EarthArXiv Coversheet

Local Prediction of Temperate Forest Structure in Eastern
North America Using LiDAR, Radar, and Optical Data

Authors

Chenyang Wei'!, Colin Sweeney', Trevor Roberts?, Hikaru Keebler!, Daniel Fink?, Benjamin
Zuckerberg?, Marta A Jarzyna'*, Kaiguang Zhao®

Affiliations

! Department of Evolution, Ecology and Organismal Biology, The Ohio State University,
Columbus, OH, United States of America

2 Department of Forest and Wildlife Ecology, University of Wisconsin-Madison, Madison, W1,
United States of America

3 Lab of Ornithology, Cornell University, Ithaca, NY, United States of America

* Translational Data Analytics Institute, The Ohio State University, Columbus, OH, United
States of America

5 School of Environment and Natural Resources, The Ohio State University, Columbus, United
States of America

Corresponding author
Chenyang Wei (ChenyangWei.CWei@gmail.com)

Peer status statement: This document is a non-peer-reviewed preprint submitted to EarthArXiv.
The manuscript has been submitted to Environmental Research Letters for peer review
(submitted October 30, 2025). If accepted, a postprint update will include the journal citation and
DOL.

Keywords

GEDI; LiDAR; vegetation structure; temperate forest; eastern North America; local modeling;
machine learning


mailto:ChenyangWei.CWei@gmail.com

Title

Local Prediction of Temperate Forest Structure in Eastern North America Using LiDAR, Radar,
and Optical Data

Keywords

GEDI, LiDAR, vegetation structure, temperate forest, eastern North America, local modeling,
machine learning

Abstract

Forest structure underpins the emergence of ecological patterns and processes yet remains costly
and labor-intensive to measure at broad scales. NASA’s Global Ecosystem Dynamics
Investigation (GEDI) mission provides three-dimensional Light Detection and Ranging (LiDAR)
measurements at discrete footprints, leaving spatial gaps that complicate wall-to-wall mapping.
Few studies have produced high-resolution, broad-extent predictions of multiple GEDI-derived
metrics while explicitly accounting for spatial nonstationarity in predictor-response relationships.
We addressed this gap with a local modeling framework that predicted 11 GEDI-based structural
metrics at 30-m resolution across temperate broadleaf and mixed forests of eastern North America
(1.17 million km?) for 2019-2022. Using Google Earth Engine, we integrated Landsat and
Sentinel-2 multispectral imagery, Sentinel-1 synthetic aperture radar, and auxiliary variables
(topography, land cover, leaf traits, and soil properties) to derive 93 environmental covariates. We
partitioned the study area into 1,693 overlapping tiles, trained tile-specific random forest (RF)
models with 80% of GEDI observations, and aggregated overlaps using weights based on model
performance and pixel location. Across all metrics, local model predictions correlated strongly
with GEDI measurements (Pearson’s » > 0.65). On the 20% held-out test set, median R* of local
models exceeded 0.4 for seven metrics, with canopy height and canopy cover both reaching 0.63.
Sentinel-2, topography, and Landsat ranked among the most important predictor groups in at least
69.6% of local models for each metric. Across 30 randomly sampled tiles, local models
outperformed a single global RF model in 56.7% of cases, with the largest gains where the global
model performed worst. Our results show that integrating spaceborne LiDAR with multisource
environmental covariates in a local modeling framework delivers robust predictions of forest
structure and offers a transferable approach across broad geographic regions.



1. Introduction

Forest structure, the volumetric capacity and the spatial arrangement of vegetative components of
different identities (LaRue ef al 2023), affects the composition, dynamics, and functioning of
forest ecosystems (Nadkarni ef al 2008). It shapes the availability of physical space and resources,
which constrains the number of individuals a community can harbor (Camacho et a/ 2025) and
underpins the diversity of ecological niches that support coexisting life forms (MacArthur and
MacArthur 1961, Stein et al 2014). Forest structural properties also mediate plant responses to
climate warming by influencing canopy light-use efficiency, light absorption, productivity, and
understory microclimate (Gough et al 2019, Atkins et al 2018, Ray et al 2023, Zellweger et al
2020). A deeper understanding of forest structure is thus essential for advancing both wildlife
habitat assessments and carbon stock estimation in terrestrial ecosystems. Despite this
importance, field-based measurement of fine-scale forest structure across broad extents requires
substantial labor, time, and cost, which limits most studies to local or landscape scales (Bakx et al
2019).

Light Detection and Ranging (LiDAR), an active remote sensing technology, offers a
cost-effective, efficient, and scalable means of mapping forest structure across large spatial
extents (Hakkenberg and Goetz 2021, Bakx et al 2019, Tamiminia et al 2024). As a pioneering
space-borne LiDAR mission, NASA’s Global Ecosystem Dynamics Investigation (GEDI) was
designed to consistently measure ecosystem structure at near-global scales (Dubayah et al 2020,
2022). Using full-waveform LiDAR, GEDI records complete vertical vegetation profiles at 25-m
footprints, enabling prediction of key structure-related ecosystem properties, such as canopy
height (Potapov et a/ 2021, Lang et al 2023), canopy cover (Schlickmann et a/ 2025, Seyrek et al
2025), plant area index (PAI, Ziegler et al 2023, Marselis et al 2022), vegetation structural
heterogeneity (de Conto et al 2024, Rishmawi et al 2022), and aboveground biomass density
(Dubayah et al 2022, Duncanson et al 2022).

Despite broad use for predicting structure-relevant ecosystem properties, GEDI poses several
challenges, including sparse and uneven spatial coverage and large data volume (Burns et a/ 2024,
2025, Potapov et al 2021). To produce wall-to-wall maps of forest structure, researchers
commonly adopt three approaches: 1) aggregate footprint-level measurements into coarser spatial
units using summary statistics (Killion ef al 2023, Xu et al 2024, Burns et al 2024, Xu et al 2025,
Marselis et al 2022, Liu et al 2025); 2) interpolate discrete GEDI observations to generate
continuous rasters (Mohammadpour ef al 2025, Ren et al 2023, Burns et al 2020); and 3) predict
GEDI-derived structural metrics with data-fusion models that leverage continuous-coverage
covariates, such as multispectral imagery, Synthetic Aperture Radar (SAR), and digital elevation
models (DEMs) (Tamiminia et al 2024, Schlickmann et al 2025, Favrichon et al 2025, Ngo et al
2023, Lang et al 2023, Vogeler et al 2023, Ziegler et al 2023, Seyrek et al 2025, Kacic et al
2023). Aggregation works best where GEDI sampling is dense (Burns et al 2024); when sampling
thins, analysts often coarsen grid cells to raise within-cell density, which reduces the ability to
capture local variability in forest structure (Killion et a/ 2023, Xu et al 2025, 2024). Interpolation
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accuracy and reliability generally improve as data density increases (Lu and Wong 2008, Loiseau
et al 2021), yet methods such as inverse distance weighting and Simple or Ordinary Kriging rely
on spatial proximity or correlation among GEDI observations and typically ignore environmental
covariates that explain ecological drivers of forest structure. Data-fusion models offer stronger
performance for large-area interpolation and for filling sparsely sampled grid cells (Burns et al
2020), but the volume of GEDI and auxiliary data and the associated computation force trade-offs
among geographic extent, spatial resolution, and the number of structural metrics. Many studies
therefore prioritize one or two of these aspects at the expense of the others: some map large
extents at coarse resolution, for example > 100 m (Rishmawi et al 2021, Sothe et al 2022,
Rishmawi et al 2022), while others favor fine resolution but focus on regional scales (e.g., < 0.5
million km?) with limited latitudinal or elevational gradients (Tamiminia et a/ 2024, Schlickmann
et al 2025, Kacic et al 2021, Ziegler et al 2023, Ngo et al 2023, Favrichon et al 2025, Seyrek et al
2025, Kacic et al 2023), or target a single metric, such as canopy height (Potapov et al 2021, Ngo
et al 2023, Favrichon et al 2025, Lang et al 2023, Sothe et al 2022), canopy cover (Schlickmann
et al 2025, Seyrek et al 2025), or PAI (Ziegler et al 2023). Few studies address high spatial
resolution, broad extent, and multiple metrics simultaneously. Two notable exceptions come from
Vogeler et al. (2023) and Burns et al. (2025), which use global data-fusion models to produce
maps at relatively high spatial resolutions (30 m and 90 m) for multiple GEDI-derived forest
structural metrics across relatively large regions.

Global models estimate a single relationship between predictors and response across an entire
region, assuming that the same process operates everywhere (Fink ez a/ 2010, Finley 2011). While
useful for prediction, global models can overlook nonstationary relationships between forest
structure and environmental conditions across heterogeneous landscapes (Potapov et al 2021).
Local models, on the other hand, restrict training to limited neighborhoods, which enables them to
capture local patterns, limit extrapolation, and adapt to spatially varying predictor-response
relationships that may improve prediction in heterogeneous systems (Fink ef al 2010). Local
models also reduce data volume, enable parallel processing, and lower computational burden
(Kacic et al 2021, Potapov et al 2021).

In this study, we developed a local data-fusion modeling framework to predict 11 GEDI-based
forest structural metrics across 1.17 million km? of eastern North America for 2019-2022. We
partitioned the region into 1,693 overlapping tiles and derived 93 environmental covariates per
tile. We trained tile-specific random forest (RF) models to predict each metric at 30-m resolution
and composited overlaps with weights based on local model accuracy and pixel location. We
validated predictions with held-out and randomly sampled GEDI observations and compared
predictor importance across covariate groups and benchmarked local models against global
counterparts. Our approach can be adapted to Google Earth Engine (GEE) to meet data volume
and computational requirements (Gorelick et al 2017). In doing so, our goal was to advance
understanding and prediction of forest structure across heterogeneous landscapes in eastern North
America.
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2. Methods

2.1. Study Area

We delineated the mid-latitude temperate broadleaf and mixed forests of eastern North America
(Dinerstein et al 2017), where GEDI observation density was relatively high and vegetation
density was relatively low (Burns ef al 2024). The study area spanned broad latitudinal and
elevational gradients from northeastern Alabama, USA, to southeastern Quebec, Canada, and
included four Bird Conservation Regions (BCRs) defined by the North American Bird
Conservation Initiative (figure 1): (a) Lower Great Lakes/St. Lawrence Plain (BCR ID: 13), (b)
Atlantic Northern Forest (BCR ID: 14), (¢) Appalachian Mountains (BCR ID: 28), and (d)
Piedmont (BCR ID: 29).

: Legend
n ) study area I BCR -
60-km tiles BCR -

iy Selected tiles [l BCR -
BCR -

Figure 1. Study area (white-bordered polygon) in eastern North America includes four Bird Conservation
Regions (BCRs) as defined by the North American Bird Conservation Initiative: (a) Lower Great Lakes/St.
Lawrence Plain (BCR ID: 13), (b) Atlantic Northern Forest (BCR ID: 14), (¢) Appalachian Mountains
(BCR ID: 28), and (d) Piedmont (BCR ID: 29). The inset shows the study area as the white-filled region.
Blue squares show 1,693 modeling units (60-km tiles). White semitransparent squares with thick purple
borders mark the tiles for model performance evaluation. We exclude the nonforested western portion of
the Lower Great Lakes/St. Lawrence Plain, so 60-km tiles do not cover that area.
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2.2. GEDI Data Collection and Preprocessing

We used Version 2 of the GEDI Level 2A (L2A) and Level 2B (L2B) footprint-level canopy
height and profile metrics (Beck ef a/ 2021, Dubayah ef al 2020, 2021a, 2021b), which are stored
as 25-m resolution raster files in GEE. Version 2 incorporates refined algorithm settings for laser
shot selection and significantly reduces geolocation errors in orbital segments (Tang et al 2023, Li
et al 2024a). We collected GEDI observations during the primary growing season (May through
September) from 2019 to 2022 (figure 2¢). This temporal window was chosen to minimize the
influence of phenological variability in mixed and deciduous forests and to reduce the potential
effects of snow cover across the study area (Lang et al 2023, Favrichon et al 2025, Vogeler et al
2023). Furthermore, since GEDI LiDAR signals are known to underestimate canopy height
during leaf-off periods (Li et al 2024b), we restricted our analysis to waveforms acquired under
leaf-on conditions by applying the “leaf off flag” available in the GEDI data products (Marselis
et al 2022, Potapov et al 2021, Li et al 2023, Burns et al 2024, Rishmawi et al 2022).
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(e) Training observations (f) Testing observations
Figure 2. GEDI data preprocessing in one example of the 1,693 modeling units (i.e., 60-km tiles) in this
study. (a) Geographic location of the tile example (the red square) in the study area (the white polygon).
(b) 60-km tile example (the red solid square), the corresponding 30-km grid cell (the red dotted square),
and the overlapped 60-km tiles (blue squares) on top of the study area (the white polygon). (¢) Geographic
locations of original GEDI footprints (purple dots) within the tile example. (d) Collected GEDI
observations (yellow dots) after data filtering. (e) and (f) Subsets of the collected GEDI observations used
for model training (red dots) and testing (blue dots), respectively. GEDI footprint sizes shown in each map
are slightly exaggerated for visualization purposes.

To ensure the reliability of GEDI-derived forest structural metrics, we applied a series of quality
filters to retain only high-quality L2 observations (see Supplementary material, section S1: GEDI
data filtering). We selected metrics that captured footprint-level and vertical layering properties
(table 1). From GEDI L2A, we used RH98, the relative height at which 98% of waveform energy
returned, as the canopy height metric because it showed less noise than RH100 (Li et al 2024b,
Ngo et al 2023). To quantify horizontal extent and vertical density, we extracted total canopy
cover fraction and total PAI from GEDI L2B. To represent forest structural heterogeneity, we
included foliage height diversity (FHD) from GEDI L2B to summarize vertical foliage
distribution.
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Table 1. GEDI-derived forest structural metrics in this study. The derivation of each metric is
based on the corresponding GEDI Level 2 (L2) variables described by their science dataset
names, including rh (relative height metrics at 1% interval, source: L2A dataset), cover (total
canopy cover fraction, source: L2B dataset), pai (total plant area index, source: L2B dataset),
thd normal (foliage height diversity, source: L.2B dataset), and pavd_z (plant area volume

density profile, source: L2B dataset).

Category Description Derivation
Footprint - Canopy height  Canopy height rh98 m
level Canopy cover  Total canopy cover fraction cover -
PAI Total plant area index pai m?/m?
FHD Foliage height diversity fhd_normal --
Vertical Fixed-stratum  PAVDy o Plant area volume density between 0 _pavd z0 + pavd z1 m*/m?
layering density m and 10 m 2
PAVD 0 20m Plant area volume density between —_pavd z2 + pavd z3
10 m and 20 m 2
PAVD, 30m Plant area volume density between _pavd z4 + pavd z5
20 m and 30 m 2
PAVDs; 40m Plant area volume density between  _pavd z6 + pavd z7
30 m and 40 m 2
Relative height RHD,s 500, Relative height difference between  7h50 — rh25 m
range 25% and 50%
RHDs; 750, Relative height difference between  7h75 — rh50
50% and 75%
RHD75 g0, Relative height difference between 7h98 — rh75
75% and 98%

In addition to footprint-level metrics, we quantified vertical distribution within each GEDI
footprint by computing plant area volume density (PAVD) profiles in 10-m strata from 0 to 40 m
(table 1), recognizing that most trees in the study area fall within this height range. We also
derived the vertical extent of relative height quartiles for each GEDI footprint, using RH25
through RHO98 to represent the cumulative energy distribution of the returned waveform (table 1).

To resolve overlap among GEDI footprints, we computed the median of each forest structural
metric for each distinct footprint location across observations over the study period. This
approach ensured consistent measurements across footprints and reduced the influence of uneven
spatial coverage, variable cloud contamination, seasonal shifts in vegetation phenology, and
extreme outlier values. To ultimately predict the GEDI-derived forest structural metrics in eastern
North America, we used GEE to derive 93 environmental predictors from seven groups, which
represented a wide range of environmental conditions relevant to forest structure (table 2;
Supplementary material, section S2: Environmental predictor determination and preprocessing).



Table 2. Environmental predictors used to predict GEDI-derived forest structural metrics in eastern North America. Landsat 8/9,
Sentinel-2, and Sentinel-1 predictors use imagery acquired from May to September in 2019-2022, and land cover predictors use
annual products for 2019-2022.

Group Temporal Class Spatial Name Description and derivation References
resolution resolution

Group 1: HLSL30:  Surface HLSL30: Blue HLSL30: Temporal median SR of Band 2 HLSL30:
Landsat-8/9 2-3 days  reflectance 30 m S2: Temporal median SR of Band 2 (Masek et al
(HLSL30) & (SR) Green HLSL30: Temporal median SR of Band 3 2021, .
Group 2: S2: S2: } Claverie et al
Sentinel-2 5 days 10 m for S2: Temporal median SR of Band 3 2018)
(S2) Bands 2. 3. Red HLSL30: Temporal median SR of Band 4

4.8; S2: Temporal median SR of Band 4 S2:

20 m for Red Edge 1 S2: Temporal median SR of Band 5 (Copernicus

Bands 5, 6, ) n.d.)

7 84. 11 Red Edge 2 S2: Temporal median SR of Band 6

12 Red Edge 3 S2: Temporal median SR of Band 7

Near infrared (NIR) HLSL30: Temporal median SR of Band 5
S2: Temporal median SR of Band 8

Red Edge 4 S2: Temporal median SR of Band 84
Shortwave infrared-1 ~ HLSL30: Temporal median SR of Band 6
(SWIRT) S2: Temporal median SR of Band 11
Shortwave infrared-2 ~ HLSL30: Temporal median SR of Band 7
(SWIR2) S2: Temporal median SR of Band 12

Vegetation 30 m Normalized difference  _NIR — Red (Rouse et al

index vegetation index NIR + Red 1974, Tucker
(NDVI) 1979)
Enhanced vegetation 2.5 . NIR — Red (Huete et al
index (EVI) NIR+6-Red — 7.5 - Blue + 1 2002)
Near-infrared NDVI - NIR (Badgley et al
reflectance of vegetation 2017)
(NIRy)
Kernel normalized tanh(NDVI") (Camps-Valls
difference vegetation et al 2021)
index (kNDVI)
Normalized difference _NIR — SWIR1 (Gao 1996)
water index (NDWI) NIR + SWIR1

Environmen 30 m Normalized burn ratio ~ _NIR — SWIR2 (Key and

tal index (NBR) NIR + SWIR2 Benson 2006)
Bare soil index (BSI) (SWIR1 + Red) — (NIR + Blue) (Rikimaru et

(SWIR1 + Red) + (NIR + Blue) al 2002)

Build-up index (BU) — NDWI — NDVI (He et al

2010)
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Shadow index (SI)

ATl - b
beB

(Rikimaru et

al 2002)
B = {Red, Green, Blue}
Modified normalized  _Green— SWIR1 (Xu 2006)
difference water index ~ ¢reen*SWIRL
(MNDWTI)
Tasseled-ca 30 m Brightness HLSL30: HLSL30:
p_transform 0.3690 - Blue + 0.4271 - Green + 0.4689 - Red + (Zhai et al
ation index 0.5073 - NIR + 0.3824 - SWIR1 + 0.2406 - SWIR2 2022)
S2:
0.3510 - Blue + 0.3813 - Green + 0.3437 - Red + S2:
0.7196 - NIR + 0.2396 - SWIR1 + 0.1949 - SWIR2 (Shi and Xu
Greenness HLSL30: 2019)
— 0.2870 - Blue — 0.2685 - Green — 0.4087 - Red +
0.8145 - NIR + 0.0637 - SWIR1 — 0.1052 - SWIR2
S2:
— 0.3599 - Blue — 0.3533 - Green — 0.4734 - Red +
0.6633 - NIR + 0.0087 - SWIR1 — 0.2856 - SWIR2
Wetness HLSL30:
0.0382 - Blue + 0.2137 - Green + 0.3536 - Red +
0.2270 - NIR — 0.6108 - SWIR1 — 0.6351 - SWIR2
S2:
0.2578 - Blue + 0.2305 - Green + 0.0883 - Red +
0.1071 - NIR — 0.7611 - SWIR1 — 0.5308 - SWIR2
Group 3: 6 days Polarization 10 m Vertical-horizontal Temporal median of the cross-polarized (Copernicus
Sentinel-1 polarization (0314) backscattering coefficient of the vertical transmit n.d.)
and horizontal receive polarization
Vertical-vertical Temporal median of the co-polarized
polarization (va) backscattering coefficient of the vertical transmit
and vertical receive polarization
Radar index 10 m VH/VV polarization ogH (Copernicus
ratio 0 n.d., Schlund
" and Erasmi
2020)
Radar normalized °3H - "Sv (Mastro et al
difference vegetation 00 2023)
index (RNDVI) e
Radar vegetation index 4. ch (Nasirzadehdi
(RVI) va N GIO/H zaji et al
2019)
Group 4: Annual S2-based 10m Land cover class Temporally most common land cover class (Karra et al
Land cover 2021)
Annual Landsat-bas 30 m Land cover class Temporally most common land cover class (Zhang et al
ed 2024b, Liu et
al 2023)
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Group 5: - Digital 30 m Elevation (Takaku et al
Topography surface 2016, 2020,
model Slope Tadono et al
2016)
Aspect
East-westness index sin(Slope - <go-) - sin(Aspect - —z) (Sherman et
al 2008,
North-southness index  sin(Slope - 455-) - cos(Aspect - <gor) Wilson et al
2015)
Topographi 90 m Landform classes (Theobald et
¢ feature Continuous Heat-Insolation Load Index (CHILI) al 2015)
270 m Topographic diversity (Theobald et
Multi-scale Topographic Position Index (mTPI) al 2015)
Group 6: -- -- 1,000 m Specific leaf area (Moreno-Mart
Leaf trait Leaf dry matter content inez et al
Leaf nitrogen content per dry mass 2018)
Leaf phosphorus content per dry mass
Group 7: -- Foreach 250 m Bulk density of the fine earth fraction (Poggio et al
Soil property topsoil Cation exchange capacity of the soil 2021)
E)iYSerc:m; Volumetric fraction of coarse fragments (> 2 mm)
5-15 cm; Proportion of clay particles (< 0.002 mm) in the fine earth fraction
15-30 cm Total nitrogen
Soil pH
Proportion of sand particles (> 0.05 mm) in the fine earth fraction
Proportion of silt particles (> 0.002 mm and < 0.05 mm) in the fine earth
fraction
Soil organic carbon content in the fine earth fraction
Organic carbon density
For the full 250 m Organic carbon stocks (Poggio et al
0-30 cm 2021)
topsoil
layer

2.3. Local Data-Fusion Modeling

We developed a local data-fusion framework in GEE that integrated GEDI observations with the

93 environmental predictors (table 2) and generated 30-m predictive maps of the 11 forest

structural metrics (table 1) across eastern North America. We used the random forest (RF) model

(Breiman 2001), a nonparametric machine-learning ensemble technique that effectively handles

high data dimensionality and multicollinearity, operates efficiently, and resists overfitting (Belgiu

and Dragut 2016). Prior studies have demonstrated strong performance of RF models for
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GEDI-based prediction of vegetation structural metrics (Vogeler et al 2023, Schlickmann et al
2025, Seyrek et al 2025, Ziegler et al 2023, Wei et al 2024, Ngo et al 2023, Tamiminia et a/ 2024,
Kacic et al 2023, Burns et al 2025). To fit local RF models that related each forest structural
metric to the 93 environmental covariates, we resampled each environmental predictor to the
25-m GEDI pixels and retained only observations with no missing values for all the forest
structural metrics and the environmental covariates. For continuous predictors, we computed the
area-weighted mean of covariate pixels intersecting each GEDI pixel. For discrete predictors
(land cover types, aspect, and landform classes), we assigned the modal category across covariate
pixels intersecting each GEDI pixel.

To reduce data volume, enable parallel processing, and lower computational burden (Kacic et al
2021, Potapov et al 2021), we segmented the study area into 2,108 tiles measuring 60 km by 60
km (figure 1) and used these tiles as the base units for local modeling. We arranged overlaps to
improve consistency and reduce variability across adjacent tiles. Four neighboring tiles
completely covered each tile (figure 2b), except tiles on the study area border. Within each tile,
we randomly split GEDI observations into training (80%) and testing (20%) subsets,
independently for the local RF model of each forest structural metric (figure 2d—f). We used the
same percentages for all other model training and testing processes in this study. In addition, to
tune the hyperparameters of RF models, we randomly sampled approximately 10 validation
observations from each tile (see Supplementary material, section S3: Model hyperparameter
tuning).

We then filtered the 60-km tiles based on the number and spatial distribution of GEDI
observations. To ensure robust RF model training, we retained only tiles with at least 1,000
training observations, a threshold that exceeded 10 times the number of predictors. To improve
spatial representativeness and avoid clustering near tile edges or corners, we required each tile to
include at least 10% of its observations within a 30-km by 30-km grid cell centered on the tile
centroid (figure 2b). The final set of local modeling units included 1,693 qualified tiles (figure 1),
each with an average of approximately 14,582 GEDI observations (minimum 1,259; maximum
61,889). As one 30-m pixel could fall within up to four overlapping 60-km tiles, we combined n
local RF predictions per pixel (n =1 to 4) into a single prediction by accounting for each local RF
model’s predictive performance and the pixel’s location within the overlapping tiles (see
Supplementary material, section S4: Aggregating local predictions).

2.4. Predictor Contributions and Model Comparison

We evaluated contributions of the seven predictor groups for each forest structural metric using
variable importance from the 1,693 local RF models. In each local model, we computed variable
importance for all the 93 predictors, selected the top 20 covariates, and averaged their importance
within each predictor group. For each local model, we identified the predictor group with the
highest average top-20 importance as the local top predictor group for the corresponding forest
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structural metric. This analysis accounted for differences in the number of covariates across
predictor groups.

Local models restrict training to limited neighborhoods and can capture local patterns, limit
extrapolation, and adapt to spatially varying predictor—response relationships (Fink et a/ 2010). In
contrast, global models pool data across the full extent of a study region and increase the number
and representativeness of training observations (Fink et al 2010, Potapov et al 2021). To evaluate
the data-fusion performance of local models, we compared local and global RF models for
predicting each forest structural metric from the environmental covariates (see Supplementary
material, section S5: Local and global model comparison).

3. Results

3.1. Local Model Performance

Local RF models achieved variable predictive performance (R? and Root-Mean-Square Error
(RMSE)) across the forest structural metrics (figure 3 and supplementary figure S6), especially
between the footprint-level properties (canopy height, canopy cover, PAI, FHD; see
Supplementary material, section S6: Local model predictions of footprint-level metrics) and the
vertical layering metrics (PAVD and relative height difference (RHD)). Among the footprint-level
metrics (figure 3), median local-model R? values reached 0.63 for canopy height, 0.63 for canopy
cover, 0.54 for PAI, and 0.61 for FHD, indicating that local models explained more than 50% of
the variation in these metrics in half of the 1,693 tiles. Spatially, local models performed relatively
well in the Lower Great Lakes/St. Lawrence Plain, yielding an average median R? of 0.67 across
the footprint-level properties (figure 4). The Piedmont followed closely with an average of 0.63.
In contrast, average median R? was lower in the Appalachian Mountains (0.60) and the Atlantic
Northern Forest (0.53). Among the PAVD metrics (figure 3), local model performance for the
intermediate strata (PAVD) 5., median R? = 0.55; PAVD, 5., median R* = 0.49) was better than
for the lowest (PAVDy_ oy, 0.32) and highest (PAVD;; 4, 0.34) strata. For the RHD metrics
(figure 3), the median R? value for the lowest range (RHD,s_s(y,, 0.45) exceeded those for the
upper ranges (RHDs; 75, 0.34; RHD75_950,, 0.25). Across most tiles, local models for RHD 5 og0,
explained about one quarter of the variation and showed the weakest predictive performance
among all the forest structural metrics.
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GEDI-derived forest structural metric

Figure 3. Local random forest models show variable predictive performance (R?) across GEDI-derived
forest structural metrics, with pronounced differences between footprint-level metrics (gray background)
and vertical layering properties (no background). Metrics include canopy height, total canopy cover, total
plant area index (PAI), foliage height diversity (FHD), plant area volume density (PAVD), and relative
height difference (RHD). The dashed brown line marks R* = 0.5. We exclude five outliers with negative R?
values for PAVD;; 4, from the corresponding box plot to improve visualization clarity.
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BCR ID
. 13 . 28
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R2 (total canopy cover)

(c) Total plant area index (d) Foliage height diversity
Figure 4. Local random forest models of footprint-level forest structural metrics show variable predictive
performance (R?) across the four Bird Conservation Regions (BCRs). Metrics include (a) canopy height,
(b) total canopy cover, (¢) total plant area index, and (d) foliage height diversity. We assign each
local-model R? to the corresponding nonoverlapping 30-km grid cell for visualization. Black areas indicate
regions outside the 30-km grid coverage. White polygons and inset maps delineate the four BCRs: Lower
Great Lakes/St. Lawrence Plain (BCR 13), Atlantic Northern Forest (BCR 14), Appalachian Mountains
(BCR 28), and Piedmont (BCR 29).

Local RF model predictions correlated strongly with observed values across all the forest
structural metrics at the validation observations (Pearson’s » > 0.65), but correlation strength
varied by metric (figure 5). The footprint-level metrics, particularly canopy height (» = 0.891) and
canopy cover (0.865), yielded relatively high correlation coefficients, consistent with the high R?
values from their local models (figure 3). Among the vertical layering metrics, PAVDy 5,
(0.857), PAVD,( 30, (0.854), and RHD,s 5, (0.801) also showed relatively strong correlations
(figure 5), aligning with the corresponding local model performance (figure 3). Despite the
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overall strong correlations, the local models tended to overpredict low values and underpredict
high values of the forest structural metrics (figure 5).
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Figure 5. Local random forest model predictions show strong correlations (Pearson’s » > 0.65) with

observed values across all GEDI-derived forest structural metrics for 16,841 validation observations,
although correlation strength varies by metric. Metrics include canopy height (unit: m), total canopy cover,

total plant area index (PAI, unit: m?/m?), foliage height diversity (FHD), plant area volume density (PAVD,
unit: m?/m?), and relative height difference (RHD, unit: m). Panels for footprint-level metrics have blue
title bars. In each panel, the solid blue line shows the fitted trend between observed and predicted values,
and the dashed red line marks the 1:1 line.

3.2. Top Predictor Groups

Environmental covariates derived from Sentinel-2 (S2), topography, and Landsat appeared as the
top predictor groups in at least 69.6% of the 1,693 tiles for each forest structural metric (figure 6).
Specifically, S2-based multispectral predictors ranked as the most common top predictor group
for eight metrics: canopy cover (60.2% of tiles), PAI (58.1%), FHD (41.8%), PAVD_ ., (48.2%),
PAVD 4 50, (60.5%), PAVD,g 3, (36.4%), RHD,s 500, (51.6%), and RHDys 550, (42.9%).
Topographic features served as the most common top predictor group for the remaining three
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metrics, including canopy height (46.4%), PAVD; 4o, (45.0%), and RHD5 og0, (38.4%).
Landsat-derived multispectral covariates consistently ranked as the second or third most common
top predictor group for most metrics, except for PAVD;j 49, RHD5g 750, and RHD 5 gg,.

The distribution of top predictor groups varied with the level of local model performance for
different forest structural metrics (figure 6). For the seven metrics with relatively high predictive
performance of local RF models (median R* > 0.4), more than 85% of the tiles had top predictors
belonging to the three most common groups: S2, topography, and Landsat. For the four metrics
with relatively low local model performance (median R* < 0.4), a larger proportion of top
predictors came from the remaining four less common groups, including Sentinel-1 (S1), land
cover, leaf traits, and soil properties. These metrics included PAVD,_,,, (19.2% from the less
common groups), PAVD; 4o, (30.4%), RHD5 75, (24.5%), and RHD 5 og0, (29.0%).

Canopy cover
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Figure 6. Environmental covariates from Sentinel-2, topography, and Landsat rank as the top predictor
groups in most local random forest models for each GEDI-derived forest structural metric, and the
distribution of top predictor groups varies with local model performance across metrics. Bars show the
percentage of local models (60-km tiles) in which each predictor group ranks highest for a given metric:
canopy height, total canopy cover, total plant area index (PAI), foliage height diversity (FHD), plant area
volume density (PAVD), and relative height difference (RHD). Panels for footprint-level metrics have blue
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title bars. For each metric, the median (med.) R? of the corresponding local models is shown.

Predictor contributions in local RF models for the footprint-level forest structural metrics (i.e.,
canopy height, canopy cover, PAI, and FHD) varied widely across the study area (figure 7). For
canopy height and FHD, S2-based multispectral covariates contributed strongly in the
Appalachian Mountains and the Piedmont in the southern portion of the study area (figure 7a,d).
In contrast, topographic features played a greater role in the Lower Great Lakes/St. Lawrence
Plain and the Atlantic Northern Forest in the north. For canopy cover and PAI, S2-derived
predictors consistently made large contributions across all four BCRs (figure 7b,c). The
Appalachian Mountains showed the only notable exception, where Landsat-derived multispectral
covariates contributed more in some local models.

Top predictor group (total plant area index)

Landsat tinel-1 I Land cover Il Soil properties
[ Sentinel-2 Il Topography Leaf traits

(c) Total plant area index (d) Foliage height diversity
Figure 7. Predictor contributions from local random forest models for footprint-level forest structural
metrics vary across the four Bird Conservation Regions (BCRs). Metrics include (a) canopy height, (b)
total canopy cover, (¢) total plant area index, and (d) foliage height diversity. We assign each local model’s
top predictor group to the corresponding nonoverlapping 30-km grid cell for visualization. Black areas
indicate regions outside the 30-km grid coverage. White polygons and inset maps delineate the four BCRs:
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Lower Great Lakes/St. Lawrence Plain (BCR 13), Atlantic Northern Forest (BCR 14), Appalachian
Mountains (BCR 28), and Piedmont (BCR 29).

3.3. Comparison of Local and Global Models

Across the 11 forest structural metrics, local RF models outperformed the corresponding global

RF models in a mean of 56.7% of the 30 sampled tiles (positive average ARjim in equation (6) of

the Supplementary material; figure 8). Seven metrics exhibited better predictive performance for

local models than for the corresponding global models in at least half of the sampled tiles. For all
2

metrics except PAVD, ., tiles with relatively poor global models (low average Rg lobals.im
equation (6) of the Supplementary material) more often favored local models. Across the 11

metrics (supplementary figure S7), local models more frequently achieved superior predictive
performance (positive median value of the average ARjim across the sampled tiles) when the

corresponding global models had relatively poor performance (low median value of the average
2

globals,im ACTOSS tiles). Among the nine metrics with relatively poor global models (median

2

average R global,s,im

< 0.5), seven showed superior local models (median average ARjim >0). In

contrast, canopy cover and FHD, which had stronger global models, did not gain from local
models.
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Figure 8. Local random forest models outperform the corresponding global random forest models in most
of the 30 randomly sampled 60-km tiles, especially in tiles with relatively poor global models, for
predicting the 11 GEDI-derived forest structural metrics: canopy height, total canopy cover, total plant area
index (PAI), foliage height diversity (FHD), plant area volume density (PAVD), and relative height
difference (RHD). Footprint-level metric panels use blue title backgrounds. Triangles and error bars show
the mean and one standard deviation of global-model R? (x axis) and AR? (y axis, the R? difference
between local and global models; see equation (6) in the Supplementary material). Dark green indicates
tiles where average (avg.) AR? is positive, and light green indicates tiles where avg. AR? is nonpositive.
The solid brown line shows the general trend between global-model R? and AR? for each metric, and the
dashed blue line marks AR* = 0. The panel for PAVD;, 4, omits two tiles with global-model R? below —1
for clarity.

4. Discussion

In this study, we predicted 11 GEDI-derived forest structural metrics across eastern North
America for 2019-2022 using a local data-fusion modeling framework based on 93
environmental covariates. Overall, the local RF models achieved strong correlations between
predicted and observed GEDI measurements, though their predictive performance varied across
metrics and regions. Local models performed generally well for the footprint-level metrics, which
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was especially evident in the Lower Great Lakes/St. Lawrence Plain and the Piedmont, suggesting
that the environmental covariates more effectively captured footprint-level forest structure in
areas with less complex topography. Among the footprint-level metrics, canopy height and cover
achieved the highest model accuracy, consistent with their widespread application for predicting
forest characteristics at regional (Favrichon ef al 2025, Schlickmann et al 2025, Seyrek et al
2025, Tamiminia et al 2024, Kacic et al 2023, Burns et al 2025, Vogeler et al 2023, Ngo et al
2023) and global scales (Potapov et al 2021, Lang et al 2023, Burns et al 2024). Second, across
the fixed-stratum densities, models for PAVD, ,,,, and PAVD, 3., outperformed those for the
lowest and highest strata. The relatively poor performance for the 0—10m stratum likely reflects
the higher variability and reduced quality of near-ground GEDI returns during leaf-on conditions
(Dhargay et al 2022, Vogeler et al 2023, Burns et al 2025). Similarly, sparse data coverage
reduced model performance for the 30—40 m stratum, as few forest canopies in the study area
exceeded 34 m. The saturation effect of GEDI signals in tall canopies likely increased the
uncertainty in predicting structural properties in the upper range (Zhang et a/ 2024a). Third,
among the relative height ranges, RHDs ;5,, and RHD;5_o5,, models performed worse than those
for RHD,s_sy,, likely due to greater structural complexity and variability of plant materials in the
middle and upper canopy layers.

Local RF models showed differing covariate importance across forest structural metrics and
predictor groups. Across all metrics, especially those with higher model performance, optical and
topographic predictors consistently ranked among the most influential variables. S2-based optical
features showed high importance in most local models, likely because their unique red-edge
bands captured canopy properties and photosynthetic activity (Nasiri ef al 2025,
Aguirre-Gutiérrez et al 2021, Kacic ef al 2023) and because their relatively fine spatial and
temporal resolutions supported frequent, detailed observations (Copernicus n.d., Tamiminia et al
2024). In contrast, S1-derived SAR predictors ranked highly in fewer local models than optical
and topographic covariates, despite the recognized value of SAR for surface vegetation analysis
(Copernicus n.d., Schlund and Erasmi 2020, Mastro et a/ 2023, Nasirzadehdizaji ef al 2019). This
result aligns with earlier studies showing lower performance of S1 features in GEDI-based
vegetation structure prediction compared to the predictors of S2 (Kacic et al 2021, Ziegler et al
2023, Ngo et al 2023, Kacic et al 2023), Landsat (Schlickmann et al 2025, Vogeler et al 2023),
and topography (Kacic et al 2023). The short wavelength of C-band S1 SAR (~5.5 cm) likely
reduced its ability to penetrate dense forest canopies (Ngo ef al 2023). Long-wavelength SAR
missions, such as L-band ~24-cm PALSAR-2 data (Ngo et al 2023, Sothe et al 2022) and the
recently launched P-band BIOMASS mission (~69 cm, Quegan ef al 2019), may address this
limitation. Future research should also investigate additional radar-derived vegetation indices
(e.g., Hu et al 2024), which may better capture forest structural variation than the limited SAR
metrics used in this study.

Interestingly, despite their coarse spatial resolution (1 km), leaf traits ranked among the top
predictors in a comparable proportion of local RF models as the 10-m S1 variables. This suggests
that leaf-level characteristics were relevant to forest structure, possibly due to their relationships

20


https://paperpile.com/c/PlLc6i/cD02K+s2Lvj+59jTH+qZsmh+KxV8a+mjmPp+v81JA+faeNd
https://paperpile.com/c/PlLc6i/cD02K+s2Lvj+59jTH+qZsmh+KxV8a+mjmPp+v81JA+faeNd
https://paperpile.com/c/PlLc6i/cD02K+s2Lvj+59jTH+qZsmh+KxV8a+mjmPp+v81JA+faeNd
https://paperpile.com/c/PlLc6i/0uFGD+r6viX+DrAYO
https://paperpile.com/c/PlLc6i/pWCU0+v81JA+mjmPp
https://paperpile.com/c/PlLc6i/BnOr9
https://paperpile.com/c/PlLc6i/gKQv3+lFREC+KxV8a
https://paperpile.com/c/PlLc6i/gKQv3+lFREC+KxV8a
https://paperpile.com/c/PlLc6i/iNMPV+qZsmh
https://paperpile.com/c/PlLc6i/iNMPV+qZsmh
https://paperpile.com/c/PlLc6i/RwIwS+QRsjx+H0QCk+wPXPj
https://paperpile.com/c/PlLc6i/PiN4+pMpo+faeNd+KxV8a
https://paperpile.com/c/PlLc6i/PiN4+pMpo+faeNd+KxV8a
https://paperpile.com/c/PlLc6i/s2Lvj+v81JA
https://paperpile.com/c/PlLc6i/KxV8a
https://paperpile.com/c/PlLc6i/faeNd
https://paperpile.com/c/PlLc6i/faeNd+W50Cd
https://paperpile.com/c/PlLc6i/HiSd4/?prefix=~69%20cm%2C
https://paperpile.com/c/PlLc6i/XC2PP/?prefix=e.g.%2C

with plant establishment, fitness, and survival (Moreno-Martinez et al 2018). Soil properties
rarely ranked highest, likely due to their coarse resolution (250 m). Incorporating
higher-resolution soil data, such as the 10-m gridded National Soil Survey Geographic Database
for the United States and Island Territories, could improve their utility in future models. Finally,
the limited importance of land cover covariates in most local models likely reflects the low
categorical diversity within the study area, which is largely dominated by the “temperate
broadleaf and mixed forests” biome (Dinerstein et a/ 2017). Future GEDI-based vegetation
structure prediction conducted at broader spatial scales may capture a wider range of land cover
categories, potentially increasing their relevance in the modeling process.

To improve GEDI-based prediction of forest structure, future studies should incorporate
additional types of environmental predictors tailored to different regions or broader spatial scales.
The relationship between plant diversity and forest structure (Hakkenberg and Goetz 2021,
Marselis et al 2022) suggests that incorporating detailed data on plant species richness and
composition, such as distinctions between trees and understory species, could offer greater insight
into the vertical distribution of plant materials and enhance the prediction of vertical layering
metrics. Climate and anthropogenic influences also play a critical role in shaping forest structure
by affecting tree species composition and functional diversity (Li ef al 2023, Ehbrecht et al 2021,
Marselis et al 2022), and should be incorporated when modeling forest structure at continental or
near-global scales. Finally, accounting for historical disturbance regimes is essential for capturing
long-term forest structural dynamics (Favrichon et al 2025, Clark et al 2025, Vogeler et al 2023,
Burns et al 2025, Rishmawi et al 2022, Kacic et al 2023), particularly in regions subject to
frequent disturbances (Doyle et al 2025). Different disturbance agents influence specific canopy
layers or plant species in different ways. For example, moderate-severity fires and wind or ice
storms affect lower and upper canopy layers, respectively, while species-specific diseases create
gaps by targeting individual trees (Atkins et al/ 2020). Accounting for multiple disturbance types
could improve the delineation of forest structural components.

Unlike the commonly used global models in GEDI-based data-fusion studies (Rishmawi et al
2021, Ngo et al 2023, Vogeler et al 2023, Tamiminia et al 2024, Schlickmann et a/ 2025,
Rishmawi et al 2022, Sothe et al 2022, Kacic et al 2023, Burns et al 2025), our local modeling
framework offers three key advantages: lower computational burden, greater data utilization, and
higher model performance (Kacic et al 2021, Potapov et al 2021, Fink et a/ 2010). By dividing
the study area into smaller spatial units, we enabled parallel processing on the cloud computing
platform, GEE, which enhanced computational efficiency and facilitated replication in other
regions with varying extents and GEDI data availability. Second, unlike global models that often
require spatial thinning of GEDI footprints to manage processing demands and to balance the data
quality and spatial representativeness of training observations across large geographic extents
(Schlickmann et al 2025, Vogeler et al 2023, Sothe et al 2022, Rishmawi et al 2022, 2021, Burns
et al 2025), our local modeling framework used the full set of high-quality GEDI observations
and their associated environmental predictors. This approach allowed us to allocate independent
GEDI observations as local testing subsets, which improved the reliability of model performance
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assessments and ensured that local models generalized well to new data (Schlickmann et a/ 2025).
Finally, analysis of 30 randomly sampled tiles showed that local models outperformed their
corresponding global models in most cases across all forest structural metrics. The performance
gains occurred more frequently in tiles and for metrics where global models performed poorly,
underscoring the advantage of our local modeling framework in capturing spatial heterogeneity
and enhancing prediction accuracy across complex forested landscapes.

5. Conclusion

We showed that a local modeling framework that integrates spaceborne LiDAR with diverse
environmental predictors generates continuous, fine-resolution predictions of temperate forest
structure across eastern North America. Spatial variation in model performance and covariate
importance underscores the value of incorporating local information rather than relying solely on
global models. Extending this approach will further improve prediction of three-dimensional
forest structure over large geographic extents worldwide, thereby enhancing the contribution of
forest structural information to biodiversity assessments, habitat modeling, and estimates of forest
carbon stocks from regional to global scales.

Data Availability

Code for all analyses is available on GitHub:
https://github.com/AccountName/RepositoryName/tree/main/Eastern_North America/ GEE/GED
I Data Fusion. Access the GEDI-Inferred ForeST Structure (GIFTS) data product through an

interactive web application: https://lidar-birds.projects.earthengine.app/view/gifts.
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Supplementary Material

S1. GEDI Data Filtering

First, to confirm the suitability of each waveform for surface structure analysis and the effective
operation of the L2B algorithm (Hofton and Blair 2019, Marselis et al 2022), we retained L2A
observations with “quality flag = 1" and L2B observations with both “I12b_quality flag=1" and
“algorithm_run_flag = 1” (Schlickmann et al 2025, Rex et al 2025, Li et al 2024b, Burns et al
2024, Li et al 2024a, Seyrek et al 2025, Mohammadpour ef al 2025, Kacic et a/ 2023). Second, to
ensure accurate geolocation, we excluded any L2 measurements flagged with “degrade flag # 07,
which indicates compromised pointing or positioning information (Dubayah et al 2022, Rishmawi
et al 2021, Seyrek et al 2025, Mohammadpour et al 2025, Kacic et al 2023, Rishmawi et a/
2022). Third, to minimize the influence of background solar illumination on waveform quality
(Duncanson et al 2020, Hancock et al 2019), we included only nighttime observations (Li et al
2023, Schlickmann et al 2025, Favrichon et al 2025, Vogeler et al 2023, Beck et al 2021,
Rishmawi ef al 2022). Fourth, to address the limited canopy penetration of GEDI coverage beams
(Beck et al 2021), we used data from full-power beams, which emit higher energy and thereby
improve the likelihood of detecting reliable ground signals under dense canopy conditions
(Duncanson et al 2020, Hancock et al 2019, Schlickmann et a/ 2025, Lahssini et al 2022, Li et al
2024a, Vogeler et al 2023, Ngo et al 2023, Sothe et al 2022). Finally, to reduce the occurrence of
false positive ground returns, we retained only those GEDI shots with beam sensitivity values
greater than 0.95 (Rishmawi ef al 2021, Dubayah et al 2022, Crockett et al 2023, Dhargay et al
2022, Burns et al 2024, Seyrek et al 2025, Vogeler et al 2023, Li et al 2024b, Kacic et al 2023).

To further enhance the quality of the collected GEDI observations, we applied a series of
additional filtering steps following recent recommendations for mapping global vegetation
structural metrics (Burns et a/ 2024). Specifically, we retained only footprints with “surface flag
=17, restricted “elev_lowestmode” values to the range of -200 to 9,000 meters to ensure reliable
surface elevation measurements, and constrained the highest reflecting surface height (RH100) to
values from 0 to 120 m to exclude unrealistic canopy heights. In addition, we removed
observations located in areas with high levels of urban development or persistent surface water by
applying the thresholds “urban_proportion < 50” and “landsat water persistence < 10”.

Finally, we filtered the collected GEDI observations to include only those with plausible
vegetation structural metrics, ensuring that: (a) total canopy cover fraction and vertical-profile
values ranged from O to 1; (b) total PAI and vertical profile measurements were nonnegative; (c)
plant area volume density (PAVD) for each 5-meter vertical interval was nonnegative; and (d)
foliage height diversity (FHD) was nonnegative.
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S2. Environmental Predictor Determination and Preprocessing
Groups 1 & 2: Landsat-8/9 and Sentinel-2 Imagery

We collected Landsat-8/9 and Sentinel-2 (S2) multispectral imagery from May through
September, 2019-2022. Researchers have fused these data with GEDI observations to model
vegetation structure across spatial scales (Favrichon et al 2025, Lang et al 2023, Vogeler et al
2023, Schlickmann et al 2025, Ziegler et al 2023, Tamiminia et al 2024, Ngo et al 2023, Seyrek
et al 2025, Kacic et al 2023, Burns et al 2025). We obtained from GEE the NASA Harmonized
Landsat and S2 project developed Landsat-8/9 data product (HLSL30) (Claverie et al/ 2018,
Masek et al 2021) and applied the “Fmask” per-pixel quality assessment (QA) mask to reduce
clouds and cloud shadows (Zhu et a/ 2015, Qiu ef al 2019). We also obtained the Harmonized S2
Level-2A data product (Copernicus n.d.) from GEE. To identify relatively clear pixels and remove
clouds and cloud shadows from S2 imagery, we used the “Cloud Score+” QA processor and
excluded S2 pixels with a “cs” QA score below 0.5 (Pasquarella et al 2023).

We derived two types of environmental covariates from HLSL30 and S2 imagery: surface
reflectance and spectral indices. First, we computed the median surface reflectance for each
selected HLSL30 and S2 band at each pixel across all observations during 2019-2022. We then
rescaled S2 data to 30 m by averaging pixel values with weights proportional to their overlap with
30-m pixels. Using the median surface reflectance, we calculated spectral indices at 30 m that
assess vegetation properties and other environmental conditions. Among these indices,
Normalized Difference Water Index reflects vegetation water content (Gao 1996), and Modified
Normalized Difference Water Index targets open water detection (Xu 2006). Finally, we applied a
tasseled cap transformation to extract the brightness, greenness, and wetness components from the
multispectral data (Zhai ef al 2022, Shi and Xu 2019).

Group 3: Radar Data

We collected Sentinel-1 (S1) Ground Range Detected scenes in “Interferometric Wide” swath
mode through GEE (Copernicus n.d., Anon n.d.). These data support forest type classification,
biomass estimation, and disturbance detection (Copernicus n.d.). First, we extracted the
cross-polarized vertical-horizontal and the co-polarized vertical-vertical backscattering
coefficients at 10-m resolution from May to September during 2019-2022 (Vogeler et al 2023,
Tamiminia et al 2024, Kacic et al 2021, Ziegler et al 2023, Schlickmann et al 2025, Nasiri et al
2025, Ngo et al 2023, Kacic et al 2023, Sothe et al 2022). Second, we calculated the pixelwise
median of each coefficient across all observations in the study period. Third, we derived three
radar indices at 10-m resolution from the median coefficient values to assess phenological,
physiological, and structural characteristics of surface vegetation (Kim and van Zyl 2004, 2009,
Hu et al 2024, Copernicus n.d., Schlund and Erasmi 2020, Mastro et a/ 2023, Schlickmann et al
2025, Vogeler et al 2023, Ngo et al 2023). Last, we aggregated the median coefficient values and
the radar indices to 30-m resolution by area-weighted averaging of overlapping S1 pixels.
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Group 4: Land Cover Information

We used two annual data products for 2019-2022 to capture spatial land cover variation within
the study area and to evaluate relationships with forest structure (Kacic ef a/ 2021, 2023,
Rishmawi et al 2022, 2021): (a) the 10-m S2-based land cover dataset, which includes nine
classes (Karra et al 2021), and (b) the 30-m Landsat-based land cover dataset, which includes 35
classes (Zhang et al 2024b, Liu et al 2023). The S2-based dataset contains a general “trees”
category, while the Landsat-based dataset separates forested areas into 10 categories, which
enables a more detailed classification of forest types. For each product, we identified the most
frequent land cover class for each pixel across 2019-2022 and assigned the dominant S2-based
category to each 30-m pixel. We then removed pixels labeled “water” or “water body” to avoid
mischaracterizing forest structure in those areas (Vogeler et al 2023).

Group 5: Topographic Features

We used the ALOS World 3D-30m (AW3D30) global digital surface model Version 3.2 (Takaku
et al 2016, 2020, Tadono et al 2016) to represent topographic gradients across the study domain.
Relative to other freely available global DEMs (e.g., ASTER, MERIT, TanDEM-X, SRTM,
NASADEM), AW3D30 showed lower uncertainty and higher accuracy (Uuemaa et al 2020) and
matched the spatial resolution of the GEDI data-fusion results. We derived elevation, slope,
aspect, and indices of east-westness and north-southness (Sherman et a/ 2008, Wilson ef al 2015)
from AW3D30. We also retrieved four AW3D30-based topographic features from GEE: (a) 90-m
landform classes, (b) 90-m Continuous Heat-Insolation Load Index (CHILI), (c) 270-m
topographic diversity, and (d) 270-m multi-scale Topographic Position Index (mTPI) (Theobald et
al 2015). To match the target spatial resolution, we resampled the numeric features (CHILI,
topographic diversity, mTPI) to 30 m with bilinear interpolation and the categorical feature
(landform classes) with the nearest-neighbor algorithm.

Groups 6 & 7: Leaf Traits and Soil Properties

We included leaf traits and soil properties to capture their potential relationships with forest
structure, given their associations with tree species composition and functional diversity (Kacic et
al 2021, Ehbrecht er al 2021). We first used a 1-km remote-sensing- and climate-informed leaf
trait dataset that provides estimates of specific leaf area, leaf dry matter content, leaf nitrogen
content per dry mass, and leaf phosphorus content per dry mass for terrestrial vegetated areas,
excluding fern and crop species (Moreno-Martinez et al 2018). Second, we extracted 10 key
properties from a 250-m soil dataset (Poggio ef al 2021) across three layers (05 cm, 515 cm,
and 15-30 cm): (a) bulk density of the fine earth fraction, (b) cation exchange capacity of the soil,
(c) volumetric fraction of coarse fragments (> 2 mm), (d) proportion of clay particles (< 0.002
mm) in the fine earth fraction, (e) total nitrogen, (f) soil pH, (g) proportion of sand particles (>
0.05 mm) in the fine earth fraction, (h) proportion of silt particles (> 0.002 mm and < 0.05 mm) in
the fine earth fraction, (i) soil organic carbon content in the fine earth fraction, and (j) organic
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carbon density. We also included organic carbon stocks for the full 0-30 cm topsoil layer. We
resampled all leaf trait and soil property variables to 30-m resolution using the bilinear
interpolation approach.

S3. Model Hyperparameter Tuning

Using 16,841 validation observations, we first identified the optimal number of decision trees (1
to 200) for RF models by selecting the smallest value beyond which Root-Mean-Square Error
(RMSE) across all forest structural metrics stabilized (supplementary figure S1). Next, for each
metric’s RF models, we tuned three hyperparameters within predefined ranges: (a) number of
variables per split (1 to 93), (b) minimum population in a leaf node (1 to 100), and (c) fraction of
input data used for “bagging” per decision tree (1% to 99%). We conducted three independent
tuning rounds per metric (supplementary figures S2-4). In each round, we adjusted one
hyperparameter at a time to minimize RMSE and used different randomization seeds across
candidate values to ensure robustness. For each metric, we adopted the third-round values as the
final hyperparameters and used them to train the corresponding local RF models.
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Supplementary Figure S1. Determination of the optimal number of decision trees for random forest
models using 16,841 validation observations. Root-Mean-Square Error (RMSE) across all GEDI-derived
forest structural metrics stabilizes beyond the chosen number between 1 and 200. Metrics include canopy
height (unit: m), total canopy cover, total plant area index (PAL unit: m*/m?), foliage height diversity
(FHD), plant area volume density (PAVD, unit: m*/m?®), and relative height difference (RHD, unit: m).
Panels for footprint-level metrics have blue title bars. For each metric, the dashed brown line marks the
selected number of decision trees (100).
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Supplementary Figure S2. Hyperparameter tuning for random forest models of footprint-level
GEDI-derived forest structural metrics using 16,841 validation observations. Metrics include canopy
height (unit: m), total canopy cover, total plant area index (PAL unit: m?/m?), and foliage height diversity
(FHD). In each panel, solid lines show Root-Mean-Square Error (RMSE) and vertical dashed lines mark
the optimal value of the hyperparameter in each of three independent tuning rounds; line transparency
indicates the round number. Third-round optima (least transparent lines) define the final hyperparameters
for training the corresponding local random forest models for each metric.
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Supplementary Figure S3. Hyperparameter tuning for random forest models of GEDI-derived plant area
volume density (PAVD, unit: m?*/m?) metrics using 16,841 validation observations. In each panel, solid
lines show Root-Mean-Square Error (RMSE) and vertical dashed lines mark the optimal value of the
hyperparameter in each of three independent tuning rounds; line transparency indicates the round number.
Third-round optima (least transparent lines) define the final hyperparameters for training the
corresponding local random forest models for each metric.
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Supplementary Figure S4. Hyperparameter tuning for random forest models of GEDI-derived relative
height difference (RHD, unit: m) metrics using 16,841 validation observations. In each panel, solid lines
show Root-Mean-Square Error (RMSE) and vertical dashed lines mark the optimal value of the
hyperparameter in each of three independent tuning rounds; line transparency indicates the round number.
Third-round optima (least transparent lines) define the final hyperparameters for training the
corresponding local random forest models for each metric.

S4. Aggregating Local Predictions

A 30-m pixel could fall within up to four overlapping 60-km tiles. We combined n local RF
predictions per pixel (n =1 to 4) into a single prediction by accounting for each local RF model’s
predictive performance and the pixel’s location within the overlapping tiles. First, we calculated
the inverse (/ t) of the Mean Squared Error (MSE t) for the local model of the t-th tile

(equation (1), where t ranges from 1 to n). We then normalized this value across all tiles using the
minimum (Imax) and maximum (Iml_n) inverse MSE values (equation (2)).

-1

It = MSEt (1)
It_ Imin

Wusge = T_—1 2)

min
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Second, we computed the Euclidean distance (dp t) from the p-th pixel to the geometric centroid
of the t-th tile. We inverted and normalized this distance using the minimum (dmm, at the tile

centroid) and maximum (dmax, at the tile corners) distances:

d —d
— max. t
Wyt = = 3)

max min

Third, we multiplied the normalized accuracy weight and distance weight to compute a composite
weight (Wp t) for each pixel-tile pair (equation (4)). This weight increased when the t-th tile

showed higher model accuracy (lower MSE t) and the p-th pixel lied closer to the tile centroid

(lower dp t). We used these weights to compute the weighted mean of the n local RF predictions (

—_

Gp t) at each pixel (equation (5)), where Z denotes the integers.

Wt ™ Whsge ™ W it 4)
- prrt'g;
0 ==——nefl,4nzZ (5)
p n
>w

,t
t=1 P

Finally, we evaluated the accuracy of the aggregated local RF predictions (Gp) against the

corresponding GEDI measurements at the validation observations.
SS5. Local and Global Model Comparison

We randomly sampled 30 nonoverlapping tiles (figure 1), each with at least 12,500 GEDI
observations. For each tile, to account for model uncertainty, we drew 10 sets of 1,250 GEDI
observations without replacement and trained a local RF model for each forest structural metric
on each set. We also trained a global RF model for each metric using each observation set pooled
across all 30 tiles. This design gave each local model an equal and adequate number of distinct
GEDI observations within and across tiles and kept the number of observations for each global
model within the GEE computational limit.

For the m-th forest structural metric (m = 1 to 11) within the i-th sampled tile (i = 1 to 30), we
tested the local RF model and the corresponding global RF model on the same held-out testing set
s (s =1 to 10) and computed the R?* difference:

P =R - R sE[L,10]NnZi€[1,30]nZmel[l 11]n Z (6)

s,im local,s,im global,s,im’
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Here, s, i, and m index observation sets, sampled tiles, and forest structural metrics, respectively;
Z denotes the integers. We treated ARjim > 0 as evidence that the local model outperformed the

global model. For each forest structural metric, within each sampled tile, we computed the mean

and standard deviation of ARZ, and R° . across the 10 observation sets. We then
s,i,m global,s,im

summarized across the 30 sampled tiles by taking the median of the within-tile means for ARj .

and R;lobalsim' This procedure quantified how performance differences between local and global

models varied among the forest structural metrics.
S6. Local Model Predictions of Footprint-Level Metrics

Among the footprint-level forest structural metrics predicted by local RF models (supplementary
figure S5; see the interactive web application under Data Availability), canopy height, canopy
cover, and PAI decreased with increasing latitude across the study area. Canopy height ranged
from 2.6 m to 40 m, with most forests measuring between 10 m and 26 m (supplementary figure
S5a). Taller forests appeared primarily in the Appalachian Mountains, while shorter forests were
more common in the Lower Great Lakes/St. Lawrence Plain and the northeastern Atlantic
Northern Forest. Canopy cover ranged from 0.01 to 0.9 (supplementary figure S5b). We observed
more forests with high canopy cover (greater than 0.5) in the Appalachian Mountains and the
southwestern Atlantic Northern Forest. In contrast, more forests with low canopy cover (lower
than 0.5) occurred in the Piedmont and the northeastern Atlantic Northern Forest. PAI showed a
clear south-to-north decrease, especially in the Appalachian Mountains and the Atlantic Northern
Forest (supplementary figure S5c¢). Its values dropped from above 3 m*m? in the Appalachian
Mountains, indicating denser forests, to below 1.5 m?/m? in the northeastern Atlantic Northern
Forest, indicating sparser forests. Unlike the other footprint-level metrics, FHD did not show a
pronounced latitudinal gradient (supplementary figure S5d). Its values ranged from 1.3 to 3.3
across the study area and reflected a relatively narrow range of forest structural heterogeneity.
Most high values (above 2.5) occurred in the Appalachian Mountains and the southwestern
Atlantic Northern Forest.
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Foliage height diversity

(c) Total plant area index (d) Foliage height diversity
Supplementary Figure S5. Local model predictions of footprint-level forest structural metrics show
latitudinal gradients, except for foliage height diversity. Metrics include (a) canopy height (unit: m), (b)
total canopy cover, (¢) total plant area index (unit: m*/m?), and (d) foliage height diversity. Maps display
predictions at 300-m resolution for visualization. Black areas mark non-forested regions without
predictions. White polygons and inset maps delineate the four Bird Conservation Regions (BCRs) in this
study: Lower Great Lakes/St. Lawrence Plain (BCR 13), Atlantic Northern Forest (BCR 14), Appalachian
Mountains (BCR 28), and Piedmont (BCR 29).
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Supplementary Figure S6. Local random forest models show variable predictive performance (R? and
Root-Mean-Square Error/RMSE) across GEDI-derived forest structural metrics. Metrics include canopy

33



height (unit: m), total canopy cover, total plant area index (PAI, unit: m?*/m?), foliage height diversity
(FHD), plant area volume density (PAVD, unit: m%/m?), and relative height difference (RHD, unit: m).
Panels for footprint-level metrics have blue title bars. For each metric, the solid gray lines show the
median (a) R* and (b) RMSE of the corresponding local models; the dashed black line marks R* = 0.5. To
improve clarity, we exclude five outliers with negative R* values for PAVD; 4, from the corresponding
histogram.
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Supplementary Figure S7. Local random forest models more frequently achieve superior predictive
performance across 30 randomly sampled 60-km tiles for the 11 GEDI-derived forest structural metrics
when the corresponding global random forest models perform relatively poorly. Metrics include canopy
height, total canopy cover, total plant area index (PAI), foliage height diversity (FHD), plant area volume
density (PAVD), and relative height difference (RHD). Filled triangles indicate metrics with positive
median values of the average (avg.) AR? across the sampled tiles; unfilled triangles indicate nonpositive
median values. AR? denotes the R? difference between local and global models (equation (6)). The dashed
gray vertical line marks a median value of 0.5 across the avg. global-model R? for the sampled tiles. The
solid brown line depicts the trend between median avg. global-model R? and median avg. AR* across
metrics, and the dashed blue horizontal line marks median avg. AR? = 0.
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