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A B S T R A C T

Spaceborne lidar provides a unique opportunity to supplement the field plot measurements of national forest in-
ventories (NFIs) by providing dense measurements of vertical canopy structure. For full waveform instruments
such as the Global Ecosystem Dynamics Investigation (GEDI), measurements take the form of reflected energy
as a function of height within an observed footprint. Many forest attributes cannot be directly computed from
the waveforms, and thus statistical models relating the measurements to target attributes must be trained using
field plot data. Because the discrete footprint samples produced by spaceborne lidar instruments have little
chance of collocation with pre-existing field plots, model calibration remains a primary challenge. We leveraged
the density and spatial correlation of GEDI observations to make predictions of the cumulative waveform
over 326,787 NFI plots distributed across the contiguous United States. The predictions yield probability
distributions, giving not only a predicted waveform but quantification of prediction uncertainty. The product
of this work is a data set comprised of the NFI plots paired with the predictive waveform distributions. The
predicted waveforms and their uncertainties can be used to train models with ‘‘error-in-variables’’ techniques
that account for and filter the uncertainty in the predicted waveforms. This data set and the corresponding
techniques allow statistically rigorous model training without requirements of collocation, yielding downstream
forest attribute predictions that are consistent with NFI measurements and estimates. We demonstrate the data
set by training a model for forest above ground biomass density (AGBD) and then use the model to produce
a spatially complete 1 km map of AGBD for the contiguous United States. We further compare our AGBD
predictions to US NFI estimates at a 64,000 hectare scale, showing the increase in precision to be proportional
to the collection of almost 500,000 additional NFI plots across forested regions of CONUS.
1. Introduction

Large scale monitoring of forest attributes is crucial for carbon
accounting, forest management and promoting habitat suitability. For
countries with developed national forest inventories (NFIs), this need
has traditionally been addressed with random samples of in situ field
lots on which forest attributes of interest are measured. Estimates of
opulation averages/totals can then be constructed using these sam-
les. The collection of field plots is laborious and expensive, limiting
he spatial and temporal density of samples and therefore the resolution
f the subsequent estimates. These limitations often preclude accurate
nformation at resolutions that are actionable and policy relevant.
or instance, landowners requiring audits of carbon stocks or timber
upply typically control tracts of land far smaller than the sampling
ensity of NFIs (Prisley et al., 2021), and regional species distribution
odels for species dependent on forest habitat have little to gain from

∗ Corresponding author at: Department of Mathematics, South Dakota School of Mines & Technology, Rapid City, SD, United States.
E-mail address: paul.may@sdsmt.edu (P.B. May).

population estimates representing hundreds of square kilometers (Burns
et al., 2020). Such needs, faced with the limitations of plot-based
NFI’s, motivate the use of remote sensing to improve the resolution
of estimates while maintaining a broad scope, both in terms of spatial
extent and the attributes that can be estimated.

Light detection and ranging (lidar) has emerged as the premier
remote sensing technology for measuring forest structure due to its
sensitivity to the vertical and horizontal arrangement of canopy ele-
ments. A common implementation of lidar is through airborne laser
scanning (ALS) platforms that provide spatially complete measure-
ments at sub-meter resolutions. However, individual ALS campaigns
are typically limited in spatial extent. Spaceborne lidar resolves this
by providing measurements from orbiting satellites at near global
extent. The Geoscience Laser Altimeter System (GLAS) onboard the
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Ice, Cloud, and Land Elevation Satellite (ICESat) was one of the first
such instruments, collecting full waveform lidar measurements sam-
pled at discrete 70 m diameter footprints throughout its operation
from 2003–2010. While the primary focus of ICESat was measure-
ment of ice sheets, clouds and aerosols, its data were frequently used
for vegetation measurements (Boudreau et al., 2008; Saatchi et al.,
2011; Baccini et al., 2012; Margolis et al., 2015). GLAS/ICESat was
uperseded by the Advanced Topographic Laser Altimeter System (AT-
AS) onboard ICESat −2, currently in operation, which instead of
ull waveform measurements implemented a single photon counting
echnique (Abdalati et al., 2010). The most recent spaceborne lidar
ission to launch is the Global Ecosystem Dynamics Investigation

GEDI), which is specifically designed to measure ecosystem struc-
ure (Dubayah et al., 2020a). Mounted on the International Space
tation, GEDI samples full waveform lidar measurements at discrete
5 m diameter footprints.

While lidar is sensitive to forest structure, many attributes cannot
e directly computed from the measurements and statistical models are
equired to relate the measurables to the target attribute. Models can
e trained using field plot measurements which are considered ‘ground
ruth’. Because preceding and existing spaceborne lidar implementa-
ions collect discrete footprint samples with significant gaps between,
odel training remains a primary challenge, as the probability of

ootprints overlapping existing field plots is small. A wide range of
echniques have been employed for model training, most with the
inal goal of predicting forest biomass or carbon. Saatchi et al. (2011)
alibrated GLAS measurements to field plots by taking a subset of the
ssembled plots that either intersected or shared a forest stand with a
LAS footprint. Baccini et al. (2012) instead undertook a post-hoc field
ampaign to collect plot data under GLAS footprints. Boudreau et al.
2008) and Margolis et al. (2015) used ALS data as a conduit, training
odels between the spatially complete ALS and the field plots, and then

raining models between GLAS and the ALS predictions. Duncanson
t al. (2022) also used ALS data as a conduit, but instead used the dense
LS point returns to simulate GEDI waveforms over the plots (Hancock
t al., 2019), yielding direct training pairs. These models drive the
urrent GEDI biomass products (Dubayah et al., 2021, 2022a).

The above techniques force the omission of a large number of
otential field plots. Requiring collocation of lidar footprints or ALS
ata with field plots by happenstance results in a convenience sample,
ather than a randomly dispersed probability sample, and can leave
ntire ecoregions unrepresented in the training set. This can lead to
iased predictions in these regions, as models extrapolate outside of the
raining domain Dubayah et al. (2022b) and Bruening et al. (2023). Fur-
her, for moderate-sized footprints such as from GEDI, the probability
f intersecting footprints/plots is near zero, making mediating ALS data
he only viable option within this category of techniques. Post-hoc field
ampaigns to collect data under footprints can produce representative
raining samples, but are expensive and arduous, somewhat foiling the
riginal motivation of incorporating remote sensing data: to circumvent
he cost of additional field samples.

It would be advantageous for several reasons if NFIs could be
sed as training databases for spaceborne lidar missions. Not only
o NFIs constitute a massive pre-existing training set dispersed across
country, but public and private agencies often desire models and

redictions consistent with existing and historical NFI measurements
nd estimates (Gillespie, 2000). While depending on ALS or footprint
ntersections would seriously limit the number of viable NFI plots,
EDI does collect dense footprint samples, and many NFIs plots have
concentration of nearby footprints. Like most geographic variables,

he observed waveforms are spatially correlated, allowing inference at
nobserved locations.

We leverage this spatial correlation with multivariate spatial models
o make predictions of cumulative GEDI waveforms over 326,787 NFI
lots evenly dispersed across the contiguous United States (CONUS).
2

g

he spatial models yield not only predicted waveforms, but rich quan-
ification of uncertainty through a full predictive distribution, giving

range of plausible waveforms for each NFI plot. The NFI plots
aired with the predicted waveforms and their uncertainties form a
owerful training data set, the primary product of this work. Using
he data set and error-in-variables techniques to account for the wave-
orm prediction uncertainty, GEDI models can be trained to the NFI
easurements.

While some version of this technique could be employed with
ther spaceborne lidar instruments, GLAS/ICESat or ATLAS/ICESat
2, the GEDI instrument provides several advantages. Both ICESat

terations were optimized for ice sheets not vegetation. ATLAS employs
hoton-counting technology, where individual measurements must be
ggregated along-track by hundreds of meters to adequately convey
anopy structure; waveform lidar can depict canopy structure with a
ingle measurement. GLAS employs waveform lidar technology, but
he size of the footprints (60–120 m) creates topography related issues
n the measurements. The GEDI instrument provides waveform lidar
easurements within moderate-sized footprints at a greater density

han either of the ICESat iterations.
Our advocated techniques allow rigorous models relating the lidar

bservables to ground-measured forest attributes without requirements
f collocation. By utilizing NFI plot networks, we gain a large and
eographically representative training data set and ensure the ability
o produce predictions that are coherent and unbiased relative to the
FI measurements. Both the process of data set generation and model

raining are conducted in a probabilistic manner, accounting for uncer-
ainties at each stage and yielding trustworthy final audits of prediction
ncertainty. We illustrate the power of our method by training a model
or forest above ground biomass density (AGBD) and subsequently
roducing a 1 km map of AGBD for CONUS. We further compare our
odel AGBD predictions to NFI estimates at a 64,000 ha scale, showing

ubstantial improvements in precision. Biomass density is an ideal test
ariable due to its strong relationship to lidar measurements and its
mportance to NFIs from the standpoint of carbon accounting, climate
reaties and general forest monitoring. We emphasize, however, that
odels can be trained between GEDI waveforms and any NFI-measured

ttribute with this method.

. Data

.1. GEDI

GEDI collects lidar samples within 25 m diameter footprints along
parallel ground tracks, with a 60 m center-to-center spacing between

ootprints along-track and 600 m between tracks. GEDI collected data
rom April 2019 to March 2023 and is planned to resume collection
n late 2024. The relative height (RH) metrics are quantiles from
he cumulative waveform, where RH50, for example, gives the height
bove ground below which 50% of the waveform energy was returned.
ere we consider the RH metrics to be the core measurable of wave-

orm lidar, as they are often used as predictors of forest attributes
nd the original intensity-versus-distance waveform can still be re-
overed. The GEDI L2A data product (Dubayah et al., 2020b) gives
ootprint observations of the RH metrics, discretized in 1% increments
RH0,RH1,… ,RH100). For brevity, we will simply refer to this vector
f length 101 as the waveform. The L2A product also contains a quality
lag, identifying the most useful waveform returns, and a leaf-off flag,
dentifying footprints collected over deciduous forests during leaf-off
onditions. We filtered all GEDI data used in this study to meet the
uality flag and to observe leaf-on conditions. Every waveform obser-
ation is associated with a point location, which we naturally consider
o be the center of the circular footprint; however, current geolocation
ccuracy has a standard deviation of around 10 m, preventing exact

eolocation of an observed footprint center (Beck et al., 2021).
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2.2. FIA

The USDA Forest Service Forest Inventory and Analysis (FIA) Pro-
gram administers the strategic NFI of the United States. At its core,
this NFI is comprised of a nationwide network of over 300,000 sample
locations, with a base sampling intensity of approximately 1 location
per 2400 ha. The sampling intensity is sometimes regionally increased
from the base intensity to satisfy specific inventory objectives. Ground
measurements of forest attributes taken at these locations (every 5 or
7 years in the eastern U.S. and every 10 years in the western U.S.)
facilitate statistical inference on a wide range of forest population pa-
rameters. The locations were selected according to an equal probability,
pseudo-systematic sample design, which is assumed by the program to
well approximate a simple random sample. At each location a suite of
core forest attributes are measured.

Each plot consists of a cluster of four circular subplots of diameter
48 ft (∼14.6 m), with one central subplot surrounded by three plots at
azimuths of 0, 120 and 240 degrees, with a center-to-center distance
f 120 ft (∼36.6 m) to the central plot (Fig. 1). Each plot is associated
ith a point location, which is considered to be the center of the central

ubplot. We consider a GEDI footprint and an FIA plot collocated if their
iven point locations are identical; because of the differing geometry of
footprint and plot, this does not mean the two sources measure the

xact same area (Fig. 1). For a thorough description of the FIA plot
esign, sampling design and estimation procedures, see Westfall et al.
2022).

FIA constructs estimates of forest attribute area averages/totals
sing direct, design-based estimates: Within a given area, only the
ontained plot measurements and the sampling design of the plot
ocations is used to drive statistical inference. An advantage of design-
ased estimation is that no distributional or model assumptions are
mposed on the target forest attribute. The primary disadvantage is
he estimate precision is proportional to the sample size within the
rea. This limits the scale at which precise estimates can be produced
roportional to the sampling density of the plots.

We made GEDI waveform predictions over all base intensity plot
ocations contained within a L4 ecoregion: due to the random selection
f plot locations within 2400 ha sampling hexagons, some plot loca-
ions are off the coast by random chance and therefore not contained
n the land partition of the L4 ecoregions (but also not useful as forest
ttribute training plots). This gives a total of 326,787 field plot loca-
ions. The FIA plot locations are confidential to maintain land owner
rivacy and avoid tampering. FIA releases public coordinates, which
re fuzzed by ∼1 km, and occasionally swapped within U.S. county
oundaries. Under agreement and collaboration with the U.S. Forest
ervice, we utilized the true coordinates for this study. Like the GEDI
ootprints, many FIA plots are not geolocated perfectly. The most recent
ocumentation from the agency estimates the average geolocation error
o be ∼10 m (Hoppus and Lister, 2005), an error similar to that of the
EDI footprints.

The FIA plot parameters used in our study are the measurements of
orest AGBD, the reported plot locations and the date of measurement.
orest AGBD is an important attribute, directly conveying the amount
f tree matter and indirectly terrestrial carbon stocks. Particular to FIA,
field plot must be at least 10% stocked by tree species to be con-

idered forested. Forest attributes such as AGBD on non-forested plots
re recorded as zeros. We will refer to exact-zero AGBD plot values,
ut this is best understood as AGBD magnitudes below a detection
hreshold, as some marginal amount of forest biomass may still be
resent. The geographic coordinates of the plots are critical as they
etermine the relative position to nearby GEDI footprints, which drives
he interpolation methods used to generate predictions. Finally, the
ime of measurement is useful during model training to filter plots
eemed to possess measurements too old to relate to contemporary
3

EDI observations. m
Fig. 1. A GEDI footprint and FIA field plot collocated, meaning they share the same
point location given by center of the footprint for GEDI and the center of the central
subplot for an FIA plot.

2.3. Auxiliary data

We used a forest classification map derived from the National Land
Cover Database (NLCD) 2019 land cover product (Dewitz, 2021) to
assist the waveform prediction. The product gives predicted land cover
classification at a 30 m pixel resolution derived from Landsat imagery.
We convert the raster into a binary map, delineating forest and non-
forest. The binary value associated with a given footprint or NFI plot
is the pixel containing the footprint/plot center.

The spatial models used to predict GEDI waveforms depend on
estimated parameters that may be ecoregion specific. We used the EPA
Level 4 (L4) ecoregions to partition CONUS into distinct model do-
mains (https://www.epa.gov/eco-research/level-iii-and-iv-ecoregions-
continental-united-states). The L4 partition consists of 967 ecoregions
characterized by relative internal-homogeneity of environmental re-
sources. Finally, we used the validation map of Menlove and Healey
(2020), which provided a comparison to demonstrate the improve-

ents in estimation precision from our method. The map consists of
esign-based estimates (and estimate uncertainties) of AGBD within
4,000 ha hexagons partitioning CONUS (12,591 hexagons). The
exagon estimates were produced with the FIA plots within each
espective hexagon according to typical FIA procedures. On average,
7 plots per hexagon were used to construct the estimates, with a
otal of 338,606 FIA plots across all hexagons. The data set provides
he average measurement year for the plots within each hexagon. The
edian of the average measurement year is 2015, with a minimum of
009.

. Methods

The methods of this work are decomposed into three stages (Fig. 2).
n the first stage, the dense but spatially incomplete GEDI observa-
ions are interpolated to make predictions at NFI plot locations. The
redicted waveforms and their uncertainties paired with the plot mea-
urements form a training data set to serve the second stage: Regression
odels between GEDI RH metrics and NFI measurements are trained
sing error-in-variables techniques to account for the uncertainties in
he waveform predictions. In the third stage, the regression model from
he previous stage is applied to the densely observed GEDI footprints
o yield predictions of the target forest attribute. We demonstrate the
atter two stages using forest AGBD as the target attribute.

This section gives a general overview of the statistical methods and
more specific description of the logistics for our implementation over
ONUS. More specific mathematical and computational details on the

ethods can be found in Appendix and the provided code.

https://www.epa.gov/eco-research/level-iii-and-iv-ecoregions-continental-united-states
https://www.epa.gov/eco-research/level-iii-and-iv-ecoregions-continental-united-states
https://www.epa.gov/eco-research/level-iii-and-iv-ecoregions-continental-united-states


International Journal of Applied Earth Observation and Geoinformation 129 (2024) 103797P.B. May et al.

b

3

a
o
i
R
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.1. Waveform prediction

The probability of perfect collocation between a GEDI footprint
nd an NFI plot is slight. However, there is substantial probability
f a multitude of GEDI footprints near enough to an NFI plot to be
nformative. We used a multivariate spatial model similar to Taylor-
odriguez et al. (2019) and May et al. (2022) to leverage the spatial

correlation of the GEDI observations and generate predictions at NFI
plot locations (Fig. 3).

Let 𝒙(𝑠) be a GEDI waveform at location 𝑠, a vector of length 101
containing the RH metrics from 0 to 100. The observed waveforms
are projected onto their principal components, ordered from largest
to lowest magnitude of variation. The principal components are ap-
proximately uncorrelated, and are therefore modeled and interpolated
separately onto the NFI plot locations. For each principal component,
we used the NLCD forest/non-forest map as a binary regression co-
variate. This binary covariate had little overall explanatory power,
but slightly improved the spatial coherence of the residual variation
by accounting for abrupt breaks in the landscape. After the principal
components have been predicted, the predictive distribution of the
waveform can then be reconstructed. The predicted waveform is given
by the expected value (the center of mass) of the predictive distribu-
tion and the prediction uncertainty is given by the dispersion of the
distribution around the expected value.

As a computational expedient, we considered only the spatial cor-
relation of the first 𝑘 principal components, assuming the rest to be
spatially independent, where 𝑘 is the smallest integer such that the first
𝑘 principal components account for over 99.99% of the total waveform
variation. The rationale for this is two-fold: First, by definition the
remaining 101 − 𝑘 principal components hold little additional informa-
tion. Second, the principal components become increasingly spatially
incoherent, making informative interpolation increasingly futile.

We partitioned the interpolation over CONUS by the EPA L4 ecore-
gions. The GEDI footprints were first filtered by the L2A quality flag
and for leaf-on observations. For each ecoregion, a new set of principal
components was computed and model parameters were estimated for
each principal component. Using these estimates, predictions for the
NFI plot locations within that ecoregion were computed. To limit the
magnitude of GEDI data handled by the spatial model, we used the
4

nearest 25 GEDI footprints for every NFI plot. omitting the rest. If a
this resulted in fewer than 1000 GEDI footprints for an ecoregion,
a random sample of the omitted GEDI footprints was reclaimed to
raise the sample size to 1000 and ensure confident model parameter
estimates. The median/mean number of footprints used per ecoregion
was 3654/6945.

To gauge the confidence of the predictions across the ecoregions,
we examine the total prediction variance for each NFI plot location
(sum of prediction variances across all RH metrics) relative to the total
population variance (sum of the sample variance across all RH metrics):

RV𝑖𝑗 =
tr(𝜮𝑖,pred)
tr(𝜮𝑗,pop)

, (1)

where tr(⋅) denotes the trace of a matrix, or sum of the elements on the
main diagonal, 𝜮𝑖,pred is the 101 × 101 prediction covariance matrix
for the 101 RH metrics at the 𝑖th NFI plot, and 𝜮𝑗,pop is the population
sample covariance matrix, same dimensions, for the RH metrics within
ecoregion 𝑗. A relative variance of 0 indicates the prediction is perfect,
possible only through a direct collocation of a GEDI footprint and that
plot (this never occurred). A relative variance of 1 indicates that the
patial model prediction is no more confident than simply using the
ample mean of waveforms for that ecoregion, implying that there are
o GEDI footprints within the spatial correlation range of the NFI plot:
ndeed, if there are no GEDI footprints within the spatial correlation
ange of the NFI plot, the multivariate spatial model will predict the
stimated mean waveform for that ecoregion. A relative variance near
does not mean that the prediction is completely uninformative, since

n ecoregion sample mean is somewhat locally specific, but does imply
uch higher uncertainty and a less informative contribution to the

raining data set. For each ecoregion, we examine the first, second and
hird quartiles (25%, 50%, 75% quantiles) for the relative variance.
or example, a second quartile of 0.6 indicates that 50% of the plot
redictions within that ecoregion have a relative variance less than 0.6.

The primary factors driving the level of prediction certainty are the
ange of the spatial correlation (how close does a GEDI footprint need
o be to an NFI plot to be informative?) and the density of quality
EDI observations. The range of the spatial correlation is dictated by
odel parameters that are estimated from the data for each ecoregion.
ithin the range of latitudes for CONUS, the distribution of GEDI

bservations is somewhat affected by latitude. GEDI tracks converge
t the orbital limits of 51.6◦N and 51.6◦S, therefore footprint densities



International Journal of Applied Earth Observation and Geoinformation 129 (2024) 103797P.B. May et al.
Fig. 3. An example of a waveform prediction over a randomly selected location posing as an NFI plot for the example. The footprint-observed waveforms and their spatial correlation
are used to make a waveform prediction at the plot location. The predictions yield not only a predicted waveform (black line, right graphic) but a probability distribution of
plausible waveforms, providing uncertainties as well.
increase further from the equator. However, the primary driver of
footprint density in our study was presence of deciduous trees: we filter
observations for leaf-on conditions, truncating a large amount of data
for deciduous areas.

3.2. Model training

The methods of Section 3.1 yield a data set comprised of GEDI
waveform predictions paired with NFI plot measurements to serve
the training of regression models between RH metrics and the plot
attributes. Differing from the typical regression training set, the covari-
ates (the RH metrics) are predicted with error as opposed to observed
with certainty. This gives a Berkson error-in-variables problem (Berk-
son, 1950): the predicted waveforms are compressed towards their
ecoregion mean, with more uncertain predictions having more severe
compression. The variances/covariances of the covariate errors are
provided by the spatial model that executed the waveform prediction,
allowing the use of error-in-variables techniques to account for and
filter the covariate error and rigorously estimate the regression model
parameters (Dellaportas and Stephens, 1995). Given a fixed training
sample size, the confidence in the model parameter estimates will be
lower in the error-in-variables scenario, proportional to the magnitudes
of the covariate uncertainties, than if the covariates had been observed
perfectly. Indeed, the magnitude of uncertainty for a given predicted
waveform is often quite large. However, this is counterbalanced by the
massive training sample sizes that can be achieved by not requiring
collocation.

We used the predicted waveform data set to train a regression model
between square-root RH95 and cube-root NFI-measured AGBD. The
transformations help induce a linear relationship between the covariate
and AGBD, and predictive distributions are easily back-transformed
to yield predictions of AGBD. For the remainder of the section we
simply write RH95 and AGBD. To attenuate temporal decorrelation
between the GEDI and NFI measurements, we used NFI plots with a
measurement year of 2015 or later, leaving 209,816 plots for model
training. This filter provided a compromise between contemporary
measurements and maintaining a large training data set distributed
across CONUS.

The FIA AGBD plot measurements have a large proportion (61%)
of exact-zero measurements: due to random location selection, many
5

plots will be located in non-forested locations. It is certainly desirable
to be able to predict non-forest status, and correspondingly predict zero
forest biomass, but this does require an additional modeling compo-
nent. We used the zero-inflated spatial model of Finley et al. (2011)
(see Fig. 4). The first modeling layer is a logistic regression, leveraging
RH95 and a smooth spatial adjustment to predict whether a positive
biomass is present. Given a positive biomass, the magnitude of biomass
is predicted with a continuous regression model leveraging RH95 and a
different smooth spatial adjustment. The spatial adjustments are given
by Gaussian processes, accounting for geographic variations in the
relationship between RH95 and AGBD (Gelfand and Schliep, 2016; May
et al., 2023). The variation of the Gaussian processes are inferred from
the data during model training.

We used a Bayesian approach to model training. In this context,
accounting for the prediction error in the training waveforms is concep-
tually straight-forward, as the true unobserved waveforms are simply
additional unknown model quantities, the prior distributions for which
are given by the waveform predictive distributions (Dellaportas and
Stephens, 1995). Bayesian inference takes prior beliefs on unknown
quantities and updates them into posterior beliefs given new data. Here,
the waveform predictions using the nearby GEDI footprints form the
prior beliefs on the waveforms collocated with the NFI plots. Given a
model for a particular forest attribute, the plot measurements of this
attribute are the ‘new data’ that inform the posterior distribution for
the collocated waveforms. During model training, plausible waveforms
are repeatedly sampled from their posterior distribution. This creates a
feedback loop, where the model influences the sampled waveforms and
the sampled waveforms influence the model. If there is no detectable
relationship between the waveforms and the plot attribute, the prior
and posterior distribution for the waveforms will be identical.

We emphasize the correct interpretation of the model and resulting
predictions. Because the response variables used in model training
are NFI plot measurements, the model does not predict the target
attribute within the confines of the 25 m diameter GEDI footprint.
Rather the model predicts a hypothetical NFI measurement centered
at that location within the particular geometry of the NFI plot design.
When aggregating many predictions to make estimates of area averages
the distinction means little, but may be pertinent when interpreting

individual footprint predictions.
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Fig. 4. Diagram of the zero-inflated spatial model.
.3. Forest attribute prediction

The motivation to train regression models between GEDI waveforms
and remote sensing measurements in general) and field-measured
ttributes is to leverage the density of the remote sensing observations
o provide precise estimates of population estimates at finer scales:

ithin CONUS, there is on average 105 leaf-on and quality-flagged
EDI footprints per square kilometer, in contrast to approximately
ne FIA plot per 24 km2. Once a regression model has been trained,
number of options exist to convert GEDI footprint predictions to

stimates of area averages.
The GEDI L4B product uses hybrid inference (Patterson et al., 2019)

o produce AGBD estimates at 1 km. Hybrid inference takes a design-
ased approach to the observed RH metrics paired with a regression
odel to relate the RH metrics to AGBD. The method is both statisti-

ally defensible and computationally inexpensive. The disadvantage is
hat 1 km cells with less than two GEDI orbits cannot yield an estimate
ue to the design-based portion of the method.

We employ another spatial model similar to that of Section 3.1,
xcept now only the RH metrics used in the regression model must
e considered. First, the spatial model produces RH metric predictions
and uncertainties) on a one hectare grid, representing a hypothetical
omplete grid of FIA plots. The predicted RH metrics (and uncertain-
ies) are fed through the regression model to yield a 1 ha grid of
orest attribute predictions. The predicted grid can then be aggregated
o arbitrary resolutions/areas, yielding predictive distributions at that
esolution.

An advantage of the spatial model is the ability to make gap-free
redictions. Areas with few or no GEDI observations can leverage
eighboring observations to make predictions, though the resulting
ncertainties may be large, depending on the strength of the area’s
patial coherence. A disadvantage of the spatial model is the substan-
ial computational expense. For the 1 km AGBD map presented in
ection 4.2, we partitioned CONUS into ∼12,000 hexagons of area
4,000 ha each (Menlove and Healey, 2020). For each hexagon, all
he GEDI observations within a 2 km buffer of the hexagon were used
o make predictions for 1 km cells within the hexagon. A new spatial
odel was trained for each hexagon. This alleviated computational

urden and also allowed local adaptations for the parameters of the
patial model. However, it does have the undesirable property that
wo 1 km cells immediately across a hexagon border from each other
ill have used potentially different parameter estimates to make their
redictions. This induced some occasional edge effects, although our
nvestigations have found these to be mild: at the greatest extreme, two
exagons east of the southern Sierra Nevada had a discontinuity from
6

their neighboring hexagons of 15–20 Mg/ha. For all other hexagons, the
edge effects were on the scale of 1 Mg/ha when present at all, which
is negligible compared to the natural variation of biomass.

3.4. Validation

We conducted two separate cross-validation studies to validate the
predicted waveforms and the example AGBD model respectively. For
the first study, we selected three L4 ecoregions with distinct forest types
(North Cascades, Middle Rockies, Central Appalachians) to investigate
the validity of the predicted waveforms and their reported uncertainties
(Fig. 5). The Cascades and Middle Rockies are primarily evergreen with
high and moderate biomass levels respectively. The Appalachians are
primarily deciduous with moderate to moderate-high biomass levels.
Within each ecoregion, a random sample of 1000 GEDI footprints was
withheld as a test set of hypothetical NFI plots. Using the remaining
footprints and the methods in Section 3.1 we predicted waveform
distributions over the test locations. Using the waveform distributions,
we generated 95% prediction intervals for all RH metrics, i.e., the
model claims there is a 95% probability the true RH value is within
this interval. If the predicted distributions are accurate, the coverage
rate of the prediction intervals will be approximately 95%. Because of
the finite test sample, we would not expect even a perfect model to
achieve exactly a 95% coverage rate. Rather, we construct a range of
appropriate values as the 95% credible interval on success rates given
1000 independent tests, each with a 95% probability of success. This
gives a range of appropriate coverage rates between 93.6% and 96.3%.

The second study validates the example AGBD model and its predic-
tions to demonstrate the ability of the data set to generate models (and
subsequent predictions) that are consistent with NFI measurements.
The 209,816 field plots used for training were split into ten folds.
Iteratively, each fold was withheld and the model trained with the
remaining nine folds. Using the trained model, plot-level predictions
were made for each plot within the withheld fold. Note that both
the model training and the subsequent predictions utilize waveforms
predicted over the plot, therefore this study simultaneously validates
the example AGBD model and the RH95 values extracted from the
predicted waveforms. For the forested plots (positive AGBD measure-
ments), we examined the coverage of the 95% credible intervals. Again,
the coverage rate should be approximately 95% for a well-performing
model. Additionally, we examined the calibration curve (Pearce and
Ferrier, 2000, Section 4) of the logistic regression model that discrim-
inates between non-forest (zero AGBD) and forest (positive AGBD).
The calibration curve compares the smoothed predicted probabilities
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Fig. 5. The three EPA L4 ecoregions selected for the waveform cross-validation study, manually selected to be diverse test cases.
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f forest-presence versus the smoothed actual proportions of forest-
resence. For a well-performing model, the two will be near-identical
nd the calibration curve will follow the one-to-one line.

Finally, we generated predictions of AGBD within the 64,000
a hexagons of Menlove and Healey (2020) and compared our pre-
ictions and uncertainties to the design-based estimates and their
ncertainties. In addition to comparing the uncertainties directly, a
etric we used to quantify the improvements in precision is the effec-

ive sample increase (ESI), which represents the number of additional
ield plots required for the design-based estimate to achieve the same
recision as the model prediction. Let 𝜎̂2𝑑 be the estimated variance
squared standard error) of the design-based estimate, 𝑛 be the number
f plots used to construct the design-based estimate and 𝜎2𝑚 be the
ariance of the model prediction. The estimated ESI is

ŜI = 𝑛 ⋅

(

𝜎̂2𝑑
𝜎2𝑚

− 1

)

, (2)

hich we computed for every hexagon with a model prediction greater
han 50 Mg/ha and design-based standard error greater than 10 Mg/ha
2774 hexagons). We made such restrictions to avoid massive (but often
ot meaningful) estimated ESI values. If the design-based estimate is
lready precise in absolute terms, large relative improvements are not
orth mentioning: a standard error of 2 Mg/ha reduced to 1 Mg/ha

mplies a three-fold increase in field plot samples, but these hypothet-
cal additional samples are arguably wasted. For similar reasons, large
elative improvements over low biomass areas will produce misleading
SI estimates.

Two caveats to the above comparison are warranted. First, the
wo measures of uncertainty have different theoretical interpretations,
ach appropriate to their respective statistical origins. The design-
ased variance represents the variability of the estimate given the
epeated sampling of new plot locations (by how much might the
stimate change if a different 𝑛 = 27 plot locations within the hexagon
ere selected?). The Bayesian, model-based variance represents the
ariability in the posterior distribution, i.e., the dispersion in our beliefs
n the unknown quantity given the observed data. However, in practice
he two measures of uncertainty will be interpreted similarly. Second,
7

he hexagon NFI estimates used many plot measurements older than
he temporal cutoff we used for model training, 2015. Indeed the
edian of the hexagon-average measurement year is 2015. Given the

ame temporal cutoff, and consequently fewer field plots, it would be
xpected that the design-based variances (and our estimated ESI) would
e higher. But enforcing our time frame would leave many hexagons
ithout an equal-probability sample, making defensible design-based
stimates impossible.

. Results

Section 4.1 details the results of the waveform prediction over the
FI plots as well as the waveform cross-validation study. Section 4.2
rovides the fitted AGBD model, the resulting 1 km AGBD map for
ONUS, the results of the AGBD model cross-validation study, and the
omparison to the hexagon design-based estimates.

.1. Waveform prediction

We generated predictive waveform distributions over 326,787 NFI
lots across CONUS using the methods in Section 3.1. The confidence
n the predictions varies widely by region. The primary factors driving
rediction uncertainty are the density of observed GEDI footprints
nd the strength of the spatial correlation. While the strength of the
patial correlation varies substantially by ecoregion, the more drastic
actor is the density of observations, with the footprint density of the
eciduous east far lower due to the filtering of leaf-off observations
Fig. 6). Some regions in the Appalachians have a filtered footprint
ensity as low as 25 footprints per km2, whereas some regions in the
acific Northwest have densities nearing 250 footprints per km2. This
esults in low prediction confidence for many NFI plots in the east,
hereas the remainder of CONUS possesses an abundance of plots
ith informative predictions (Fig. 7). To conduct the predictions, we

patially interpolated the first 𝑘 principal components, treating the
est as spatially independent, where 𝑘 is the smallest integer such
he remaining 101 − 𝑘 components hold less than 0.01% of the total
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Fig. 6. Density of GEDI footprints (top) and the spatial correlation at 100 m for the dominant principal component of the waveform (bottom). The footprint density for the
deciduous eastern CONUS is low due to the filtering of leaf-off observations.
waveform variation. The median 𝑘 across all ecoregions was 9 and 90%
f ecoregions had a 𝑘 between 7 and 12.

We now turn to the waveform cross-validation study, where for each
f the three selected ecoregions we predicted waveform distributions
ver 1000 randomly withheld test footprints. The coverage rates of the
5% credible intervals were near nominal across all RH metrics and
coregions, with some RH metrics for the Middle Rockies and Central
ppalachians deviating slightly from the range of appropriate values

Fig. 8). For example, the coverage rate of the 95% credible intervals
or RH 61 – 94 within the Central Appalachians was below the adequate
hreshold of 93.6%, reaching as low as 90.0%. The interpretation of
his result is that the reported theoretical uncertainties are slightly
ower than the true error observed in the cross-validation study. We
ive an example taken from each ecoregion comparing the predictive
istribution to the witheld waveform in Fig. 9.
8

4.2. Model for forest AGBD

We fit the example model between square-root RH95 and NFI
measurements of AGBD measured 2015 or later (Section 3.2). Compar-
ing the prior expected values of RH95 versus AGBD for the forested
plots, we see compression along the covariate axis due to the Berkson
errors, but an underlying positive polynomial relationship to AGBD is
still evident (Fig. 10). Training the model with error-in-variable tech-
niques accounts for the waveform prediction uncertainty and corrects
the horizontal compression. Using this model, we produced a 1 km
resolution map of forest AGBD for the entire CONUS (Fig. 11). The
uncertainties for the eastern US are the largest, with relative standard
deviations (standard deviation divided by expected value) often above
25%, whereas the western US is consistently below 25% (Fig. 12).
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We next present the ten-fold cross-validation study testing the plot-
evel AGBD predictions. For the 82,185 forested plots, the coverage rate
f the 95% credible intervals was 96.5%. Further, the calibration curve
or the logistic regression was near-ideal, never deviating from the one-
o-one line by more than a few percentage points (Fig. 13(b)). Biomass
s highly variable at the plot scale, and the model covariate (RH95)
eeded to be obtained from predicted waveforms, introducing further
ncertainty. Even still, the accuracy of the predictions was reasonable,
9

t

ith a predictive 𝑅2 of 0.60 across all plots and 0.45 restricting to
orested plots.

Finally, we compared the model AGBD predictions to NFI estimates
ithin 64,000 ha hexagons. The model predictions concord well with

he NFI estimates, with the only striking deviations from the one-to-
ne line occurring for NFI estimates that used less than 10 field plots,
nd therefore were highly uncertain (Fig. 14(a)). Further, the uncer-
ainties of the model predictions were typically far lower than those of
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Fig. 8. Coverage rates of predictive 95% credible intervals across all RH metrics. Red lines indicate a 95% credible interval for the success rate given 1000 independent tests each
ith a 95% success probability. Coverage rates for RH 0 – 15 for the Middle Rockies and RH 61 – 94 for the Central Appalachians deviate below the range of appropriate rates,

uggesting slight prediction overconfidence for these RH metrics within the respective regions. (For interpretation of the references to color in this figure legend, the reader is
eferred to the web version of this article.)
he NFI estimates. The model standard deviations never exceeded 25
g/ha, whereas the NFI standard errors were as large as 164 Mg/ha

the corresponding model standard deviation for this hexagon was 7
g/ha).
10
The increase in precision from the model can be stated in terms
of the number of additional NFI plots required to achieve the same
precision using the NFI design-based estimates (ESI). Across the 2774
hexagons considered (model prediction greater than 50 Mg/ha, NFI
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Fig. 9. An example waveform predictive distribution for each of the cross-validation regions with a dotted line representing the true test waveform.
tandard error greater than 10 Mg/ha), the median ESI was 135 plots.
nly 50 hexagons had an ESI less than 27 (an effective doubling of the
verage hexagon sample size) and 7 hexagons had an ESI less than 10.
he total ESI across the considered hexagons was 464,804 field plots,
11

reating an effective sample size seven times the original.
5. Discussion

By generating probabilistic GEDI waveform predictions over NFI
plots and accounting for the prediction uncertainties during model
training with error-in-variables techniques, we alleviated the need for

collocation or mediating ALS data to produce a massive regression
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Fig. 10. The left panel gives the predicted sqrt-RH95 values versus NFI plot-measured AGBD. Note the compression along the horizontal axis due to the Berkson errors, where
predicted sqrt-RH95 values are compressed towards their ecoregion mean. Such errors are filtered during model training to yield the right panel, where the horizontal compression
is no longer evident. Within the Bayesian interpretation, the predicted covariates on the left panel are a prior expectation of sqrt-RH95. The covariates on the right panel are a
random sample from the posterior distribution, i.e. a plausible configuration given the additional information from the NFI plot data. The right panel also gives the regression line
and 95% prediction intervals for the final trained model.
training data set dispersed across CONUS. The data set can be used to
train regression models between GEDI RH metrics and NFI-measured
forest attributes, and subsequently leverage the density of GEDI ob-
servations to make population estimates at finer scales and at higher
precision than possible with the field data alone. The data set produced
in this work is for the US, but the method could be expanded to other
nations to enhance their forest inventory.

The example AGBD model performed well. The coverage rate of
the 95% credible intervals was 96.5% over the forested plots and the
calibration curve showed the logistic regression correctly assessed the
probability of forest presence. These positive results demonstrate the
ability of the data set to produce models that make NFI-consistent pre-
dictions at the plot scale, which can be aggregated into NFI-consistent
population estimates. In particular, we aggregated predictions to the 1
km scale, a resolution for which estimates cannot be produced using
typical FIA design-based procedures due to the sampling density of
the field plots. We further aggregated to a 64,000 ha scale to allow
comparison to the design-based estimates. At this resolution, the model
predictions remained congruent with the design-based estimates, but
achieved far greater precision, often equivalent to sampling hundreds
of additional NFI plots (Fig. 15).

To train the example AGBD model, we restricted the FIA plots
o those measured in 2015 or later. The observed GEDI waveforms
sed to generate the predicted waveforms were observed from April
019 to March 2023. This leaves a maximum possible temporal dis-
repancy between a predicted waveform and plot measurement of
ight years. This could lead to additional noise and uncertainty in the
odel, especially in the case of acute disturbances between the two
easurements times. Any analyst using the data set could make their

wn operational decisions pertaining to time frames, potentially using
isturbance maps to inform their filtering. As FIA continues its data
elease, there will be more plot measurements temporally coincident
ith the GEDI measurement period: at the time of this writing, the most

ecent available measurements are from 2022 and the latest year for
hich measurements are available in all 48 contiguous states is 2019.

The confidence in the waveform predictions over the NFI plots
s driven primarily by the spatial coherence of waveforms within an
coregion and the density of GEDI observations. The Appalachians in
he eastern US suffer from several issues, with a below-average esti-
ated spatial correlation range and, more importantly, a low density

f GEDI observations due to leaf-off filtering. The low density of GEDI
bservations has ill effects for both model training and subsequent
redictions, giving lower quality local training data and therefore
ncreased uncertainty for local relationships between RH metrics and
orest attributes, and fewer GEDI footprint-level predictions to sup-
lement the NFI plots. This is reflected in the absolute and relative
tandard deviations of the 1 km AGBD map. The spatial coherence of
12
the ecoregions is somewhat of a fixed reality, but it would be beneficial
if some information from the leaf-off observations could be reclaimed,
rather than omitting them entirely.

We used a multivariate spatial model to make GEDI cumulative
waveform predictions: the observed waveforms were projected onto
their principal components, modeled and predicted separately, and
then the full waveform predictive distribution was reconstructed. A
cross-validation study showed this technique to perform reasonably
well. Some RH metrics, varying across the three test ecoregions, had
coverage rates for the 95% credible intervals outside the range of
appropriate values. We generated this range of appropriate values by
assuming 1000 independent tests each with a 95% success probability.
Our tests were not completely independent, as two randomly selected
test locations nearby may leverage the same observed footprints to
make a prediction, and all predictions use the same estimated pa-
rameters. While this likely makes the given range too narrow, it is
still safe to interpret a coverage rate of 90.0% for RH4 within the
Middle Rockies and 91.3% for RH82 within the Central Appalachians
as a model inadequacy. In our experience, mild shortcomings in the
modeling of a given principal component can inflate to larger problems
when reconstructing the distribution.

Both the GEDI footprints and FIA plots are believed to have ge-
olocation error with approximately 10 m standard deviation (Hoppus
and Lister, 2005; Beck et al., 2021). The waveform predictions in this
work are essentially executed using kriging equations on the principal
components of the waveforms (Section 3.1, Appendix). To make a
prediction at an unobserved location, the kriging equations leverage
the waveform values and reported locations of the nearby footprints.
Correlation between the observed locations and prediction location is
assessed through an exponential correlation function and random noise
component. It is reasonable to suppose that unaccounted error in the
reported locations would have ill effects on the resulting predictions.
The scenario of kriging prediction with uncertain locations was studied
in Gabrosek and Cressie (2002). They found the effect on predictions to
be negligible if the location standard deviation was small relative to the
spatial range parameter of the exponential correlation function. Across
all 967 ecoregions, the minimum spatial range parameter estimated for
the dominant waveform component was 22 m, with 99% of the ecore-
gions having an estimated spatial range of over 150 m. Most estimated
range parameters dwarfed the geolocation uncertainty, suggesting the
geolocation uncertainty had little effect on the predicted waveforms.

6. Conclusion

We produced a training data set pairing 326,787 NFI plots across
CONUS with predicted GEDI cumulative waveforms. This data set is

ready to serve a multitude of objectives across different US regions
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Fig. 11. Expected values and standard deviations for 1 km estimates of forest AGBD across CONUS. Note the diagonal patterns in the standard deviations from the orbital track
pattern of GEDI. Uncertainties are generally lowest along the tracks. The filtering of leaf-off observations left fewer tracks in the deciduous east and therefore more obvious gaps
between them.
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nd forest attributes. We envision that the methods could be expanded
o other NFIs outside of the FIA program of the US, allowing NFI-
onsistent GEDI models without requirements of collocation. We intend
uture work developing improved multivariate spatial models that can
ore accurately model and predict lidar waveforms and investigating
ethods to utilize leaf-off GEDI observations for deciduous areas.
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Appendix. Multivariate spatial model for waveform prediction

Let 𝒙(𝑠) be a vector of length 101 representing the RH metrics
(cumulative waveform) at location 𝑠. We assume the spatial model

𝒙(𝑠) = 𝜞𝒛(𝑠) (3)

where 𝜞 is a 101 × 101 orthonormal matrix (𝜞 𝑇𝜞 = 𝑰) and 𝒛(𝑠) is
vector of independent spatial processes, 𝑧𝑗 (𝑠); 𝑗 = 1,… , 101. This is

similar to the full linear coregionalization model of May et al. (2022),
nd much of the following is synthesized from that work. Note that

𝑥 ≡ Var[𝒙(𝑠)] = 𝜞𝜦𝑧𝜞 𝑇 , (4)

where 𝜦𝑧 is a diagonal matrix with entries Var[𝑧𝑗 (𝑠)]. Therefore, 𝜞 gives
the eigenvectors of 𝜮𝑥, the covariance matrix of 𝒙(𝑠) and

𝒛(𝑠) = 𝜞 𝑇 𝒙(𝑠), (5)

implying 𝒛(𝑠) is a vector of principal components for 𝒙(𝑠). Let 𝑧𝑗 (𝑠) be
ordered according to decreasing variance. We assume

𝑔𝑗
(

𝒛𝑗 (𝑠)
)

=

{

𝛼𝑗 + 𝑏(𝑠)𝛽𝑗 +𝑤𝑗 (𝑠) + 𝜖𝑗 (𝑠); for 𝑗 ≤ 𝑘
𝛼𝑗 + 𝑏(𝑠)𝛽𝑗 + 𝜖𝑗 (𝑠); for 𝑗 > 𝑘

(6)

where 𝛼𝑗 , 𝛽𝑗 are regression coefficients, 𝑏(𝑠) = 0, 1, is the NLCD forest
lassification value, 𝑤𝑗 (𝑠) is a spatially correlated Gaussian process with
xponential covariance function and 𝜖𝑗 (𝑠) is a spatially independent,

normally distributed error. Index 𝑘 is the point where 𝑤𝑗 (𝑠) is removed
nd the spatial processes are assumed to be spatially independent.
inally, functions 𝑔𝑗 (⋅) are Box–Cox transformations (Box and Cox,
964; Sakia, 1992) to promote assumptions of normally distributed
andom effects (without transformation, the leading principal compo-
ents are often highly skewed, but become increasingly ‘‘normal-like’’
n distribution as 𝑗 increases).

Taking a fully Bayesian approach to the above model would require
ntensive Markov chain Monte Carlo (MCMC) chains that would be dif-
icult to monitor across all 967 ecoregions. However, all of the difficult
arameters are assumed constant across the ecoregion, for which there
re effectively limitless training samples (GEDI footprints) to estimate
ith. Therefore, we fix the difficult parameters at point estimates and
ssume the uncertainty to be negligible. For each ecoregion, we fix
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Fig. 13. Results of the plot-level cross-validation study. Dotted lines give the one-to-one line.
𝜞 at the eigendecomposition of the sample covariance matrix for 𝒙(𝑠)
and fix the parameters for the Box–Cox transformations, 𝑔𝑗 (⋅), and the
parameters for the random effects, 𝑤𝑗 (𝑠), 𝜖(𝑠) at their maximum like-
lihood estimates. Posterior distributions for the regression coefficients
and predictions 𝑔𝑗

(

𝒛𝑗 (𝑠∗)
)

at an NFI plot location 𝑠∗ are then available
in closed form.

To select 𝑘, the point at which the Gaussian process 𝑤𝑗 (𝑠) drops
out, an operational decision was made. We selected 𝑘 as the minimum
15

index at which the first 𝑘 sample variances account for over 99.99% of
the total variance. The rationale for this is two-fold: First, by definition
the remaining 101 − 𝑘 principal components hold little additional
information. Second, the principal components become increasingly
spatially incoherent, making informative interpolation increasingly fu-
tile. Indeed, for every ecoregion the estimated spatial correlation of
𝑤𝑗 (𝑠) decayed below practical significance before index 𝑗 reached the
enforced cut-off, 𝑘.

The closed-form posterior predictive distributions for 𝑔𝑗
(

𝒛𝑗 (𝑠∗)
)

are
saved at every NFI plot location. Monte Carlo methods are required
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Fig. 14. Comparison of the model predictions and uncertainties to the NFI estimates and uncertainties across all 12,591 hexagons. Dotted lines give the one-to-one line.
to reclaim the cumulative waveform distribution and the marginal RH
metric distributions. A multitude of samples (thousands, depending on
the accuracy required) are drawn from the posterior distributions of
𝑔𝑗

(

𝒛𝑗 (𝑠∗)
)

; 𝑗 = 1,… , 101. These samples are back-transformed with
𝑔−1𝑗 (⋅) to yield posterior samples of 𝒛𝑗 (𝑠∗); 𝑗 = 1,… , 101 and then

atrix-multiplied by 𝜞 to achieve multivariate posterior samples of
16

(𝑠∗). If only certain RH metrics are desired, 𝜞 can be row-subsetted to
yield only samples of those RH metrics. Further, if posterior distribu-
tions of a transformation of the RH metrics are desired (e.g., square-root
RH95 in our example AGBD model), this transformation is simply
applied the posterior samples of the RH metrics. All of this is handled
internally by the getRHmetrics() function of the associated R code,
allowing users to query expected values and (co)variances for any set
RH metrics, under any valid transformation, for any of the predicted
FIA plots.
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Fig. 15. Estimated ESI across the 2774 hexagons with a model prediction greater than 50 Mg/ha and an NFI standard error greater than 10 Mg/ha. A total of 29 hexagons had
n ESI greater than 600, but were truncated in the color scale to improve visualization. (For interpretation of the references to color in this figure legend, the reader is referred
o the web version of this article.)
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