigated voxels at different heights by quantifying the different types of voxels throughout
the canopy height profile. We obtained the ground elevation beneath each voxel using a digital
terrain model (DTM) generated from ground returns. The height aboveground for each voxel was
calculated by subtracting the ground elevation from the voxel elevation. We classified voxels
based on their heights aboveground. VVoxel heights aboveground used in this study ranged from 0
to 46 m, with increments of 0.5 m (e.g., O refers to the 0 — 0.5 m height class, 0.5 refers to the 0.5

—1 m height class, and so forth). For each height increment, we quantified proportions of detected
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and different undetected voxels in the 100 m? plots under each combination of simulated pulse

density and scan-angle range.

3. Results

Results from all four 100 m? plots were broadly consistent, so we report results in the main

text from plot #1. Summaries for the remaining plots are in Appendix 1.

3.1 Sampling completeness under different pulse densities and scan-angle ranges

Sampling completeness was more sensitive to pulse density than to scan-angle range
(Figure 4). Although a strong relationship existed between sampling completeness and scan-angle
range (Figure 4B), decoupling scan-angle range from pulse density revealed that most of the
variation in sampling completeness was driven by pulse density (Figure 4A). For example, even
with a scan-angle range as large as + 60 degrees, a pulse density smaller than 100 pulses / m? could

not achieve sampling completeness > 30% (Figure 4A).
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Figure 4. Sampling completeness (the proportion of occupied voxels that were detected) as a

function of pulse density and scan-angle range (plot #1). (A) When scan-angle range was
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decoupled from pulse density, sampling completeness was more strongly associated with pulse
density than with scan-angle range. (B) Sampling completeness when scan-angle range was not
decoupled from pulse density. Missing data points in (A) are associated with small sample sizes at

certain combinations of scan-angle range and pulse density.

3.2 Undetected voxels under different pulse densities and scan-angle ranges

Combining data from drone lidar and TLS, we identified 12,823 occupied voxels in the
100 m? study area (plot #1). Before subsampling to limit pulse density and scan-angle range, the
drone lidar searched 12,577 of the occupied voxels (98.1%) and detected 10,486 of the occupied
voxels (81.8%). 2,091 of the searched voxels (16.6%) remained undetected. There were no
undetected and unobserved voxels in the original data, meaning that all the undetected and
unsearched voxels were unsearched due to occlusion, and are therefore regarded as undetected and
completely occluded voxels.

When the pulse density and the scan-angle range were at their maximum subsampled value
(1,500 pulses / m?, + 60 degrees), 3,065 (23.9%), 10 (0.1%), and 465 (3.6%) undetected voxels
were identified as undetected and searched, undetected and unobserved, and undetected and
completely occluded, respectively (Figure 5). However, when we simulated smaller pulse densities
and narrower scan-angle ranges, proportions of different undetected voxels varied substantially
(Figure 5, 6). For example, with a scan-angle range of £ 10 degrees and a pulse density of 1 pulse
/ m?, the proportions of undetected and searched, undetected and unobserved, and undetected and
completely occluded voxels were 8.7%, 76.7% and 13.7%, respectively (Figure 5). At 300 pulses
/ m? with the same scan-angle range, these values changed to 33.6%, 4.4% and 20.3%. Holding
the pulse density at 300 pulses / m? and increasing the scan-angle range to + 60 degrees resulted

in values of 40.9%, 0.9% and 9.0%, respectively (Figure 5).
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Figure 5. Proportions of occupied voxels that are detected and undetected as a function of pulse
density and scan-angle range (plot #1). On each of the six panels, from left to right, the black
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degrees, + 60 degrees) are shown here because Figure 4 shows limited impact of scan-angle

range after decoupling its impact from pulse density. Missing data points are associated with
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small sample sizes at certain combinations of scan-angle range and pulse density. Proportions in

the figure are also in Table S1 — S4.

The types of undetected voxels depended strongly on pulse density and weakly on scan-
angle range (Figure 5, 6). Increasing pulse density or scan-angle range always reduced the
proportion of undetected and unsearched and undetected and unobserved voxels (Figure 6A, 6C).
However, this was not always the case for undetected and searched voxels, and undetected and
completely occluded voxels: whether the numbers of these two types of undetected voxels
decreased or increased depended on the pulse density and the scan-angle range. As the pulse
density increased, the numbers of undetected searched and undetected, completely occluded voxels
first increased and then decreased. For example, the proportion of undetected and searched voxels
increased when the pulse density increased from 1 to 50 pulses / m? (Figure 6B), as did undetected
and completely occluded voxels when the pulse density increased from 1 to 10 pulses / m? (Figure
6D). When the scan-angle range increased, the proportion of undetected and searched voxels
increased (Figure 6B), while the proportions of the other three types of voxels decreased (Figure
6A, 6C, 6D). For all three types of undetected voxels, when the pulse density was as low as 1 pulse

/ m2, the scan-angle range had little impact.
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to the number of undetected and unobserved voxels (C) plus the number of undetected and

completely occluded voxels (D).

3.3 Vertical variability of proportions of different types of voxels
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High-density drone lidar detected voxels throughout the canopy height profile. There was
a greater likelihood of detection near the top of the canopy (Figure 7, 8). For example, at 30 — 30.5
m aboveground, 91.3% of occupied voxels were detected when the pulse density was 1,000 pulses
/ m? and the scan-angle range was + 60 degrees. These percentages decreased to 57.7%, 52.4%,
and 29.9% at 20 — 20.5 m, 11 — 11.5 m, and 3 — 3.5 m aboveground, respectively (Figure 7). In
general, almost no voxels were undetected and completely occluded near the top of the canopy.
Both types of undetected and unsearched voxels (i.e., undetected and unobserved voxels, and
undetected and completely occluded voxels) were more common at lower heights and at narrower
scan-angle ranges. For example, in the upper canopy (30 — 30.5 m in Figure 7), there were no
undetected and completely occluded voxels and all voxels were searched when the scan-angle
range exceeded + 20 degrees and pulse density was greater than 100 pulses / m?. At 10 —11.5 m
aboveground, some voxels were consistently occluded, regardless of the scan-angle range and the

pulse density (Figure 7, 8).
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Figure 7. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and scan-angle range at multiple heights aboveground (plot #1). Only 6 levels of scan-

angle range (= 10 degrees, + 20 degrees, + 30 degrees, * 40 degrees, + 50 degrees, + 60 degrees)

are shown here because Figure 4 shows limited impact of scan-angle range after decoupling its

impact from pulse density. Missing data points are associated with small sample sizes at certain
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combinations of scan-angle range and pulse density. The number of occupied voxels at each height

(i.e., the denominator for calculating proportions of different undetected voxels at each height) is

shown in
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Figure 8. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and scan-angle range at multiple heights aboveground (plot #1). Only 6 levels of scan-

23



angle range (x 10 degrees, + 20 degrees, + 30 degrees, * 40 degrees, + 50 degrees, + 60 degrees)
are shown here because Figure 4 shows limited impact of scan-angle range after decoupling its
impact from pulse density. Missing data points are associated with small sample sizes at certain
combinations of scan-angle range and pulse density. The number of occupied voxels at each height
(i.e., the denominator for calculating proportions of different undetected voxels at each height) is

shown in Figure S15.

At different heights, the proportion of undetected voxels varied with pulse densities and
scan-angle ranges differently (Figure 7). For example, undetected and unobserved voxels
decreased as the pulse density increased at both lower and higher heights. However, undetected
and searched voxels increased with pulse density at lower heights (e.g., scan-angle range = 20
degrees, heights 3—3.5m, in Figure 7; Figure 9) and decreased with pulse density at higher heights
(e.g., scan-angle range * 20 degrees, heights 30 — 30.5 m in Figure 7; Figure 9). At lower heights
(Figure 7: 3—3.5m, 11 —11.5 m), undetected and completely occluded voxels first increased then
decreased as the pulse density increased at most scan-angle ranges, while at higher heights they

decreased with increasing pulse density (Figure 10).
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are shown here because Figure 4 shows limited impact of scan-angle range after decoupling its
impact from pulse density. Missing data points are associated with small sample sizes at some

combinations of scan-angle range and pulse density.

The types of undetected voxels that are mainly responsible for unsampled forest structure
changed with pulse density and height aboveground. Closer to the ground (3—3.5mand 11 -11.5
m in Figure 7), undetected voxels were mostly completely occluded. As pulse density increased,
undetected voxels were more likely to have been searched, but undetected. For example, at 11 —
11.5 m aboveground, when the pulse density was 100 pulses / m? and the scan-angle range was +

10 degrees, 66% of the occupied voxels were undetected and unsearched voxels (8.9% were
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undetected and unobserved voxels and 57.1% were undetected and completely occluded voxels),
26.8% were undetected and searched voxels, and the detected voxels were 7.2%. At the same
height, when the pulse density was 1,500 pulses / m?, and the scan-angle range was + 60 degrees,
the proportion of undetected and searched voxels increased to 38.1%. Closer to the canopy (20 —
20.5m and 30 — 30.5 m in Figure 7), the proportion of undetected and searched voxels was greater
than that of undetected and completely occluded voxels for most of the pulse densities examined.
There were undetected and searched voxels even at a high pulse density of 1,500 pulses / m?

(Figure 7).

4. Discussion

4.1 Sampling completeness under different pulse densities and scan-angle ranges

Our study shows that scan-angle range had a limited impact on sampling completeness
after it was decoupled from pulse density (Figure 4). We quantified the impact of pulse density
and scan-angle range on sampling completeness and found that sampling completeness is more
sensitive to pulse density than to scan-angle range. Increasing the pulse density increased the
percentage of occupied voxels that were detected among all pulse densities examined, but
increasing the scan-angle range did not necessarily increase sampling completeness. Thus, pulse
density is the driver of sampling completeness in low-altitude lidar data, no matter how large the
scan-angle range is.

Although scan-angle range was less important than pulse density to sampling
completeness, some voxels were more likely to be observed at wide scan-angle ranges, including
voxels occupied by vertical stems (Figure S1 — S3). This finding is consistent with previous work
which shows that a wide scan-angle range or multiple view angles are important to generate stem

returns (Brede et al., 2017; Dayal et al., 2022; Kellner et al., 2019; Terryn et al., 2022).
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4.2 Undetected voxels under different pulse densities and scan-angle ranges

We observed that undetected voxels exhibited distinct covariation patterns with pulse
density and scan-angle range. Undetected and searched voxels or undetected and completely
occluded voxels did not necessarily decrease with greater pulse densities or scan-angle ranges,
whereas undetected and unobserved voxels consistently decreased as the pulse density increased.
Whether the former two types of undetected voxels decrease or increase with greater pulse
densities depended on the specific pulse density and scan-angle range. As the pulse density
increased, voxels that were undetected and searched or undetected and completely occluded first
increased and then decreased (Figure 5, 6).

This study demonstrates that the undetected and searched voxels were the most common
type of undetected voxels under the investigated voxel size (0.5 m), even under the largest possible
pulse density and scan-angle range, followed by undetected and completely occluded voxels, and
undetected and unobserved voxels (Figure 5, when the scan-angle range is + 60 degrees). The
existence of undetected and searched voxels underscores that space searched by pulses in the
absence of a return is not necessarily unoccupied. The proportion of undetected and searched
voxels was negatively related to pulse density (Figure 5, 6B). This was probably caused by
insufficient searching distance within the voxel, although it could also be linked to voxel size, the
number of pulses, and the distribution of vegetation in the voxel. The existence of such voxels
could also depend on the amount of vegetation in comparison to other factors (i.e., footprint size,
and laser power). If there is too little vegetation inside the voxel, the reflected pulse might be
insufficient to trigger a return, especially when footprint size is large relative to the amount of

vegetation in the voxel.
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A majority of undetected and searched voxels had a large proportion of occluded pulses
(Figure S16). When the pulse density was 1500 pulses / m? and the scan-angle range was + 60
degrees, most of the undetected and searched voxels were occluded by more than half the pulses.
The number of undetected and searched voxels with pulses that were occluded > 50% of the time
increased with pulse density and scan-angle range.

Azimuth angle range had less impact on detected voxels than undetected voxels (Figure S7
— S10). When the pulse density was < 100 pulses / m?, the proportions of detected voxels from the
four azimuth-angle ranges were similar. Variation in sampling completeness from different
azimuth-angle ranges was greater at large pulse densities. This probably reflects local differences
in forest structure within 100 m? plots.

Pulses outside a plot may have influenced our results, but we believe the impact is small.
Because we tracked all pulse trajectories associated with returns inside the plot, pulses outside the
plot can affect the proportions of undetected and unsearched voxels, but not the proportions of
detected voxels. By tracing additional pulses outside the plot, some undetected and unobserved
voxels may be reclassified as undetected and searched or undetected and completely occluded
voxels. Voxels that are undetected and completely occluded may remain the same or be reclassified
as undetected and searched voxels in this scenario. Because the proportion of undetected and
unsearched voxels was small (Figure 5, especially when the pulse density was greater than 1000

pulses / m?), pulses outside the plot would have limited impact on our results.

4.3 Vertical variability of proportions of different types of voxels

Our study demonstrates that, despite a reduction in sampling completeness as pulses
penetrated deeper into the canopy (i.e., as the height aboveground decreased; Figure 7), drone lidar

data with a wide scan-angle range was able to achieve sampling completeness > 50% close to
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ground level (Figure S14). For example, when the pulse density was 1,000 pulses / m?
approximately half of the occupied voxels at 5 — 5.5 m aboveground were detected, even with a
scan-angle range of + 30 degrees (Figure S14, when the scan-angle range is + 30 degrees). When
the pulse density was as high as 1,500 pulses / m? and the scan-angle range was + 60 degrees,
nearly 60% of the occupied voxels at 10 — 10.5 m aboveground were detected (Figure S14, when
the scan-angle range is + 60 degrees).

Nevertheless, undetected voxels persisted at both lower and higher heights, even when
pulse density was large and scan-angle range was wide (Figure 7). For example, at lower heights,
greater pulse densities eliminated undetected and unobserved voxels, but undetected and
completely occluded voxels, and undetected and searched voxels remained. In the upper canopies,
greater pulse densities eliminated undetected and completely occluded voxels, and undetected and
unobserved voxels, but undetected and searched voxels persisted. The persistence of undetected
voxels at lower heights was probably due to the scarcity of pulses at these heights. A similar
challenge near the top of the canopy exists in TLS sampling, where previous studies have shown
that even multiple TLS scans do not guarantee complete sampling of canopy volume or stem

structure (Liang et al., 2016; Paynter et al., 2018).

4.4 Future work

Some of our findings are likely to depend on voxel size. For example, undetected and
searched voxels may be more common among larger individual voxel sizes than smaller ones. A
future investigation should consider voxels of different sizes, including sizes that approach the
diameter of the laser footprint.

We anticipate that when the voxel size is smaller, especially when voxel size is close to the

laser footprint size, there will be relatively fewer undetected and searched voxels, and relatively
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more undetected and unsearched voxels. The proportion of detected voxels in this study was from
a 1 haarea in an old-growth temperate mountain forest, and proportions of undetected voxels were
quantified in 100 m? plots. Coincident drone lidar and TLS collected at different locations with
different canopy densities can be used to test the generality of these findings.

Our approach to sub-setting lidar data used tiles overlaid on each plot. Generating samples
within each tile independently may have an influence on our conclusions by preventing spatial

heterogeneity in the density of returns.

5. Conclusions

High-resolution drone lidar can acquire detailed measurements of vertical and horizontal
forest structure. Drone lidar searched 98.1% of voxels known to contain vegetation in our study
area, and generated returns in 81.8% of these voxels. By decoupling the impact of pulse density
and scan-angle range on the likelihood of generating a return, this study demonstrates that nearly
complete sampling of forest structure is possible using high-density drone lidar in a temperate
mountain forest. The ability to generate a return when vegetation was present was more sensitive
to pulse density than to scan-angle range. At very large pulse densities (> 1,000 pulses / m?), failure
to generate a return was almost exclusively associated with searched voxels that contained
vegetation, but did not trigger a return.

This study documents three ways that a return can fail to be generated in the presence of
vegetation: (1) the voxel could be searched but no return was generated, for example, because the
voxel was sparsely populated and mostly empty space, (2) the voxel could be unsearched because
it was occluded, and (3) the voxel could be unsearched because no pulse was fired in the direction
of the voxel. Our findings demonstrate that all types of undetected voxels exist, and the proportion

of each type changes with pulse density and scan-angle range. The strength and form of the
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relationships depend on canopy height, pulse density and scan-angle range. These findings provide
an empirical assessment of sampling completeness using a combination of high-resolution drone
lidar and coincident TLS data. Our findings demonstrate the value of ray tracing to questions of

sampling completeness in drone lidar data.
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Supplementary materials
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Figure S1. Stem and branch structure as a function of pulse density and scan-angle range. The area
is approximately 30 by 30 m in a temperate mountain forest in the southwest Czech Republic. The

number of returns is more sensitive to pulse density than to scan-angle range.
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Figure S2. Stem and branch structure as a function of pulse density and scan-angle range,
highlighting vegetation structure among prominent stems. Data are from high-density drone lidar
in a temperate mountain forest in the southwest Czech Republic. The number of returns is more

sensitive to pulse density than to scan-angle range.
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Figure S3. Stem and branch structure as a function of pulse density and scan-angle range,
highlighting upper-canopy vegetation. Data are from high-density drone lidar in a temperate
mountain forest in the southwest Czech Republic. The number of returns is more sensitive to pulse

density than to scan-angle range.
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Figure S4. Proportions of occupied voxels that are detected and undetected as a function of pulse
density and scan-angle range at plot #2. On each of the six panels, from left to right, the black dots
represent pulse densities of 1, 10, 50, 100, 200, 300, 400, 500, 1,000, 1,500 pulses / m?. Only 6
levels of scan-angle range (+ 10 degrees, £ 20 degrees, + 30 degrees, = 40 degrees, £ 50 degrees,
+ 60 degrees) are shown here because Figure 4 shows limited impact of scan-angle range after
decoupling its impact from pulse density. Missing data points are associated with small sample

sizes at certain combinations of scan-angle range and pulse density.
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Figure S5. Proportions of occupied voxels that are detected and undetected as a function of pulse
density and scan-angle range at plot #3. On each of the six panels, from left to right, the black dots
represent pulse densities of 1, 10, 50, 100, 200, 300, 400, 500, 1,000, 1,500 pulses / m?. Only 6
levels of scan-angle range (+ 10 degrees, + 20 degrees, = 30 degrees, + 40 degrees, = 50 degrees,

* 60 degrees) are shown here because Figure 4 shows limited impact of scan-angle range after
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decoupling its impact from pulse density. Missing data points are associated with small sample

sizes at certain combinations of scan-angle range and pulse density.
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Figure S6. Proportions of occupied voxels that are detected and undetected as a function of pulse
density and scan-angle range at plot #4. On each of the six panels, from left to right, the black dots
represent pulse densities of 1, 10, 50, 100, 200, 300, 400, 500, 1,000, 1,500 pulses / m?. Only 6
levels of scan-angle range (+ 10 degrees, + 20 degrees, = 30 degrees, + 40 degrees, = 50 degrees,

+ 60 degrees) are shown here because Figure 4 shows limited impact of scan-angle range after
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decoupling its impact from pulse density. Missing data points are associated with small sample

sizes at certain combinations of scan-angle range and pulse density.
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Figure S7. Proportions of occupied voxels that are detected and undetected as a function of pulse
density and azimuth-angle range (plot #1). The azimuth-angle ranges are 0 — 90 degrees, 90 —

180 degrees, 180 — 270 degrees, and 270 — 360 degrees; they are labeled on the x-axis by the
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right bound (i.e., 90, 180, 270, 360 respectively). Missing data points are associated with small

sample sizes at certain combinations of azimuth-angle range and pulse density.
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Figure S8. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and azimuth-angle range (plot #2). The azimuth-angle ranges are 0 — 90 degrees, 90 — 180

54



degrees, 180 — 270 degrees, and 270 — 360 degrees; they are labeled on the x-axis by the right
bound (i.e., 90, 180, 270, 360 respectively). Missing data points are associated with small sample

sizes at certain combinations of azimuth-angle range and pulse density.
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Figure S9. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and azimuth-angle range (plot #3). The azimuth-angle ranges are 0 — 90 degrees, 90 — 180
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degrees, 180 — 270 degrees, and 270 — 360 degrees; they are labeled on the x-axis by the right
bound (i.e., 90, 180, 270, 360 respectively). Missing data points are associated with small sample

sizes at certain combinations of azimuth-angle range and pulse density.
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Figure S10. Proportions of occupied voxels that are detected and undetected as a function of pulse
density and azimuth-angle range (plot #4). The azimuth-angle ranges are 0 — 90 degrees, 90 — 180

degrees, 180 — 270 degrees, and 270 — 360 degrees; they are labeled on the x-axis by the right
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bound (i.e., 90, 180, 270, 360 respectively). Missing data points are associated with small sample

sizes at certain combinations of azimuth-angle range and pulse density.
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Figure S11. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and scan-angle range at multiple heights aboveground in the 100 m? plot (plot #2). Missing
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data points are associated with small sample sizes at certain combinations of scan-angle range and

pulse density.
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Figure S12. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and scan-angle range at multiple heights aboveground in the 100 m? plot (plot #3). Missing



data points are associated with small sample sizes at certain combinations of scan-angle range and

pulse density.
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Figure S13. Proportions of occupied voxels that are detected and undetected as a function of pulse

density and scan-angle range at multiple heights aboveground in the 100 m? plot (plot #4). Missing
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data points are associated with small sample sizes at certain combinations of scan-angle range and

pulse density.
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Figure S14. The proportion of detected voxels at different heights as a function of pulse density
and scan-angle range in the 1 ha plot. Only 6 levels of scan-angle range (+ 10 degrees, + 20 degrees,
+ 30 degrees, + 40 degrees, = 50 degrees, + 60 degrees) are shown here because Figure 4 shows
limited impact of scan-angle range after decoupling its impact from pulse density. Missing data
points are associated with small sample sizes at some combinations of scan-angle range and pulse

density.
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#1).
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Figure S16. Proportions of occluded pulses in undetected and searched voxels as a function of

pulse density and azimuth-angle range (plot #1). Missing data points are associated with small

sample sizes at certain combinations of scan-angle range and pulse density.

Table S1. Percentages of detected voxels as a function of pulse density and scan-angle range for

plot #1 (standard deviation provided). Data are from high-density drone lidar in a temperate
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mountain forest in the southwest Czech Republic. Missing data points are associated with small

sample sizes at some combinations of scan-angle range and pulse density.

+10° +20° + 30° +40° +50° +60°

1 (09+0.02)% (0.9+0.02)% (0.8+0.02)% (0.8+0.02)% (0.8+0.01)% (0.8+0.01)%
10 (7.3+0.11)% (7.0£0.05)% (7.0+0.11)% (6.9 +0.05)% (6.9+0.07)% (6.9 +0.06)%
50 (20.8 +0.16)% (20.7 + 0.17)% (21.8 £ 0.16)% (21.9 % 0.15)% (22.0 + 0.20)% (22.2 + 0.25)%
100 (28.6 +0.16)% (29.1 % 0.25)% (31.0 + 0.18)% (31.5 % 0.16)% (31.9 + 0.12)% (32.0 + 0.32)%
200 (36.8 +0.17)% (37.9 + 0.20)% (41.2 + 0.24)% (42.0 % 0.32)% (42.6 + 0.19)% (42.8 + 0.25)%

300 (41.7 £0.19)% (42.9 +0.18)% (47.1 +0.19)% (48.3 % 0.24)% (48.9 % 0.21)% (49.2 + 0.18)%

400 - (46.5 + 0.25)% (51.4 + 0.20)% (52.6 + 0.22)% (53.5 % 0.22)% (53.7 + 0.15)%
500 - (49.5+ 0.09)% (54.7 + 0.15)% (55.9 + 0.20)% (56.8 % 0.26)% (57.1 + 0.34)%
1000 - - (64.2 + 0.18)% (65.8 + 0.22)% (67.0 £ 0.15)% (67.1 % 0.19)%
1500 - - - (71.0 £ 0.20)% (72.2 + 0.21)% (72.4 £ 0.12)%

Table S2. Percentages of undetected and searched voxels as a function of pulse density and scan-
angle range for plot #1 (standard deviation provided). Data are from high-density drone lidar in a
temperate mountain forest in the southwest Czech Republic. Missing data points are associated

with small sample sizes at some combinations of scan-angle range and pulse density.

+10° +20° + 30° +40° +50° +60°

1 (87+073)% (9.3+1.03)% (10.9+0.85)% (9.2+0.65)% (10.1%0.77)% (9.4 % 0.82)%

10 (32.2+0.82)% (36.7 + 1.13)% (41.0  1.25)% (39.0 % 0.89)% (39.2 + 1.00)% (38.8 + 0.77)%
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50 (39.7 +0.39)% (45.4 + 0.34)% (49.2 + 0.72)% (49.6  0.21)% (50.4 % 0.66)% (50.4 * 0.70)%

100 (38.7 +0.34)% (44.5 + 0.63)% (47.7 % 0.73)% (48.9 + 0.70)% (49.4 + 0.42)% (49.1 + 0.62)%

200 (36.0 +0.28)% (41.5 + 0.27)% (43.9 + 0.44)% (44.4 + 0.27)% (44.9 + 0.36)% (44.3 + 0.54)%

300 (33.6 +0.29)% (39.2 + 0.46)% (40.6 + 0.59)% (40.8 + 0.33)% (41.4 % 0.23)% (40.9 + 0.38)%

400 - (37.3+0.28)% (38.1 + 0.33)% (38.4 + 0.31)% (38.3 + 0.26)% (38.2 + 0.36)%
500 - (35.4 + 0.32)% (36.1 + 0.25)% (36.3 + 0.33)% (36.2 % 0.36)% (35.7 + 0.38)%
1000 - - (29.3 £ 0.16)% (28.9 + 0.25)% (28.5 + 0.11)% (28.1 + 0.21)%
1500 - - - (24.8 + 0.23)% (24.2 + 0.23)% (23.9 £ 0.20)%

Table S3. Percentages of undetected and unobserved voxels as a function of pulse density and
scan-angle range for plot #1 (standard deviation provided). Data are from high-density drone lidar
in a temperate mountain forest in the southwest Czech Republic. Missing data points are associated

with small sample sizes at some combinations of scan-angle range and pulse density.

+10° +20° +30° +40° +50° *+60°

1

10

50

100

200

300

400

500

(76.7 £ 1.11)% (77.3 + 1.30)% (76.0 £ 0.74)% (76.6 + 0.51)% (77.4 £ 1.03)% (77.3 = 1.10)%
(28.9+0.92)% (29.0 +0.78)% (27.7 + 1.16)% (27.7 + 1.04)% (27.3 + 0.88)% (27.5 % 0.71)%
(123+0.30)% (10.9+0.29)% (9.7 +0.63)% (7.9+0.34)% (8.1+0.37)% (8.3 +0.41)%
(84+027)% (7.2+0.23)% (5.6+0.31)% (3.8+0.20)% (3.8+0.29)% (3.8 +0.32)%
(5.8+0.16)% (4.4+0.22)% (2.8+0.16)% (1.6+0.15% (1.5+0.09)% (1.6 0.12)%
(44+0.13)% (3.4+0.16)% (1.9+0.08)% (1.0+0.08)% (0.9+0.09)% (0.9 +0.06)%

- (2.7+£0.15)% (1.4+0.07)% (0.6+0.04)% (0.5+0.06)% (0.6 +0.08)%

- (22+0.100% (1L.1+0.07)% (0.5+0.04)% (0.4+0.04)% (0.4+0.06)%
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1000 - - (0.5+0.04)% (0.1+0.03)% (0.1+0.02)% (0.1+0.03)%

1500 - - - (0.1+0.02)% (0.1+0.01)% (0.1+0.01)%

Table S4. Percentages of undetected and completely occluded voxels as a function of pulse density
and scan-angle range for plot #1 (standard deviation provided). Data are from high-density drone
lidar in a temperate mountain forest in the southwest Czech Republic. Missing data points are

associated with small sampled sizes at some combinations of scan-angle range and pulse density.

+10° +20° + 30° + 40° +50° *60°

1 (13.7+1.60)% (125+1.71)% (12.3 +1.39)% (13.4 £ 1.02)% (11.7 £ 1.47)% (12.5 + 1.19)%
10 (31.6+£1.22)% (27.3+1.46)% (24.3+1.90)% (26.4 + 1.41)% (26.6 + 1.10)% (26.8 = 1.06)%
50 (27.2+0.54)% (23.0+0.50)% (19.3 +0.81)% (20.6 % 0.51)% (19.5 % 0.67)% (19.1 + 0.62)%
100 (24.3 £0.55)% (19.2+0.61)% (15.7 = 0.72)% (15.8 £ 0.70)% (14.9 + 0.53)% (15.1 + 0.69)%
200 (21.4+0.27)% (16.2£0.32)% (12.1+0.39)% (12.0 0.39)% (11.0 + 0.36)% (11.3 + 0.47)%

300 (20.3+0.22)% (14.5+0.43)% (10.4+0.47)% (9.9+0.15)% (8.8+0.23)% (9.0+0.34)%

400 - (135+0.28)% (9.1+£0.23)% (8.4+0.23)% (7.7+0.19)% (7.5 0.23)%
500 - (129+023)% (8.1£0.17)% (7.3+0.25)% (6.6+0.21)% (6.8 +0.33)%
1000 - - (6.0+0.15)% (5.2+0.10)% (4.4+0.12)% (4.7 %0.21)%
1500 - - - (4.1£0.08)% (3.5+0.09)% (3.6+0.11)%
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Abstract

Terrestrial ecosystem structure, as a fundamental property of terrestrial ecosystems, is linked to
the flow and cycling of energy and nutrients, as well as to the habitat diversity and species
richness of both plants and animals. Numerous remote sensing studies have quantified the spatial
variation in ecosystem structure, but the reason for the variability is poorly understood,
especially across the world’s different biomes. Widespread human activities have modified the
land surface and the ecosystem structure significantly. However, it is still unclear if the
variability of ecosystem structure is still primarily predicted by the physical environment. Here
we use data from a spaceborne waveform lidar, the Global Ecosystem Dynamics Investigation
(GEDI), and coincident environmental and socio-economic datasets that represent human
impacts and the physical environment, to investigate if human impacts add explanatory power to
the variability in ecosystem structure that is known to be predicted by the physical environment.
We used a machine learning model and permutation to investigate the explanatory power of
variables that represent human impacts and the physical environment. We did not find evidence
that human impacts add explanatory power to the model with physical variables. This does not
necessarily mean that human impacts were not important for two reasons: (1) human impacts
could be predicted by the physical environment, (2) there were too few anthropogenic variables
than physical variables. This study demonstrates the importance of checking if the predictor
variables are correlated when using permutation to evaluate the relative influence of predictor
variables, a way to quantify variable importance that is widely adopted by machine learning
models. In the context of explaining the variability in ecosystem structure, the current

anthropogenic datasets may be insufficient to quantify the human impacts in comparison to the
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physical environment due to the correlation between anthropogenic and physical variables and

the small number of human datasets we have.

Keywords: Ecosystem structure, Global Ecosystem Dynamics Investigation, human impacts,

permutation

1. Introduction

Ecosystem structure is the arrangement and distribution of vegetation material in the
three-dimensional space (Gils and Wijngaarden, 1984; Graetz, 1990). It is closely related to
ecosystem functioning, and will be a dominant factor in shaping the future of terrestrial
ecosystems (Graetz, 1990; Spies, 1998; Migliavacca et al., 2021). For example, it modulates
incoming light that can be used for photosynthesis (Béland and Baldocchi, 2021; Matsuo et al.,
2021), and thus it influences the flow of energy and the cycling of nutrients (e.g., C, N). The
heterogeneity in vertical structure provides diversified habitats for organisms (e.g., birds, bats,
lianas), which increases species richness (MacArthur and MacArthur, 1961; Diaz et al., 2005;
Carrasco et al., 2019; Meyer et al., 2020); and it is shown that the role of structure is sometimes
more important than climate (Novella-Fernandez et al., 2022).

A conventional way to describe ecosystem structure in forest ecology is stratification,
which represents the heterogeneity in vertical structure (Smith, 1973). Tropical rainforests are
known for having multiple layers: the emergent layer, the canopy, the understory, and the forest
floor. Terrestrial vegetated ecosystems tend to have fewer strata as latitude increases. However,

synthesizing the ecosystem structure with at most four strata is a very coarse representation.
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Lidar has enabled ecosystem structure to be synthesized from different dimensions (e.g.,
vertical, horizontal) and perspectives (e.g., leaf area, aboveground biomass) (Dubayah et al.,
2020) at fine horizontal and vertical resolutions. Various structural metrics can be derived from
lidar data: height that represents vertical structure (Lang et al., 2022), cover that represents the
horizontal distribution of vegetation (Tang et al., 2019; Akturk et al., 2023), plant area index
(PAI) or aboveground biomass density (AGBD) that depict ecosystem structure from a more
synthesized dimension (Dubayah et al., 2022; Ma et al., 2024), and foliage height diversity
(FHD) that represents the heterogeneity of vertical structure (Dubayah et al., 2021). Such
structure metrics are widely used to understand past and current, and predict future of terrestrial
ecosystems under changing climate and intensified human land use (Chen et al., 2019; Le Toan
etal., 2011; Lietal., 2023; Ma et al., 2023). Although various data products of ecosystem
structure have become available, we do not understand what explains the variation in ecosystem
structure, especially on larger scales across different biomes given the widespread human
activities all over the world (e.g., deforestation, agriculture expansion, urbanization).

It is demonstrated that the spatial variability of ecosystem structure is governed by
physical gradients (e.g., climate and soils) (Holdridge, 1947; Clark and Clark, 2000; Asner et al.,
2009; Higgins et al., 2015). On the other hand, as we enter the Anthropocene (Steffen et al.,
2007; Ellis, 2011; Lewis and Maslin, 2015), ecosystem structure has been significantly modified
by humans (Brandt et al., 2017; Song et al., 2018; Chen et al., 2019; Qin et al., 2021), and human
activities have tended to be more intense (Foley et al., 2005; Gaffney and Steffen, 2017).
However, it is unclear if the variability of ecosystem structure is still primarily predicted by the
physical environment, given the human modification over the land surface. A recent study

argued that human impacts are less important than climate (Li et al., 2023), but some
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assumptions were not tested in the study. For example, one of the most important assumptions is
that whether it is possible to disentangle the influence of human impacts and climate. In addition,
they did not consider vegetation outside forests which was demonstrated to have substantial
contribution to the land carbon sink (Brandt et al., 2020; Liu et al., 2023) (Brandt et al., 2020;
Liu et al., 2023).

To update our understanding of the variation in ecosystem structure and the human
impacts on the variation in comparison to the role of the physical environment, we ask three
questions: (1) Can human impacts explain the variability of ecosystem structure? (2) Are human
impacts redundant to the physical environment in explaining the variability of ecosystem
structure? (3) Does the imbalanced number of physical and anthropogenic variables have an

impact on our conclusion about the role of human impacts?

2. Data and Methods

2.1 Study sites

We selected 10 regions spanning 6 continents as our study sites (Figure 1, Table 1). The
regions covered different terrestrial vegetated ecosystems (e.g., evergreen broadleaf forests in the
southern Peruvian Amazon, grasslands in southeastern Australia) and involved different human
activities (e.g., agriculture in lowa in midwestern United States, deforestation in the Brazilian

Amazon).
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Figure 1. 10 selected sites in the world.

Table 1. Information about the selected sites across the world’s continents

Site Biome Human activities or other
information
US Rocky Tropical and subtropical moist Predominantly conifers
Mountains broadleaf forests
Midwestern US Temperate broadleaf and mixed Agriculture
forests
Eastern Europe Temperate broadleaf and mixed Mediterranean and mixed
forests forests
Southwestern Temperate broadleaf and mixed Higher elevation in the west;
China forests bamboo forests in Sichuan
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5 DRC Congo basin

6 Borneo

7  Southwest

Amazon

8 Brazilian Amazon

9  African grasslands

10 Southeastern

Australia

Tropical and subtropical moist

broadleaf forests

Tropical and subtropical moist

broadleaf forests

Tropical and subtropical moist

broadleaf forests

Tropical and subtropical moist

broadleaf forests

Tropical and subtropical grasslands,

savannas, and shrublands

Temperate grasslands, savannas,

and shrublands

Intact forests

Deforestation and degradation

due to oil palm plantations

Intact forests

Deforestation in northeastern

Mato Grosso

Tanzania and Zambia

Savanna

2.2 Data preparation and preprocessing

2.2.1 Gridded structural metrics from GEDI

Global Ecosystem Dynamics Investigation (GEDI) is a spaceborne lidar onboard the

International Space Station (ISS), whose coverage is from 51.6°S to 51.6°N (Dubayah et al.,

2020). GEDI measures the reflected laser energy at heights from the canopy top to the ground

(i.e., waveforms) at a footprint size of 25 m in diameter (Figure 2). In other words, GEDI

samples the world by footprint and each footprint can be understood as a pixel containing three-
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dimensional information in a map, while the original (or footprint-level) map from GEDI is not

gridded or wall-to-wall (i.e., some pixels are left blank due to no footprint coverage).

A GEDI footprint A simplified waveform
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Figure 2. lllustration of a GEDI footprint and a waveform

We used five gridded structure metrics to represent ecosystem structure from different
perspectives: canopy height (RH98), canopy cover, foliage height diversity (FHD), plant area
index (PALI), and aboveground biomass density (AGBD). The structural metrics were produced
with GEDI footprints from 2019 to 2022 (Burns et al., 2024). The footprints used to produce the
gridded metrics were with an urban proportion of < 50% and water persistence of < 10% to
ensure the coverage of vegetation. Due to quality issues, the density of footprints from only one
year was not sufficient for producing global gridded maps. These gridded metrics (all are at 1 km
spatial resolution) represented ecosystem structure from vertical (canopy height), horizontal

(canopy cover) and synthesized (AGBD, PAI, FHD) dimensions.

2.2.2 Physical variables
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Physical variables represent environmental variation in climate and substrate (Table S1).
Climate variables are 19 bioclimatic variables from WorldClim2 (Fick and Hijmans, 2017).
There were 11 temperature-relevant variables (biol to bioll) and 8 precipitation-relevant
variables (bio12-bio19). The substrate variables include elevation, slope and aspect from Shuttle
Radar Topography Mission (Farr and Kobrick, 2000), and 9 edaphic variables from SoilGrids 2.0
(Hengl et al., 2017). For each edaphic variable, we calculated the weighted mean from 0 —2 m
soil depth. We then resampled the 31 physical variables to 1 km spatial resolution, which is

consistent with the resolution of gridded GEDI structure metrics.
2.2.3 Anthropogenic variables

We used 5 socioeconomic datasets to inform human activities: the global Human
Modification (gHM) index (Kennedy et al., 2019), population density (Center for International
Earth Science Information Network - CIESIN - Columbia University, 2018), nighttime light data
(Elvidge et al., 2021), road density (Meijer et al., 2018) and world settlement footprint
(Marconcini et al., 2021).

Human Modification index (gHM) is a complex and highly synthesized index ranging
from 0 to 1 calculated based on 13 anthropogenic stressors (e.g., human settlement, agriculture)
(Kennedy et al., 2019). Greater values represent greater degrees of human modification of
terrestrial lands. Despite the comprehensiveness of the data, the year of it is around 2016, while
the gridded GEDI data are around 2020. In order to capture the more up-to-date anthropogenic
influence, we employed four more anthropogenic variables that were around 2020. Nighttime
light data in 2020 is the radiation at night and reflects where there are intense human activities
(Zhao et al., 2019). The population density we used for later analyses was also in the year of

2020.
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Road density in 2018 is the total road lengths per unit area and studies show places with
higher road density tend to be more influenced by humans (Cai et al., 2013). We generated a 1
km road density map using the GRIP global road database in the way the GRIP team generated
their 5 arcmin (approximately 9.28 km) road density map.

World settlement footprint in 2019 is originally a binary dataset informing the locations
of human built-ups and the spatial resolution is 10 m. We converted the spatial resolution to 1
km by aggregating the pixels and calculating the proportion of human built-ups within each 1 km

pixel.

2.3 Permutation analyses

To quantify the explanatory power of the physical and anthropogenic variables to the
variation in ecosystem structure, we ran the random forest model in the 10 sites. The predictor
variables are the physical and anthropogenic variables, and the response variables for the model
are the structural metrics from GEDI.

We permutated physical or anthropogenic variables and used the permutated variables to
train the random forest model. Permutation removes information by disrupting the inherent
structure in the predictor variables. Unlike simply removing variables, which modifies model
structure, permutation retains all predictors but shuffles their values, thereby breaking any
underlying correlations between the predictors and response variables.

2.3.1 Three main scenarios

In each site, we employed three permutation scenarios to run the random forest model:
(1) full model with no permutation, (2) model with physical variables (and permuted
anthropogenic variables), (3) model with anthropogenic variables (and permuted physical
variables). And we compared the R-squared and root mean squared error (RMSE) to quantify the
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explanatory power of different groups of predictors from the three permutation scenarios. Within
each site under each scenario, we randomly sampled 100,000 pixels to run the random forest
model. Each time when we ran the model, we calculated the mean R-squared or mean RMSE
from the test set in the five-fold cross-validation. We used the arithmetic mean of the mean R-

squared or mean RMSE from 10 repetitions as the final model performance for comparison.
2.3.2 A random selection of five variables

We used 31 physical variables and 5 anthropogenic variables. To investigate if the
unbalanced number of anthropogenic and physical variables has an influence on the results, we
randomly selected five variables to permute and repeated the process 1000 times to generate the
distribution of R-squared. We then compared the R-squared from the scenario when
anthropogenic variables were permuted to investigate if permutating anthropogenic variables had
a greater impact on the model performance than permuting a random selection of five variables.
We calculated the p-value using the proportion of the R-squared values from the distribution that
were smaller than the R-squared from permuting anthropogenic variables. We used a significant
level of 0.05. Note that here we only used the canopy height (RH98) as the response variable

because results based on different structure metrics did not vary much.
2.3.3 Other permutation scenarios

We also performed two more versions of the permutation analysis. The first version
employed two copies of each predictor variable. Five permutation scenarios were used: (1) no
permutation, (2) permuting one copy of physical variables, (3) permuting two copies of physical
variables, (4) permuting one copy of anthropogenic variables, (5) permuting two copies of
anthropogenic variables. The other version used principle components (PCs) from PCA analyses

of the anthropogenic and physical variables respectively. We used 4 PCs of anthropogenic
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variables and 4 PCs of physical variables for the random forest model, such that the number of

anthropogenic variables and the number of physical variables were equal.

2.4 Principle component analysis (PCA)

We did three versions of PCA in each site: (1) PCA using all anthropogenic and physical

variables, (2) PCA using anthropogenic variables, (3) PCA using physical variables.

3. Results

3.1 Can human impacts explain the variability of ecosystem structure?

Anthropogenic variables explained 5.51% — 43.54% of the variations in the structural
metrics across the 10 sites used in this study (Figure 3, Anthr). However, we found no evidence
that human impacts add noticeable explanatory power to the variability in ecosystem structure in
most of the sites, except site #2, site #5, site #7, and site #9 (Figure 3, 4). In other words, when
adding anthropogenic variables to the model with physical variables, the R-squared or RMSE in
most sites did not vary much (Figure 3, 4, from Phy to All). Among all the structure metrics, the
predictor variables explained less or a similar amount of variation in AGBD compared to other

structure metrics.
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Figure 3. R-squared from the three main permutation scenarios in 10 sites. All means no
permutation. Anthr means only anthropogenic variables were in the model and physical variables
were permuted. Phy means only physical variables were in the model and anthropogenic

variables were permuted.
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Figure 4. RMSE from the three main permutation scenarios in 10 sites. All means no
permutation. Anthr means only anthropogenic variables were in the model and physical variables
were permuted. Phy means only physical variables were in the model and anthropogenic

variables were permuted.

3.2 The correlation between anthropogenic and physical variables

We found anthropogenic variables were redundant to the physical variables (e.g., Figure
5). In 4 of the 10 sites (site #3, site #4, site #6, site #7), at least one anthropogenic variable and
one physical variable had an absolute value of the correlation coefficient that was greater than
0.5 (Figure 5, S3 — S11). For example, in site #3, the human modification index (Figure 5, the
variable named “ghm”) was correlated with many physical variables, such as elevation (Figure 5,

the variable named “elev”).
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Figure 5. Correlation matrix of predictor variables in site #3 (Eastern Europe). The PCs are PCs

that represent more than 90% of the variation in all predictor variables in the site.

3.3 The impact of the unbalanced number of anthropogenic and physical predictors

We found that the unbalanced number of anthropogenic variables and physical variables
had an impact on the results because the information provided by the anthropogenic variables

was not always informative for the model. The p-value was insignificant in 6 of the 10 sites
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(Figure 6, site #1, site #2, site #3, site #6, site #8, site #10) with a significance level of 0.05. For
example, in site #8 in the Brazilian Amazon, permutating anthropogenic variables had less
impact to the model performance than permuting a random selection of five variables; while in
site #7 in the southwestern Amazon, permuting anthropogenic variables led to a smaller R-

squared value than those from permuting a random selection of five variables.
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Figure 6. R-squared distribution from 1000 repetitions of permuting a random selection of five
variables. The bin width was 0.01. The green vertical line is the R-squared when we permuted

anthropogenic variables. The response variable was canopy height (RH98).

4. Discussion

Anthropogenic variables explained a certain amount of variability in the ecosystem
structure, but they did not provide additional explanatory power to the model with physical
variables (Figure 3, 4). However, this does not mean human impacts were less important than the
physical environment due to two reasons examined in this study.

First, we found that in 4 of the 10 sites, anthropogenic variables were redundant to the
physical variables (Figure 5, S3 — S11). The correlation between anthropogenic variables and
physical variables made the anthropogenic information redundant to physical variables. This is
why adding anthropogenic variables to the model with physical variables did not increase the R-
squared in some sites (e.g., site #3 in Figure 3). Previous studies that used machine learning
models or R-squared explained by the predictors to rank the importance of the predictors seldom
check multicollinearity in the predictor variables (Zellweger et al., 2016; Wang et al., 2018; Luo
et al., 2024), which may have an influence on the rank of the predictor variables.

Second, we found that the unbalanced number of anthropogenic and physical variables
had an influence on the permutation analysis (Figure 6). Permuting a random selection of five
variables could result in more decrease in R-squared than permuting anthropogenic variables.
The redundancy in the predictor variables is probably the reason why there was not much
variation in the R-squared when adding anthropogenic variables to the model with physical
variables. Comparing site #7 to site #8, we found that human impacts had more explanatory

power to the variability in ecosystem structure in site #7, which is supposed to be an intact forest,
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than in site #8, which is known to have deforestation due to reasons like cattle ranching or
soybean cultivation (Nepstad et al., 2009; Carrero et al., 2020). This makes sense because in site
#8 (the Brazilian Amazon) the p-value was greater than 0.5, while in site #7 (southwest
Amazon), the p-value was smaller than 0.5. In other words, permutating anthropogenic variables
had more impact on the model than permuting a random selection of five variables in site #7,
while in site #8 the impact was less. This is why anthropogenic variables explained around 25%
of the variation in ecosystem structure, but when adding anthropogenic variables to the model,
the R-squared was similar to the R-squared of the model with only physical variables (Figure 3,
4, from Phy to All, site #8).

The impact of the unbalanced number of predictor variables was also reflected in the
permutation analyses with PCs (Figure S2). When using the same number of anthropogenic
variables and physical variables, most of the sites (except site #1, site #10) exhibited more
difference in R-squared when adding anthropogenic variables to the model with physical
variables (Figure S2, from Anthr to None).

Permutation analyses with copies of predictor variables show that the model was using
the information in the predictor variables in a more complicated way than we thought (Figure
S1) because when permuting one copy of the anthropogenic variables or physical variables, the

R-squared also decreased.

5. Conclusions

Although human impacts explain a certain amount of the variability of ecosystem
structure depending on which structure metric was used as the response variable, we found no
evidence of human impacts adding notably more explanatory power to the spatial variability of

ecosystem structure. This is not necessarily due to the real importance of human activities to
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ecosystem structure for two reasons: (1) the datasets that represent human impacts could be
predicted by the physical environment; (2) there were more datasets about the physical
environment than those that represent human impacts, which made the human impacts
comparatively less informative for the variability in ecosystem structure.

Our study tested an assumption that was not tested by a recent study that stated human
impacts were less important than climate (Li et al., 2023). Results from our study show that more
examinations are needed before disentangling human impacts and the influence of the physical
environment due to the two above-mentioned reasons, and more considerations are needed when
using machine learning models for advancing understanding compared to only using those

models for prediction.
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Supplementary materials

Table S1. Predictor and response variables

Variable Name in Figures
3-5,S1-S11

Predictor variable Annual mean temperature biol

Mean diurnal range (mean of monthly max temp minus bio2

monthly min temp)

Isothermality (bio2/bio7) (x100) bio3

Temperature seasonality (standard deviation x100) bio4

Max temperature of warmest month bio5

Min temperature of coldest month bio6

Temperature annual range (bio5-bio6) bio7

Mean temperature of wettest quarter bio8

Mean temperature of driest quarter bio9

Mean temperature of warmest quarter biol0

Mean temperature of coldest quarter bioll

Annual precipitation biol2
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Precipitation of wettest month

Precipitation of driest month

Precipitation seasonality (coefficient of Variation)

Precipitation of wettest quarter

Precipitation of driest quarter

Precipitation of warmest quarter

Precipitation of coldest quarter

Elevation

Slope

Aspect

Soil pH

Cation exchange capacity

Soil nitrogen content

Soil organic carbon

Bulk density

Silt content

Coarse fragment content
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biol3

biol4

biol5

biol6

biol7

biol8

biol9

elev

slope

aspect

soilph

cec

SOC

bd

silt

coarsefragm



Sand content sand
Clay content clay
Human modification index ghm
Nighttime light in 2020 ntl2020
Population density in 2020 popdens2020
Road density roaddens
Proportion of human built-ups wsf
Response variable  Aboveground biomass density aghd
Fractional cover cover
Foliage height diversity fhd
Plant area index pai
Canopy height (RH98) rh98
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Figure S1. Permutation with two copies of each predictor variable. None: no permutation. Phy1:

permute one copy of physical variables. Anthrl: permute one copy of anthropogenic variables.

Phy2: permute two copies of physical variables. Anthr2: permute 2 copies of anthropogenic

variables. Note that the Anthr and Phy here are different from those in Figure 3 and Figure 4.
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None: no permutation. Phy: permute the first four PCs of physical variables. Anthr: permute the
first four PCs of anthropogenic variables. Note that the Anthr and Phy here are different from

those in Figure 3 and Figure 4.
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Figure S3. Correlation matrix of predictor variables in site #1 (US Rocky mountains). The PCs

are PCs that represent more than 90% of the variation in all predictor variables.
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Figure S4. Correlation matrix of predictor variables in site #2 (Midwestern US). The PCs are

PCs that represent more than 90% of the variation in all predictor variables.
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Figure S5. Correlation matrix of predictor variables in site #4 (Southwestern China). The PCs are

PCs that represent more than 90% of the variation in all predictor variables.
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Figure S6. Correlation matrix of predictor variables in site #5 (DRC Congo basin). The PCs are

PCs that represent more than 90% of the variation in all predictor variables.

102



£ &
=
Be 3 85 S
LR Lt T PR E AL IR I i A T b
PRl 8808880888088 88803838c3RB%8336E8¢2¢ 1
PCl @ @ o0 0000 e O »
PC2 @ ® ® 0°°000 00 ®
PC3 (X J L J ® o0 ®
PC4 000°0
PC5 @ LX) 0.8
PC6 @ @ ?
PC7 @ o @ |°/®
PCS @
PCY @ @
PC10 @ ) 0.6
PC11 @ ® ;
PC12 @ ®
PC13 @
PC14 @ ® ‘
biol @ o0 0000 [ I ® L 04
bio2 ) .
bio3 @@ D o0 oo @
bio4 @
boS 98 000 @ - o
bics @ SO0 @0 - o L 02
bio7 !
bios GOO® 0 o
biod @@ o L
bio10 @ e ®
bio11l @ ® @ L 0
biol2 @O0 00O ¢
biol3 @e @0 e®
biol4 GO0 00 e ® ®
biol5 @ @@ 0 ®
bio16 GPO0® L —0.2
bio17 @@ e ® ®
bio18 @@ ® @
bio19 @
elev @@ ®
slope @ 13
aspect @ - —04
soilph @ :
cec @ 2]
)
soc @
bd . —06
silt @ ®
coarsefragm (@
sand @@
cay @ i
ghm 0.8
nti2020
popdens2020 @
roaddens @@
wsf @ =4

Figure S7. Correlation matrix of predictor variables in site #6 (Borneo). The PCs are PCs that

represent more than 90% of the variation in all predictor variables.
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Figure S8. Correlation matrix of predictor variables in site #7 (Southwest Amazon). The PCs are

PCs that represent more than 90% of the variation in all predictor variables.
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Figure S9. Correlation matrix of predictor variables in site #8 (Brazilian Amazon). The PCs are

PCs that represent more than 90% of the variation in all predictor variables.
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Figure S10. Correlation matrix of predictor variables in site #9 (African grasslands). The PCs are

PCs that represent more than 90% of the variation in all predictor variables.
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Figure S11. Correlation matrix of predictor variables in site #10 (Southeastern Australia). The

PCs are PCs that represent more than 90% of the variation in all predictor variables.
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Abstract

The Global Ecosystem Dynamics Investigation (GEDI) is generating predictions of aboveground
biomass density (AGBD) in temperate and tropical regions at high spatial resolution. Models
used to generate GEDI footprint-level AGBD for the release 1 and release 2 data products are
stratified by Plant Functional Type (PFT) and geographic world region. Previous research has
demonstrated that stratified AGBD models outperform a global model lacking stratification.
However, the impact of current strata on AGBD prediction is unknown, and it is unclear whether
the current stratification can be improved by breaking current strata into smaller ones, or
combining existing strata into larger areas. If current strata represent variation in the relationship
between AGBD and GEDI relative height (RH) metrics, the stratum-level relationship should
predict AGBD as well as locally developed models within subsets of the same stratum. Here we
test this assumption by developing AGBD models within 5-degree grid cells worldwide for 10
PFT-by-region prediction strata within the GEDI domain. We used statistical hypothesis testing
to determine whether coefficients of local AGBD models are varying within currently-defined
prediction strata and quantified the pairwise difference in AGBD predictions from the locally
developed models using a worldwide sample of GEDI footprints. We found statistically different
AGBD models trained on geographic subsets in the same prediction stratum and some of them
generated divergent AGBD predictions, exceeding 50 Mg / ha. The results in most strata were
not sensitive to regularization and model structure. Our study revealed significant geographic
variation in relationships between AGBD and RH metrics and indicated that the heterogeneity of
the relationships could be more complex than current PFT-by-Region stratification. The
geographic subsets with limited training data and high heterogeneity need further investigation,

demonstrating where to prioritize training data collection. Overall, this research will benefit
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future versions of the AGBD data product from GEDI through stratification and training data
collection.
Keywords: Global Ecosystem Dynamics Investigation, aboveground biomass density,

stratification, regularization, transferability

1. Introduction

Terrestrial ecosystems act as both sources and sinks of carbon and are essential
components of the global carbon cycle (Schimel, 1995; Houghton, 1996; Ruehr et al., 2023).
Current estimates of carbon emissions from land use and land-cover change in terrestrial
ecosystems exhibit high variability due to uncertainties in aboveground biomass density (Saatchi
etal., 2011; Baccini et al., 2012; Houghton et al., 2012; Friedlingstein et al., 2019; Duncanson et
al., 2022).

The Global Ecosystem Dynamics Investigation (GEDI) is the first spaceborne lidar
designed for terrestrial ecosystems in temperate and tropical regions (Dubayah et al., 2020).
GEDI seeks to improve our knowledge of aboveground carbon balance in terrestrial ecosystems
by generating predictions of aboveground biomass density (AGBD) at a footprint size of 25 m.
Models used to generate GEDI footprint-level AGBD for the release 1 and release 2 data
products are based on simulated waveforms and stratified by Plant Functional Type (PFT) and
geographic world region (Kellner et al., 2022). The predictors for the AGBD models are relative
height (RH) metrics derived from GEDI waveforms (Kellner et al., 2022; Duncanson et al.,
2022).

Previous research has demonstrated that stratified AGBD models outperform a global
model lacking stratification (Duncanson et al., 2022). However, the current stratification is

pragmatic: it is unclear whether the current stratification can be improved by breaking current
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strata into smaller ones, or combining existing strata into larger areas. In other words, it is
unclear if there is heterogeneity in the relationship between RH metrics and AGBD within each
current prediction stratum used by GEDI AGBD models. If the relationship between AGBD and
GEDI RH metrics (e.g., allometry) is homogeneous within the current strata, the stratum-level
relationship should predict AGBD as well as locally developed models that are trained using
geographic subsets of the training data from the same stratum. Or in other words, the locally
developed models should be similar or predicting AGBD in similar ways.

To test if there is heterogeneity in the relationship between RH metrics and AGBD within
each current prediction stratum used by GEDI AGBD models, we ask three questions: (1) Are
AGBD models trained on geographic subsets in the same prediction stratum similar? (2) If not,
what does the within-stratum variation mean for AGBD predictions? (3) What is the implication

of the variation on future stratification and training data collection?

2. Methods

The training data we used in this study are 8,587 observations of field-estimated AGBD
based on allometric models and RH metrics from simulated waveforms, the same training dataset
used by the GEDI science team for developing GEDI04_A AGBD models (Kellner et al., 2022).
We divided training data in 10 current prediction strata by geographic subset (i.e., 5° by 5° grid
cell) to examine the similarity of the models trained on the geographic subsets (i.e., local
models). We used 5° cells because this is the size of grid cells used by GEDI science team to test
the geographic transferability of GEDI04_A models (Kellner et al., 2022). We only used subsets

with at least 20 observations (Figure 1).
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Figure 1. Sample size in each geographic subset of the studied strata. DBT: deciduous broadleaf
tree; EBT: evergreen broadleaf tree; ENT: evergreen needleleaf tree; GS: grassland, shrubland,

and woodland; US: North America; Eu: Europe; Au: Australia; Af: Africa; SA: South America.

To determine the similarity of local models, we tested the pairwise statistical difference
of the model coefficients (i.e., section 2.1) and examined pairwise differences in AGBD
predictions from the models using on-orbit GEDI footprints (i.e., section 2.2). Two versions of
model predictors (i.e., RH metrics) were used (Table 1). In Version 1, RH metrics used for a
local model were those employed in the GEDI04_A model of the corresponding prediction
stratum. In Version 2, all local models were using the same RH metrics that came from the
GEDI04_A PFT x Region models, and they are RH40, RH50, RH70, RH80, and RH98. This
version was to keep the model structure the same, so that variation found from model

comparisons would not be due to different model structures.
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Table 1. Two versions of predictors used for local models in current prediction strata

Prediction . .
Version 1 Version 2
stratum
DBT x Af RH50, RH98
DBT x Eu RH70, RH98
DBT x US RH50, RH98
EBTx Af RH50, RH98
EBT x Au * RH40, RH50, RH70,
EBT x SA RH50, RH98 RH80, RH98
ENT x Au RH40, RH98
ENT x Eu RH70, RH98
ENT x US RH70, RH98
GS x Au *

*EBT x Au and GS x Au were not considered in Version 1 because they only had one
geographic subset after excluding subsets with less than 20 observations. These two strata were

considered in Version 2 because we did across-strata pairwise comparison.

2.1 Statistical difference of local models

We tested a null hypothesis to determine the pairwise statistical difference of the model
coefficients (Weerahandi, 1987). A pair of local models whose coefficients to be compared were
represented by Equations (1 — 2). Training data for Equation (1) were from one geographic

subset, and training data for Equation (2) were from the other geographic subset:
yi=Xif1+¢&, &~Np, (o, 0121n1) , (1)
Vo =XoBo + &,  &~Ny, (o, Uzzlnz) , 2
where y; was the n, X 1 vector of field-measured AGBD observations, y, was the n, X 1
vector of field-measured AGBD observations, and X;and X, were matrices of RH metrics from
simulated waveforms (the first column was 1) of sizes n, X k and n, X k respectively. B, or 3,

was the k x 1 vector of model coefficients. k = 3 when two RH metrics were used in each local
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model and each pair of local models was from the same stratum (i.e., Version 1 in Table 1). k =
6 when five RH metrics were used and a pair of local models could come from the same or
different strata (i.e., Version 2 in Table 1). &, or &, was the error term. &; was an, X 1 vector
and e, was a n, X 1 vector. The covariate matrix of the error term distribution was a multiple of
the identity matrix I,  or I,,. a2 or o7 was the variance of the error term.

The null hypothesis H, was

Br =P ©)
We used a significance level of 0.05 to decide if accepting or rejecting the null hypothesis

based on the approximate p-value below (Weerahandi, 1987):

p=1-E[Fe, (F - B (20700 + 2 0mx)7) Bi-B)] @
where r = ny +n, — 2k, F;, was the cumulative distribution function of F distribution with k
and r degrees of freedom. The expectation was taken with respect to the random variable

R ~ Beta("=, "25). And
Bi= X" X)X Ty i = 1,2, ®)
vi= =9 i -9 i=1.2 (6)
where 9; = X, ;.
We did the hypothesis testing to compare the statistical difference of model coefficients

for both versions of predictors. For Version 2 predictors, we also used training data in current

prediction strata (instead of geographic subsets of the strata) to do the hypothesis testing.

2.2 Prediction difference of local models

2.2.1 Model training
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We trained linear models with the two versions of predictors in Table 1. We used linear
models because GEDI04_A models are linear models. In each version of predictor variables, we
trained both regularized and unregularized models. We used regularized models to avoid
overfitting and extreme predictions considering the number of observations in a geographic
subset was much smaller than that of a prediction stratum. Overfitting happens when a model fits
training data so closely that it captures noise and it causes the model to be less likely to
generalize well on unseen data (VVapnik and Chervonenkis, 1991). Regularization is a technique
to improve model generalizability on unseen data by reducing the possibility of overfitting
(Hastie et al., 2009).

We used L2 regularization to regularize linear models in the model training process. L2
regularization employs the L2 norm (i.e., the Euclidean norm) as the penalty term (Equation 7).
We used L2 regularization because it permits analytic solutions through matrix inversion, while
the other common way of regularization, L1 regularization, does not. L2 regularization
encourages smaller model coefficients as the penalty will be greater when the coefficients are
greater.

We used the mean squared error (MSE) as the loss for the unregularized model. The
regularized loss function based on L2 regularization was:

Loss = Xj_1(yj —7(X)))? + 24 x Xk, B (7)
where n represents the number of samples in the training data within a geographic subset, X;
represents the RH metrics of the jth sample from the training data, y; represents the AGBD of

the jth sample from the training data, r(Xj) =Yk . BmXm represents the predicted AGBD from

the model based on RH metrics from the training data. Y:X._, 82, was the penalty term. g,,,

represents the mth coefficient in the model. m started from 2 because the first column in the
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coefficient matrix was the intercept and the model did not penalize the intercept. k = 3 when
two RH metrics were used (i.e., Version 1 in Table 1). k = 6 when five RH metrics were used
(i.e., Version 2 in Table 1).

To determine A in the loss function of each regularized local model, we conducted leave-
one-out cross-validation (LOOCV), where we used each sample as the test data to calculate the
loss and the rest of the samples as training data. The A value we used for LOOCV was from 0 to
1 at a step of 0.0001, and then from 2 to 10 at a step of 1. We selected the A that minimized
regularized loss of each local model. We then determined model coefficients of each local model
using all training data in the corresponding geographic subset by minimizing the regularized loss

based on the selected A.
2.2.2 Prediction difference using on-orbit GEDI data

We used RH metrics from 10,000 on-orbit GEDI footprints to predict AGBD based on
the local models trained before and calculated the pairwise AGBD difference from the models.
In Version 1 predictors, local models from the same stratum were compared and the on-orbit
GEDI footprints came from the corresponding prediction stratum.

In Version 2 predictors, where local models from different prediction strata were also
compared, we treated each local model as the focal model and calculated the pairwise difference
in AGBD prediction from the focal model and each of the other local models (Figure 2). When a
local model was the focal model, the on-orbit GEDI footprints used by all local models were the
same and came from the stratum of the focal model. A pairwise AGBD difference could come
from a pair of local models from the same stratum or from different strata.

To investigate if current strata were helpful in maintaining smaller variation within the

stratum than outside the strata, for each focal model, we also calculated the mean difference
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based on pairs of local models that came from the same stratum, and calculated the mean
difference based on pairs of local models that came from different strata (Figure 2). If there is no
within-stratum variation in the relationship between RH metrics and AGBD, the expectation is

that the former mean difference should be smaller the latter mean difference.

stratum #1

stratum #1

. a pair of local models from different strata

' a pair of local models from the same stratum

Figure 2. lllustration of the calculation of mean difference for each focal model. Each grid cell
on the figure represents a pairwise AGBD difference from two local models trained on two
geographic subsets. Each local model could be the focal model, and here the example focal
model is the local model trained on data in geographic subset #2. The mean AGBD difference
was calculated in two ways: (1) using AGBD difference from pairs of local models that came
from the same stratum; (2) using AGBD difference from pairs of local models that came from

different strata.
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3. Results

3.1 Statistical difference of local models

We found statistically different local models within current prediction strata using both
versions of predictors. When 2 RH metrics were used, we found statistical difference in local
models within 7 of the 8 studied prediction strata; except that local models in DBT x Af did not
have statistically different coefficients (Figure 3). When 5 RH metrics were used, we found
statistical difference in local models within 6 of the 8 studied strata that had more than one
geographic subset (Figure 4). Within each of the 6 strata, at least one pair of local models had
statistically different model coefficients (Figure 4). Local models in DBT x Af or ENT x Au did

not have statistically different coefficients (Figure 4).
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Figure 3. Hypothesis testing results based on Version 1 predictors (i.e., 2 RH metrics). A red cell
represents a pair of local models with statistically different model coefficients. A green cell

represents a pair of local models with the same model coefficients statistically.

Local models from different strata could also be statistically the same, even though most
pairwise comparisons from different strata were connected to statistically different local models
(Figure 4). A local model in EBT x SA had statistically the same model coefficients with all

local models from EBT x Af (Figure 4: EBT_SA -5 -60). The only local model in EBT x Au
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had the same model coefficients statistically as two local models in EBT x SA (Figure 4:

EBT_SA_-10_-55and EBT_SA_-15_-60).
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Figure 4. Hypothesis testing results based on Version 1 predictors (i.e., 5 RH metrics). A red cell
represents a pair of local models with statistically different model coefficients. A green cell
represents a pair of local models with the same model coefficients statistically. If a cell is inside
a black bounding box, this means that the two relevant local models were from the same stratum;

otherwise, the two local models were from different strata.
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3.2 Prediction difference based on on-orbit GEDI footprints

This section only shows results without regularization because results based on
regularization had little difference with results based on unregularized models. Results from

regularized models can be found in Supplemental materials.

3.2.1 Prediction difference based on 2 RH metrics

We found notable pairwise AGBD differences from local models within the same
prediction stratum (Figure 5). The pairwise AGBD difference were as great as 600 Mg / ha
(Figure S7, EBT_SA_-15_-60), although the greatest difference decreased to 300 Mg / ha after
regularization (Figure S8, EBT_SA _-15 -60). In the three prediction strata with most local
models, most of the pairwise AGBD differences were around 50 Mg / ha (Figure 5A, DBT x US,
EBT x SA, ENT x US). Local models in DBT x Af or DBT x Eu had little pairwise AGBD
differences (Figure 5A). Note that local models in DBT x Eu were statistically different, but they
had little AGBD difference.

Most of the normalized AGBD differences were around or above half of the mean AGBD
from GEDI, both without and with regularization (Figure 5B, Figure S4B). Some local models
had greater AGBD differences with the other local models in the same prediction stratum, such

as ENT_US_30_-80, ENT_Eu_40_-5, EBT_SA_-10_-55, and DBT_US_30_-90 (Figure 5B).
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Figure 5. Difference in AGBD predictions from local models without regularization based on
Version 1 predictors (i.e., 2 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI
footprints used for AGBD predictions came from the stratum of the focal model. A: Pairwise
difference (unit: Mg/ ha). Grid cells with differences greater than 100 Mg / ha are in yellow and
are also shown in Figure S7 with actual values. B: Normalized difference by GEDI AGBD. Grid

cells with normalized differences greater than 1 are in yellow.

3.2.2 Prediction difference based on 5 RH metrics
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Similar to results from the 2-RH-metrics version, notable within-stratum AGBD
differences were found when 5 RH metrics were used. Regularization still reduced the greatest
pairwise AGBD difference, mostly for one local model in EBT x SA, as it did in results from the
2-RH-metrics version (Figure S9, Figure S10). A local model in EBT x SA had more divergent
AGBD differences with the other local models within and without the EBT x SA stratum; and
the difference could be greater than 600 Mg / ha (Figure S9, EBT_SA _-15 -60). After removing
the differences involving this local model, there were still local models that had AGBD
differences that were around 50 Mg / ha with the other local models in the same stratum, such as
EBT x SA_-10_-55 (Figure 6A). Within the most prediction strata, most of the AGBD
differences were above half of the mean AGBD from on-orbit GEDI footprints, similar to the

results from the 2-RH-metrics version (Figure 6B).
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Figure 6. Difference in AGBD predictions from local models without regularization based on
Version 2 predictors (i.e., 5 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI
footprints used for AGBD predictions came from the stratum of the focal model. A: Pairwise
difference (unit: Mg / ha). Grid cells with differences greater than 100 Mg / ha are in yellow and
are also shown in Figure S9 with actual values. B: Normalized difference by GEDI AGBD. Grid

cells with normalized differences greater than 1 are in yellow.
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Local models in the same stratum could be less similar than those from different strata,
and no matter if certain local models were excluded, EBT x SA always had local models
predicting AGBD more divergently from the same stratum than from different strata. (Figure 7,
Figure S11). Only one stratum (i.e., EBT x SA) had local models with greater mean AGBD
difference from the same stratum than from different strata; and all local models in EBT x SA
were like this (Figure S11). When pairs of local models containing the outlier local model in
EBT x SA (i.e., EBT_SA _-15 -60) were excluded from the mean difference calculation, most
local models in EBT x SA predicted AGBD more convergently within the same stratum than
across different strata (Figure 7), while DBT x US, ENT x Eu and ENT x US had 1 — 3 local
models predicting more divergent AGBD within the same stratum than across different strata
(Figure 7).

Regularization only made difference to 6 focal models in 4 strata (Figure 7, Figure S6).
Regularized local models in ENT x Eu all predict AGBD more convergently within the stratum
than across different strata (Figure S6). DBT x US, EBT x SA and ENT x US had 1 — 2 more
focal models predicting more divergent AGBD within the same stratum than across different

strata, meanwhile EBT x SA also had one less focal model like that (Figure S6).
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Figure 7. Mean AGBD difference from local models in the same or different strata without

regularization based on Version 2 predictors (i.e., 5 RH metrics). The mean AGBD difference

was calculated for each focal model based on pairwise difference within and without the red

bounding box in Figure 6. Black bounding boxes represent prediction strata with more than one

local model. The outlier subset (i.e., EBT_SA -15 -60) in Figure 6 was excluded from the mean
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difference calculation. See Figure S11 for the mean difference including the outlier subset.

4. Discussion
4.1 Stratification



Within-stratum results based on the two versions of predictor variables (Table 1) are
similar. Both versions demonstrated within-stratum variation in current prediction strata used by
GEDI04_A AGBD data product by comparing both model coefficients and predictions based on
on-orbit GEDI footprints. For example, EBT x SA had pairs of local models within the stratum
(e.g., EBT_SA -15 -60 and other local models in the stratum, EBT_SA -10 -55 and other local
models in the stratum) that were statistically different (Figure 3, 4) and the AGBD predictions
from the models were also largely divergent (Figure 5, 6). DBT x US also had such pairs of local
models (Figure 3, 4, 5, 6). Considering the precipitation gradient covered by deciduous broadleaf
trees in North America (i.e., DBT x US), the variation we found in this study could be due to that
the current PFT by Region stratification did not capture the precipitation gradient in the stratum.

However, the within-stratum variation should be further validated with more samples in
geographic subsets with few observations. The two local models in EBT x SA mentioned above
that had both statistical difference and divergent AGBD predictions with other local models in
the stratum had small numbers of observations: EBT_SA -15 -60 had 41 samples, and
EBT_SA -10_-55 had 28 samples.

We do not find evidence to split two current prediction strata: DBT x Af and DBT x Eu.
Local models in DBT x Af had statistically the same model (Figure 3, 4) and predicted
convergent AGBD (Figure 5, 6). DBT x Eu had statistically different local models (Figure 3, 4)
but the AGBD predictions from the local models had little difference (Figure 5, 6). When 5 RH
metrics were used (i.e., Table 1, Version 2), we found possibilities of combining these two strata
with some geographic subsets in ENT x US (Figure 4, 6). For example, all four models in these
two strata were statistically the same as some local models in ENT x US (Figure 4); and local

models in DBT x Af had little pairwise AGBD differences with local models in ENT x US
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(Figure 6). On the other hand, statistical hypothesis testing based on the two strata did not show
the possibility for combination (Figure S1)

Version 2 predictor variables enabled comparisons across different strata. We were able
to evaluate whether each prediction stratum was helpful in maintaining smaller prediction
difference within the stratum than outside the stratum through comparing mean AGBD
difference from the same and different strata based on focal models (Figure S11). EBT x SA was
found to be a less helpful stratum because all local models had greater mean AGBD difference
from the same stratum than from difference strata when they were used as focal models. Taking
into consideration the impact of sample size of training data in the geographic subsets, there were
still local models with a large number of samples that had greater AGBD prediction difference
within the stratum than outside the stratum (e.g., Figure S11, EBT_SA 0 -55, EBT_SA -5 -50).
Results from regularized models showed two more local models with this issue (Figure S12,
DBT_US 45 -95, ENT_US_45 -95), but they had small numbers of training data (Table 1).

We used on-orbit GEDI footprints to compare if the local models predicted AGBD in
similar ways by quantifying the pairwise AGBD differences. This method to evaluate the
stratification did not require field AGBD measurements and took advantage of on-orbit GEDI
footprints. It has the potential to be used for evaluating stratification for AGBD models from
other missions such as ESA BIOMASS and NASA-ISRO NISAR. The analysis also spoke to the
transferability of GEDI AGBD models. Although the models used here were local models, rather
than GEDIO4_A models, the method of comparing AGBD prediction difference can be used to

evaluate the necessity of splitting certain strata.
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Note that this does not imply that finer strata are better. Regardless of the feasibility of
using the finest strata to train AGBD models, finer strata may capture noise or features that

cannot be generalized well on unseen data, similar to the idea of overfitting.

4.2 Regularization and training data collection of GEDI_04A models

Although regularization avoids extreme AGBD predictions, local models in most
prediction strata were insensitive to regularization, except EBT_ATf (Figure 4, 5, 6). This could
be due to that the regularizations used in the study all penalized the model coefficients in similar
ways.

Another aspect to interpret the insensitivity of the models to regularizations is that, even
though the goal of regularizations was to improve the generalizability, there was still within-
strata variation observed no matter whether regularization was used or not.

Considering the difficulty in training data collection, it is important to determine where to
prioritize data collection. Our study shows that data collection is of higher priority in geographic
subsets with few training samples (Table 1) and that caused within-stratum variation (e.g., Figure
5,6, EBT_SA _-15 -60, EBT_SA -10_-55). Those subsets are to be interrogated with more

training data.

5. Conclusions

We interrogated the current GEDI aboveground biomass density data product by
examining the variation in the relationship between RH metrics and AGBD in current prediction
strata. We found statistically different local models in current prediction strata and some of them
generated divergent AGBD predictions within the same stratum, exceeding 50 Mg / ha. Local

models in some strata (e.g., EBT x SA) had more divergent AGBD predictions within the same
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stratum than across different strata, indicating the strata were not helpful in maintaining smaller
difference in AGBD predictions within the strata than across different strata. The results in most
strata were not sensitive to regularization and model structure. The results revealed the
heterogeneity of the relationship between carbon and structure could be more complex than
current PFT-by-Region stratification. The within-stratum variation found in geographic subsets
with limited training data demonstrated the need to prioritize training data collection in those
regions. The research informs future versions of AGBD data products from GEDI through

insights about stratification and training data collection.
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Figure S1. Hypothesis testing results using GEDI04_A PFT x Region prediction strata based on
Version 2 predictors (i.e., 5 RH metrics). A red cell represents a pair of statistically different
local models. A red cell represents a pair of local models with statistically different model
coefficients. A green cell represents a pair of local models with the same model coefficients

statistically.
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Figure S2. A of the local model in L2 regularization based on 2 RH metrics

T T T

0.0129 b

0 i

0 _

0 _

0.0461-

0.0055 h

0.0051 N

0.0114 h

0.0014 N

0.0046 =1

0.0015 =t

0.0101 T

0 .l

0.0222 b

0 8

0 =l

0.0105 b

0.0052 =

0 _

0.0274 N

0 -

0.0003 N

0.0034 T

0 =

D —

0.0202 =

0 —

0 -

0 —

0.0005 T

0.007 N

0 e

0.0142 =

0.0155 =

0.0101 =

0.0051 N

0.0054 =

0 -
| | I I | | | I |

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04 0.045 0.05

A

138



Local models

GS_Au_-35_145 [Hl0.0041
ENT_US 45 -95 0.0368
ENT_US_45_-90 §©.0001
ENT_US_45_-70 [B0.0017
ENT_US_45 -120 0.0052
ENT_US_40 -125 0.1071
ENT_US_40_-120 [llD.0036
ENT US 35 -75 0.009
ENT_US_30_-80 0.0503
ENT_Eu_55_25 0.0008
ENT_Eu_50_20 0.0066
ENT_Eu_45_10 §0.001
ENT Eu 40 -5 0.0121
ENT_Au_-45_170 0.0102
ENT_Au_-40_175 0.0714
EBT_SA_5 -80 0.0059
EBT_SA_5_-55 [9.0002
EBT_SA_10_-85 0.0356
EBT_SA_0_-80 0.0152
EBT_SA_0_-55 [H0.0046
EBT_SA_-5_-60 D.0518
EBT_SA_-5_-50 0.001
EBT_SA -15 _-60 0.0001
EBT_SA_-15_-55 0.0053
EBT_SA_-10_-55 EN0.0039
EBT_Au_-20_145 H0.0021
EBT_Af 0 5 0.0127
EBT_Af 0_20 0.031
EBT_Af -5_15 0.0053
EBT_Af -5 10 - 0
DBT_US_45 -95 [HllM0.0045
DBT_US 45 -90 - 0
DBT_US_45_-70 0.0195
DBT_US_40_-75 [9.0002
DBT_US_40_-110 0.0743
DBT_US_30_-90 0.0563
DBT Eu_50_20 D.0226
DBT_Eu_45_10 0.0052
DBT_Af -15 35 0.0082
DBT_Af -10.35F 0

0 0.02 0.04 0.06 0.08 0.1
A

Figure S3. A of the local model in L2 regularization based on 5 RH metrics
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Figure S4. Difference in AGBD predictions from local models with L2 regularization based on

Version 1 predictors (i.e., 2 RH metrics). Each cell on the figure represents a pairwise AGBD

difference from two local models. Each column represents a focal model. On-orbit GEDI

footprints used for AGBD predictions came from the stratum of the focal model. A: Pairwise

difference (unit: Mg/ ha). Grid cells with differences greater than 100 Mg / ha are in yellow and

are also plotted based on actual values in Figure S8. B: Normalized difference by GEDI AGBD.

Grid cells with normalized differences greater than 1 are in yellow.
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Figure S5. Difference in AGBD predictions from local models with L2 regularization based on
Version 2 predictors (i.e., 5 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI
footprints used for AGBD predictions came from the stratum of the focal model. A: Pairwise
difference (unit: Mg / ha). Grid cells with differences greater than 100 Mg / ha are in yellow and
are also plotted based on actual values in Figure S10. B: Normalized difference by GEDI AGBD.

Grid cells with normalized differences greater than 1 are in yellow.
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Figure S6. Mean AGBD difference from local models in the same or different strata with L2

regularization based on Version 2 predictors (i.e., 5 RH metrics). The mean AGBD difference

was calculated for each focal model based on pairwise difference within and without the red

bounding box in Figure 6. Black bounding boxes represent prediction strata with more than one

local model. The outlier subset (i.e., EBT_SA_-15_-60) in Figure S5 was excluded from the

mean difference calculation. See Figure S12 for the mean difference including the outlier subset.
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Figure S7. Difference in AGBD predictions from local models without regularization based on
Version 1 predictors (i.e., 2 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI

footprints used for AGBD predictions came from the stratum of the focal model.
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Figure S8. Difference in AGBD predictions from local models with L2 regularization based on
Version 1 predictors (i.e., 2 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI

footprints used for AGBD predictions came from the stratum of the focal model.
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Figure S9. Difference in AGBD predictions from local models without regularization based on
Version 2 predictors (i.e., 5 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI

footprints used for AGBD predictions came from the stratum of the focal model.
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Figure S10. Difference in AGBD predictions from local models with L2 regularization based on
Version 2 predictors (i.e., 5 RH metrics). Each cell on the figure represents a pairwise AGBD
difference from two local models. Each column represents a focal model. On-orbit GEDI

footprints used for AGBD predictions came from the stratum of the focal model.
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Figure S11. Mean AGBD difference from local models in the same or different strata without

regularization based on Version 2 predictors (i.e., 5 RH metrics). The mean AGBD difference

was calculated for each focal model based on pairwise difference within and without the red

bounding box in Figure 6. Black bounding boxes represent prediction strata with more than one

-15 -60 were cut off; the yellow bar was at 602.67 Mg / ha,

local model. The bars for EBT SA

and the cyan bar was at 616.05 Mg / ha.
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Figure S12. Mean AGBD difference from local models in the same or different strata with L2

regularization based on Version 2 predictors (i.e., 5 RH metrics). The mean AGBD difference

was calculated for each focal model based on pairwise difference within and without the red

bounding box in Figure 6. Black bounding boxes represent prediction strata with more than one

-15_-60 were cut off; the yellow bar was at 543.65 Mg / ha,

local model. The bars for EBT SA

and the cyan bar was at 559.26 Mg / ha.
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