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ARTICLE INFO ABSTRACT

Edited by: Jing M. Chen Airborne laser scanning (ALS) data enable accurate modeling and mapping of aboveground biomass (AGB), but
the limited spatial and temporal extents of ALS data collection limit the capacity for broad-scale carbon ac-

Keywords: counting. Conversely, while space-based remote sensing instruments provide increased spatial and temporal

Aboveground biomass coverage, it can be difficult to directly link field-level vegetation biometrics to satellite data due to coarser spatial

Xv_osdlani_zcosysmms resolution and positional uncertainty. The combined use of ALS and satellite remote sensing data may offer a
1irborne lidar

Landsat solution to efficient, accurate, and consistent AGB mapping across time and space. Such airborne-spaceborne

GEDI data fusion has been demonstrated successfully in high-biomass settings; however, the unique structural con-

Scaled modeling ditions of dryland woodland ecosystems, with open canopies and low leaf area indices, pose mapping challenges
that require further study. These challenges are particularly acute with large footprint spaceborne lidar, where
short, widely-spaced trees may limit the capacity for accurate AGB estimation. In this study, we present a scaled
methodological framework for linking field-measured woodland AGB to ALS data and, in turn, linking ALS-
modeled AGB to satellite data, using pinon-juniper woodlands in southeastern Utah as a case study. We
compare the effectiveness of this scaling approach using two satellite sensors, Landsat 8 OLI (multispectral) and
GEDI (lidar). Since the predicted outputs of our local-scale model are being used as inputs to our regional-scale
model, we also demonstrate an approach for propagating uncertainty throughout this nested, multiscale
analytical framework, leveraging the inherent variability within a random forest’s decision trees. Given the
positional uncertainty of GEDI footprints, we test a range of different footprint sizes for their relative effects on
ALS-GEDI AGB model accuracy. Our local-scale (field-ALS) predictive model was able to account for 74% of
variance in AGB, and estimate AGB with a root mean squared error (RMSE) of 14 Mg/ha, a mean absolute error
(MAE) of 11.09 Mg/ha. Our regional-scale (ALS-Landsat/GEDI) analysis with propagated uncertainty revealed
that the combined use of Landsat and GEDI metrics produced the best predictive model (R? = 0.68; RMSE =
12.71 Mg/ha; MAE = 9.40 Mg/ha), followed by Landsat-only metrics (R = 0.66, RMSE = 13.08 Mg/ha; MAE =
9.71 Mg/ha), and GEDI-only metrics (R? = 0.49, RMSE = 16.01 Mg/ha; MAE = 12.14 Mg/ha). These results
suggest that Landsat may be better-suited than GEDI for estimating AGB in woodland environments where low
canopy covers and short trees limit the capacity for precisely characterizing vegetation structure within large-
footprint, waveform lidar data. The footprint size analysis revealed that larger simulated footprints (e.g., 30
m radius and greater) produced higher GEDI model accuracies; however, increasing footprint radii beyond 30 m
does not significantly increase model accuracy. This research represents an important step forward in improving
our capacity for reliably mapping woodland AGB, and provides an early test case for the application of GEDI data
to woodland AGB mapping.

1. Introduction carbon cycle requires accurate, spatially-explicit, and temporally-
consistent estimates of aboveground biomass (AGB) (Goetz and
To better understand the role that vegetation plays in the global Dubayah, 2011). AGB is a readily-measurable proxy for the amount of
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carbon stored in a plant, giving it unique importance in the estimation of
current carbon stocks (Brown, 2002). In this capacity, it also allows for
the measurement of carbon fluxes, including net losses over time due to
natural or anthropogenic vegetation removal, and net gains due to
growth, recruitment, and expansion (Gibbs et al., 2007). As with most
vegetation biometrics, the most accurate way to quantify AGB is using
field-based measures. This is typically done through destructive sam-
pling and the development of statistically-based allometric relationships
between physical plant dimensions and AGB (Chojnacky et al., 2014).
While these allometric relationships are valuable, this analytical
approach is practically limited and does not allow for broad-scale AGB
estimation (Lu, 2006). Remote sensing techniques uniquely have ca-
pacity for providing accurate, objective estimates of AGB on broad
spatial and temporal scales (Hudak et al., 2012).

The most accurate, remote sensing-based approach for estimating
AGB is through the use of light detection and ranging (lidar) technology
(Zolkos et al., 2013). Individual pulses of light are emitted in rapid
succession from an airborne platform towards the ground surface,
exploiting small gaps in a canopy to capture measurements of three-
dimensional vegetation structure (Lefsky et al., 2002). Critical pre-
dictors of AGB such as vegetation height and canopy cover can be easily
derived from an airborne laser scanner (ALS) point cloud (e.g., Hollaus
et al., 2006; Korhonen et al., 2011). The most common approach to
mapping AGB using ALS is through the area-based approach (Nesset,
2002), whereby ground reference data are collected within a fixed-area
plot, which are fed through species-specific allometric equations to
produce a plot-level AGB estimate, which is then compared to a suite of
point cloud metrics, using a regression or machine learning algorithm (e.
g., Kankare et al., 2013; Luo et al., 2019). Although the effectiveness of
this approach has been widely demonstrated, it has some critical limi-
tations: (1) the high cost of data collection and the voluminous nature of
ALS point cloud data result in limited spatial extents of data availability;
(2) the airborne, opportunistic nature of data collection result in limited
temporal data availability; and (3) the range of different sensor speci-
fications and collection parameters limit the transferability of ALS-AGB
algorithms derived in one location to another.

One way to overcome these limitations is through the use of more
spatially exhaustive, temporally repetitive, and consistently-calibrated
satellite data. A wide range of passive remote sensing instruments
measuring reflected solar radiance have been explored for their AGB
estimation capacity, including coarse spatial resolution sensors like
MODIS (e.g., Li et al., 2018), moderate resolution sensors like Landsat 8
OLI and Sentinel-2 (e.g., Askar et al., 2018; Nguyen et al., 2020), and
high resolution sensors like Worldview (e.g., Vastaranta et al., 2018).
Although these multispectral sensors tend to enable a more broad-scale
analysis, they lack the capacity for measuring vegetation structure
directly and suffer from spectral saturation in densely-vegetated envi-
ronments, limiting their ability to directly map AGB (Pflugmacher et al.,
2014). The use of space-based lidar instruments, such as the Geoscience
Laser Altimeter System (GLAS) onboard the IceSAT and IceSat-2 satel-
lites, as well as the Global Ecosystem Dynamics Investigation (GEDI)
onboard the International Space Station may bridge the gap between
ALS data and spaceborne passive instruments, providing new and fertile
ground for consistent, reliable AGB estimation on a global or near-global
scale (Dubayah et al., 2020; Duncanson et al., 2020). Although space-
based lidar has demonstrated promise in AGB mapping, through anal-
ysis of real and simulated data (Narine et al., 2019; Qi et al., 2019), the
point-based data collection approach inherent to these missions does not
enable the provision of a spatially-exhaustive AGB estimate. This limits
the ability to, for example, derive total AGB estimates for a given loca-
tion, or vegetation type.

Individually, all of the aforementioned approaches (ground-level,
ALS, passive satellite, and active satellite) to mapping AGB are inher-
ently limited. However, by combining these different datasets together,
we can leverage their individual strengths and overcome their weak-
nesses to produce the best possible, spatially- and temporally-explicit
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AGB estimates. Data fusion approaches have gained much attention in
the remote sensing literature in recent years (Schmitt and Zhu, 2016;
Zhang, 2010). One of the most common approaches to data fusion is to
link datasets collected at different scales and resolutions. High spatial
resolution, local-scale ALS and coarser spatial resolution, regional-scale
multispectral satellite data have been fused for scaling estimates of tree
mortality (Campbell et al., 2020), canopy height (Hudak et al., 2002),
and land cover (Singh et al., 2012). In addition, a small number of
studies have linked local-scale ALS data to multispectral satellite im-
agery to enable regional-scale AGB estimation (Asner et al., 2018; Lu
et al., 2012; Luther et al., 2019; Xu et al., 2017; Zald et al., 2016). With
respect to active sensor satellite data, it has been suggested that ALS
should act as an intermediary between field and space-acquired wave-
forms for calibrating AGB models in order to minimize prediction error
due to geolocational uncertainty (Duncanson et al., 2019). Success in
ALS-active satellite scaled AGB modeling has been demonstrated with
GLAS (Popescu et al., 2011), but given the nascency of GEDI, we have
yet to fully explore its potential and limitations. Thus, it is important to
test the extent to which local-scale ALS data can be used in a scaled
modeling context to enable regional-scale AGB estimation using space-
borne lidar data from GEDI.

In addition to the inherent strengths and weaknesses of different
remote sensing platforms and sensors, the ability to accurately map AGB
is also affected by the ecosystem being studied. Research into remote
sensing of AGB has revolved heavily around high-biomass forests in
humid tropic and subtropical environments, given their relatively large
contribution to the global carbon budget (e.g., Clark et al., 2011; Drake
et al., 2002; Dubayah et al., 2010; Foody et al., 2003). Indeed, both
Asner et al. (2018)and Xu et al. (2017) have successfully demonstrated
ALS-satellite multispectral AGB scaled modeling in tropical environ-
ments. Likewise, there are a large number of studies inquiring into the
capacity for remote sensing to estimate biomass in high-biomass boreal
forests (e.g., Dong et al., 2003; Matasci et al., 2018; Muukkonen and
Heiskanen, 2005; Nasset and Gobakken, 2008; Rauste, 2005). Scaled
AGB modeling has been shown to be effective in these higher-latitude
ecosystems (Luther et al., 2019; Zald et al., 2016). However, consider-
ably less attention in the scientific literature has been paid towards
lower-biomass dryland woodland ecosystems. Woodland ecosystems
possess low-to-moderate tree cover, existing on a spectrum between
higher-cover forest ecosystems and lower-cover savanna ecosystems
(Ratnam et al., 2011; Taft, 1997). Open-canopy dryland woodland
ecosystems are found on approximately 550 Mha globally, representing
4% of all terrestrial land, and spanning every continent besides
Antarctica (Bastin et al., 2017). Despite their lower overall biomass, the
dynamism of these semiarid ecosystems positions them as a major
contributor to interannual variability in the global land carbon sink
(Ahlstrom et al., 2015; Poulter et al., 2014). They exist at a critical
environmental threshold, receiving just enough moisture to support the
existence of trees. This gives small differences in precipitation a large
influence on biomass, as droughts can induce widespread tree mortality
(biomass reduction) and moist periods can bring about significant
afforestation (biomass increase) (Clifford et al., 2013; Mitchard and
Flintrop, 2013).

Remote sensing in semiarid and arid ecosystems poses significant
challenges not faced in other, more mesic environments (Krofcheck
et al., 2014; Okin et al., 2001; Smith et al., 2019). Trees tend to be short
in stature and feature irregularly-shaped crowns (Campbell et al., 2020).
Open canopies and relatively low leaf area indices result in an abun-
dance of understory shrubs, grasses, and forbs, as well as bare soil and
rock when viewed from the synoptic remote sensing perspective (Smith
et al., 2019). While a small number of studies have demonstrated suc-
cessful AGB mapping in dryland woodland ecosystems using ALS (e.g.,
Krofcheck et al., 2016), relatively few studies to date have attempted to
scale local, ALS-driven woodland AGB estimates to the regional scale
using satellite data. Given the vegetation structural differences between
tropical and boreal environments, both of which have been well-studied
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with respect to scaled ALS-satellite scaled AGB mapping (Asner et al.,
2018; Luther et al., 2019; Xu et al., 2017; Zald et al., 2016), and dryland
environments, which have not, there is a critical need to understand the
best practices for developing broad-scale estimates of open-canopy
woodland AGB. Additionally, the vast majority of AGB scaling studies
that exist rely on passive optical remote sensing data (e.g., Landsat) as
the basis of regional-scale mapping. Particularly given the recent launch
of GEDI, there is an additional need to understand the relative strengths
and limitations of passive multispectral and active lidar data in scaled
AGB modeling.

In this study, we: (1) use ALS data to map AGB on a local scale in an
open-canopy woodland environment; (2) use those estimates to map
AGB on a regional scale using Landsat imagery and GEDI waveforms,
comparing their individual and combined model accuracies; (3) deter-
mine which multispectral and waveform lidar predictor variables are
most closely-associated with woodland AGB; and (4) compare the effects
of different scaled footprint sizes on model accuracy; (5) examine the
extent to which adding ancillary climate and topography variables im-
proves AGB predictions; (6) demonstrate a repeatable approach for
computing the propagated uncertainty that results from using local-scale
modeled estimates to drive a regional-scale predictive model; (7) test the
effects of spatial autocorrelation on regional scale model performance.

2. Methods
2.1. Study area

This study is based in the original extent of Bears Ears National
Monument (BENM) in southeastern Utah, USA (Fig. 1). BENM was
established by presidential proclamation in 2016 as a nearly 6000 km?
protected area that possesses immense cultural, historic, and ecological
importance. Approximately one year later, it was dramatically reduced
in size by a second presidential proclamation (Creadon and Bergren,
2019). However, there is currently a movement underway to restore the
monument to its original extent (Nordhaus, 2021). This gives unique
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and timely importance to understanding the implications of protecting
the cultural and natural resources of BENM, including its abundance of
woodland vegetation. We selected the original extent of BENM as our
study area because of this woodland dominance and because ALS data
were captured within a portion of the Monument in 2018, enabling us to
quantify the amount and distribution of woodland AGB within this
important setting. The dominant woodland type within BENM is pinon-
juniper (PJ). Although PJ woodlands encompass a wide variety of
codominant species of pinon pines and junipers, in this study area, the
two most common species are twoneedle pinon (Pinus edulis) and Utah
juniper (Juniperus osteosperma). PJ woodlands tend to be low in canopy
cover, averaging 16.2% cover within the ALS data extent (Fig. 1C), with
trees short in stature (mean = 5.5 m) (LANDFIRE, 2020). As discussed in
the Introduction, these structural conditions create unique challenges
for remote sensing in PJ woodlands (Campbell et al., 2020).

2.2. ALS data

ALS data were collected in five PJ-dominant areas in the study area
on June 2nd, 2018 (Fig. 1C). The areas were specifically designed to
capture a wide range of PJ AGB, along an environmental gradient from
lower, warmer, drier areas that tend to possess lower AGB to higher,
cooler, moister areas that tend to possess higher AGB. A comparison
between the distributions of elevation, annual average temperatures and
precipitation totals of the ALS data collection areas and BENM can be
seen in Fig. 2. The five areas encompass 231.2 km? in total, ranging in
elevation from 1654 m at the low end to 2762 m at the high end. The
data were captured using an Optech Titan sensor, which emits laser
pulses in three distinct wavelengths: green (532 nm), near infrared
(1064 nm), and shortwave infrared (1550 nm). Multispectral ALS data
such as these have gained attention in the scientific literature in recent
years due to increased availability (e.g., Hopkinson et al., 2016; Wallace
etal., 2012), but to our knowledge, have not been applied in the context
of AGB mapping. Given their capacity for not only mapping three-
dimensional structure but also potentially providing valuable
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Fig. 1. Study area map with three scales depicted: (A) southwestern United States; (B) the original 2016 extent of Bears Ears National Monument in southeastern
Utah with ALS data extent highlighted in yellow; and (C) ALS data extent with field plot locations. Also included are three 20 x 20 m ALS data subsets within field
plot areas representing high (D), moderate (E), and low (F) biomass conditions. PJ woodlands extent derived from LANDFIRE Existing Vegetation Type data
(LANDFIRE, 2020). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Relative abundance, as depicted by normalized kernel density distributions, of elevation (A), annual average temperatures (B), and annual precipitation totals
(C) between the local-scale ALS data collection areas and the regional-scale BENM. Climate data derived from PRISM (PRISM Climate Group, Oregon State Uni-

versity, 2019).

multispectral intensity data for distinguishing between different surface
types, it is conceivable that multispectral ALS data could improve AGB
model predictive power. With a nominal flying height of 600 m, a pulse
frequency of 125 kHz, and a scan angle range of +23°, the resulting
point cloud, merged between the three spectral bands, featured an
average pulse density of 21.4 pulses/m>

2.3. Analysis overview

An overview of our analytical approach can be seen in Fig. 3. For the
purpose of this study, we will define three analytical scales. The first
scale, henceforth “plot scale”, takes place at the scale of the individual
field plot. This is the scale at which field data were collected and AGB
estimates derived through tree diameter-based allometry (described in

Section 2.4). Taken together, these plots are distributed throughout the
extent of our ALS data collection, which we refer to as “local scale”. We
first model AGB at the local scale by comparing field-measured AGB to
spatially-coincident ALS structural metrics (described in Section 2.5).
While it is useful to understand the spatial distribution of PJ AGB across
the five collection areas shown in Fig. 1C, our ultimate goal is to map
AGB throughout the entirety of BENM (Fig. 1B). To estimate AGB at the
scale of BENM, henceforth known as the “regional scale”, we take the
results the local-scale AGB modeling process and use those as reference
data for generating a regional-scale model (described in Section 2.6).
The regional-scale model is driven by spaceborne remotely-sensed data,
along with ancillary spatial datasets representing climatic and topo-
graphic conditions, that are not as limited in spatial extent as the ALS
data. Data preparation, analysis, and modeling for this study took place
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Fig. 3. Overview of the scaled analysis approach used in this study, including the three nominal analytical scales.
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using a combination of Esri ArcGIS Pro, Python, and R (R Core Team,
2018), with functions from the following R libraries: lidR (Roussel et al.,
2020), randomForest (Cutler and Wiener, 2018), raster (Hijmans and
van Etten, 2014), rfUtilities (Evans and Murphy, 2019), rgdal (Bivand
et al., 2021), rGEDI (Silva et al., 2020), rgeos (Bivand et al., 2020),
VSURF (Genuer et al., 2015), and their various dependencies.

In addition to testing the abilities of spaceborne remote sensing data
to model regional-scale AGB, we also examine the extent to which
adding ancillary climate and topography data to the modeling process
affects model performance (described in Section 2.7). Because the
reference data that are driving the regional-scale model are themselves a
modeled product and, as a result, possess inherent uncertainty, error
must be propagated through the entire modeling process in order to
understand regional model performance. Our process for propagating
uncertainty is described in Section 2.8. Lastly, the reference data being
used for the regional-scale analysis are defined by the positions of GEDI
footprints. Because GEDI footprints can be as close as 60 m from one
another, it is important to account for the potential effects of spatial
autocorrelation on model performance. To account for these effects, we
perform a buffered leave-one-out cross-validation (BLOOCV) procedure,
described in Section 2.9.

2.4. Field data and biomass allometry

Field data were collected within 65 circular plots within the ALS data
extent between 2018 and 2020 (Fig. 1C; Table S2). The plots were cir-
cular, with 59 plots having 15 m radii and 6 plots having 18 m radii. Plot
locations were guided by a stratification process aimed at capturing a
wide range of terrain and climatic variability. Plot centers were navi-
gated to and recorded with a Trimble Geo7x GPS unit, the post-
processing of which resulted in average positional error of £0.36 m.
Plot radii were measured using a TruPulse 360 laser rangefinder. Within
each plot, all standing live and dead trees with diameters larger than 4
cm were counted and measured. Diameters were either recorded either
at breast height (DBH) or at the root collar (DRC). Since most allometric
equations for pinon and juniper trees rely on DRC measurements, all
DBH were converted to DRC, using the DRC-DBH allometries defined by
Chojnacky and Rogers (1999). Juniper trees in this region can frequently
take a multi-stemmed form. When these were encountered in the field,
multiple stems were measured and a single DRC was derived using the
root-sum-square formula defined in the USDA Forest Service Forest In-
ventory and Analysis protocol (Bechtold and Patterson, 2005). These
DRC measurements (in cm) were used in conjunction with the DRC-AGB
allometries defined by Grier et al. (1992). Numerous pinon and juniper
allometries exist (e.g., Chojnacky et al., 2014; Cunliffe et al., 2020;
Miller et al., 1981; Sprinkle and Klepac, 2015), but those of Grier et al.
were chosen due to a combination of both geographic and ecological
similarity to our study area and the production of relatively conservative
AGB estimates in comparison to others. In addition to diameters, the
condition of each tree was recorded as a proportion of live canopy. Per-
plot live AGB was calculated as the sum of each individual tree’s pro-
portional live AGB. It is important to note that only trees were consid-
ered in the calculation of total AGB in this study. AGB from grasses,
forbs, shrubs, litter, and debris — all of which are quite minor in this
system — were not considered.

2.5. Local-scale AGB modeling (Field — ALS)

The next major step in our scaled modeling procedure involved
comparing field data to ALS data. To do this, plot center points were
buffered by their respective radii (either 15 or 18 m), and used to clip
out individual plot-level subsets of ALS point cloud data. Within each of
these point cloud subsets, we first derived a series of topographic vari-
ables using the points classified as “ground” returns by the vendor,
including elevation, slope, cosine transformation of aspect, sine trans-
formation of aspect, topographic position index (TPI), terrain
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ruggedness index (TRI), and ground surface roughness (Hijmans and van
Etten, 2014; Wilson et al., 2007). In addition, a series of aboveground
point cloud metrics were derived using ground height-normalized data
(Table 1). All ALS data processing was performed in R using the lidR
library, with additional raster and vector data processing provided by
the raster, rgdal, and rgeos libraries (Bivand et al., 2021, 2020; Hijmans
and van Etten, 2014; R Core Team, 2018; Roussel et al., 2020).

Terrain, structural, and intensity metrics were combined and
compared to plot-level AGB estimates. However, given the large number
of predictor variables (n = 131), and the comparably small number of
plots (n = 65), we had to first perform a variable selection procedure. To
do this, we employed the use of the variable selection using random
forest (VSURF) algorithm of Genuer et al. (2015). This algorithm uses a
three-staged procedure that iteratively uses random forests to remove
variables that bear little relationship to the outcome variable (step 1),
variables that are not needed for accurate prediction (step 2), and finally
variables that are redundant (step 3). The resulting, parsimonious set of
predictor variables was then used to create a random forest model for
predicting AGB as a function of some combination of ALS structural and
intensity metrics using the randomForest library in R (Breiman, 2001;
Cutler and Wiener, 2018). To evaluate model performance, we used a
cross validation procedure implemented in the rfUtilities library by
Evans and Murphy (2019). This approach performs a bootstrapping
analysis, with 99 iterations, whereby 10% of the samples are randomly
selected and withheld for cross-validation on each iteration and
compared to a random forest model generated using the other 90% of
data. Variable importance was evaluated for the final model as a percent
increase in mean square prediction error that would result when a given
variable is removed from consideration. Models were evaluated ac-
cording to the proportion of variance explained (R? Eq. 1), the root
mean square error (RMSE; Eq. 2), the mean absolute error (MAE; Eq. 3),
and bias (Eq. 4), as follows:

Table 1

Plot-level ALS structural metrics generated from ground height-normalized
point cloud data used as predictor variables for local-scale AGB modeling.
With the exception of canopy cover (cc), which was derived from first returns
only, metrics were derived using all point returns. For a detailed description of
the distinction between vertical relative point density (vrd.x.y) and vertical
normalized relative point density (vard.x.y), please refer to Campbell et al.
(2018).

Abbreviation ~ Metric

cc Canopy cover: number of first returns at or above breast height (1.37
m) divided by total number of first returns

cd Canopy density: number of all returns at or above breast height
(1.37 m) divided by total number of all returns

p-x x height percentile of rank-ordered point heights from 5th to 100th
at a 5 percentile interval

mh Mean of all point heights

mh.ag Mean of aboveground point heights

sd Standard deviation of all point heights

sd.ag Standard deviation of aboveground point heights

skew Skewness of all point heights

skew.ag Skewness of aboveground point heights

kurt Kurtosis of all point heights

kurt.ag Kurtosis of aboveground point heights

vrd.x.y Vertical relative point densities between heights x and y: the number
of points between x and y divided by the total number of points
between 0 and 5 m in height (all points in a given area), for all height
ranges between 0 and 5 m at an interval of 0.5 m [[x = 0, y = 0.5], [x
=0.5y=1][...], [x=45,y =5]]

vnrd.x.y Vertical normalized relative point densities between heights x and y:

the number of the number of points between x and y divided by the
number of points between 0 and y (only points within height range
and below), for all height ranges between 0 and 5 m at an interval of
0.5m[[x=0,y=0.5], [x=0.5,y=1],[...], [x =4.5,y = 5]]

In addition, a suite a of intensity metrics was derived in order to take advantage
of the multispectral nature of the ALS data (Table 2).
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Cross-validation results were compared to the final model results to
assess whether or not overfitting occurred.

2.6. Regional-scale AGB modeling (ALS — Landsat/GEDI)

With a well-tuned, local-scale AGB predictive model, we were then
able to perform our second, regional-scale analysis. The goal of this
portion of the study is to use the modeled results of the local-scale
predictive model as reference data to build a regional-scale model,
enabling the mapping of woodland AGB throughout the entirety of
BENM. There were three main parts to this analysis: (1) comparing ALS-
derived AGB to GEDI waveform metrics for regional predictive
modeling; (2) comparing ALS-derived AGB to Landsat spectral metrics
for regional predictive modeling; and (3) comparing ALS-derived AGB to
both GEDI and Landsat metrics for regional predictive modeling. Each
part will be described below.

To compare ALS-derived AGB to GEDI data, we acquired GEDI data
and conducted all of the following processing steps in R using the rGEDI
library (Silva et al., 2020). All GEDI Level 1B (L1B), Level 2A (L2A), and
Level 2B (L2B) datasets that overlapped BENM (Fig. 1B) for the entire
year of 2019 were acquired. For a comprehensive description of these
datasets, please refer to Dubayah et al. (2020). Briefly, the L1B product
contains the footprint geolocation information, the L2A product con-
tains waveform relative height metrics, and the L2B product contains
derivative structural metrics from the L2A waveform, such as canopy
cover and plant area index. In all, data from 39 different dates in 2019
were acquired, totaling 283,312 individual GEDI footprints (Table S1).
Although some of the datasets represented winter conditions, which
could potentially present complications if there were snow on the
ground, a comparison to contemporaneous SNOTEL data from a nearby
site suggested that snow did not begin accumulating until after the last
GEDI date in 2019. In order to develop a regional-scale model, we
needed to compare GEDI metrics to ALS metrics. Accordingly, we
needed to create a subset of GEDI footprint points that fell within the
local-scale ALS data collection areas (Fig. 1C). To do this, we derived
footprint geolocations (as center points) from the L1B product, derived
L2A and L2B datasets based on the subset of footprints that fell within
the ALS data collection areas (n = 12,769). All L2A waveform relative
height metrics and L2B structural metrics were derived for each foot-
print (Table 3). For a complete description of how these metrics are
computed, please refer to Luthcke et al. (2019), Hofton and Blair (2019),
and Tang and Armston (2019).

Other diagnostic metrics were also retained, not for use as modeling
predictors, but for quality filtering, such as the degrade flag and quality
flag attributes. Only those unflagged footprints were retained for further
analysis, which eliminated approximately 40% of the regional-scale
footprints and 24% of the local-scale footprints, leaving 170,512
regional and 9707 local footprints for further analysis. GEDI waveform
footprints are approximately 25 m in diameter. Accordingly, in the
absence of any positional uncertainty, one could simply subset an ALS
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point cloud within a 12.5 m radius circular buffer around the footprint
center point to perform an ALS-GEDI comparison. Given the geolocation
uncertainty associated with GEDI footprints, however, which is reported
to be on the order of 15-20 m for the currently available data (GEDI
Science Team, 2020), we can assume that a 12.5 m radius ALS subset
would not necessarily align with the true GEDI footprint and associated
waveform metrics. We can also assume that, by using a larger radius for
extracting ALS data, we would be more likely to overlap the true GEDI
footprint location. However, it was unknown precisely what plot radius
would be most appropriate for ensuring a maximally-effective ALS-GEDI
comparison. We opted to test a series of different plot radii empirically,
as follows.

For each radius from 10 to 40 m at an interval of 0.5 m, we created a
circular buffer around GEDI footprint center points with that radius. We
then extracted ALS point cloud data within each buffer area, and
generated the same suite of structural and intensity metrics seen in
Tables 1 and 2. Those metrics were used in conjunction with the
previously-generated local-scale random forest predictive model to es-
timate AGB within each footprint area. The data were then split evenly
and at random into training and validation datasets. The training dataset
was used to develop a regional-scale random forest model using the
same variable selection and modeling procedure performed at the local
scale, described earlier, except now with the GEDI metrics as predictors
(Table 3). The model was then applied to the validation data in order to
facilitate a direct comparison between the reference AGB (as modeled by
ALS data) and the newly-predicted AGB (as modeled by the GEDI data).
It is important to note that, although we are using the term “validation
data”, because the validation data themselves are the product of a
modeling effort and, as such, have inherent uncertainty, the raw vali-
dation results should be evaluated cautiously. In Section 2.8 we describe
how we address uncertainty in the validation data to attain a more
robust estimate of regional-scale model performance. On each iteration,
the variable importance was extracted and compiled to determine which
GEDI metrics were best for predicting AGB across the range of radii
tested.

A 30 m footprint radius was chosen for use in further investigation.
This is partly reflective of the results gleaned from the previous analysis,
discussed later, but also partly reflective of some additional spatial
considerations (Fig. 4). First, GEDI footprint center points have an along-
track separation of 60 m. Accordingly, extracting ALS data within a
buffer larger than 30 m would result in some of the same ALS data being
used in the prediction of AGB in adjacent GEDI footprints (Fig. 4A).
Second, this radius agrees with the reported geolocational uncertainty of
the GEDI footprint geolocation (15-20 m). Adding these uncertainty
bounds to the nominal footprint radius of 12.5 m, this produces a
footprint boundary geolocational uncertainty range of 27.5 m and 32.5
m, the average of which is 30 m (Fig. 4B). Third, a 30 m radius facilitates
a direct comparison to the Landsat data, because, like GEDI, Landsat 8
OLI data also have a degree of positional uncertainty (approximately 12
m, per Storey et al., 2014). Thus, it is good practice to use a 3 x 3 pixel
area, rather than a single pixel, as a basis of comparison between
reference data and Landsat pixel values (Congalton and Green, 2008). A

Table 2
Plot-level ALS intensity metrics generated from ground height-normalized point
cloud data used as predictor variables for local-scale AGB modeling.

Abbreviation ~ Metric

mi.by Mean of all point intensities in band y for each of the three bands

mi.by.ag Mean of aboveground point intensities in band y for each of the three
bands

sd.by Standard deviation of all point intensities in band y for each of the
three bands

sd.by.ag Standard deviation of aboveground point intensities in band y for
each of the three bands

pi.by.x xth intensity percentile of rank-ordered point percentiles from 5th to

100th at a 5 percentile interval in band y for each of the three bands




M.J. Campbell et al.

Table 3

GEDI L2A and L2B metrics generated from geolocated footprints used as pre-
dictor variables for regional-scale AGB modeling. For description of how these
metrics were derived, please refer to Luthcke et al. (2019), Hofton and Blair
(2019), and Tang and Armston (2019).

Product  Abbreviation Metric
L2A rhx Relative waveform height at the xth percentile for
every percentile between 0 and 100 at an interval of 1
percentile
L2B cover Total canopy cover
L2B elev. Elevation of the highest waveform return
highestreturn
L2B elev. Elevation of the lowest waveform “mode”, or
lowestmode waveform peak
L2B fhd.normal Foliage height diversity index normalized by plant
area index
L2B pai Plant area index
L2B pgap.theta Total gap probability

30 m radius enforces this 3 x 3 pixel area comparison process (Fig. 4C).

Using this 30 m radius, three regional-scale AGB predictive models
were generated: (1) using GEDI data alone; (2) using Landsat data alone;
and (3) using a combination of GEDI and Landsat data. The first pre-
dictive model was already created in the previously-described iterative
process. In order to generate the Landsat-based model, Landsat 8 OLI
data were acquired for three different cloud-free dates in 2018: May 8th,
representing early growing season conditions, June 25th, representing
peak of growing season, and September 13th, representing early
senescence. Two Landsat tiles were needed for each date to cover the

A
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entirety of BENM (path 36, rows 33 and 34). The data were processed by
the United States Geological Survey Earth Resources Observation and
Science Center to surface reflectance using the Land Surface Reflectance
Code (LaSRC) algorithm (Vermote et al., 2016). In addition to the raw
spectral reflectance data, we also generated a suite of vegetation indices
(Table 4). The Landsat modeling procedure mirrored that of GEDI,
except Landsat spectral reflectance and vegetation indices, computed as
3 x 3 pixel mean values surrounding each footprint, were used as pre-
dictors of AGB instead of GEDI waveform metrics.

Finally, a regional-scale AGB model was created by combining all of
the possible GEDI predictors and all of the Landsat predictor variables
together. The same modeling procedure was once again applied. Com-
parisons of model fit, predictive error, and bias statistics were made
between the GEDI-only model, the Landsat-only model, and the GEDI-
Landsat combined model. Variable importance between these three
models was also compared to reveal which among the three pools of
predictor variables was most important for modeling AGB.

Of the three modeling approaches, the Landsat-only approach is the
only one that enables direct, study area-wide estimation of total AGB.
Although one of GEDI’s explicit mission goals is to map vegetation
biomass, its discrete, footprint point-based sampling scheme does not
enable spatially-exhaustive AGB estimates. There are a number of GEDI
upscaling/interpolation techniques that are being applied to overcome
this limitation (Dubayah et al., 2020; Saarela et al., 2018), but they are
beyond the scope of this study. Thus, to estimate total AGB throughout
BENM, we used the Landsat-only predicted values subset to the extent of
PJ woodlands within AGB.

Footprint
Center

GEDI Track

Fig. 4. Justification for selecting 30 m footprint radius: (A) to avoid overlap between sequential GEDI footprints; (B) to fall in between the reported geolocation
uncertainty error bounds; and (C) to ensure that 3 x 3 Landsat pixels are overlapped.
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Table 4
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Vegetation indices generated from Landsat 8 OLI imagery used as AGB predictor variables in this study, with abbreviations, formula, and sources. SWIR; and SWIR, are

Landsat 8 bands 6 and 7, respectively.

Index Abbreviation Formula Source

Normalized Difference Vegetation Index NDVI (NIR — Red) Rouse (1974)
(NIR + Red)

Enhanced Vegetation Index EVI 25 x (NIR — Red) Liu and Huete (1995)

) (NIR 4+ 6 x Red — 7.5 x Blue + 1)
Near Infrared Reflectance of Vegetation NIRy NIR x NDVI Badgley et al. (2017)
Soil Adjusted Vegetation Index SAVI 15 x (NIR — Red) Huete (1988)
7 (NIR + Red + 0.5)
Modified Soil Adjusted Vegetation Ind MSAVI ietal (1994
oditied sotl Adjusted Vegetation Index <2><NIR+1—\/(2><NIR+1)2—8><(NIR—Red)) Qietal. (1994)
2

Normalized Difference Moisture Index NDMI (NIR — SWIRl) Hardisky et al. (1983)
NIR + SWIR,

Normalized Burn Ratio NBR NIR — SWIR, Key and Benson (1999)
(NIR + SWIRz)

Normalized Burn Ratio 2 NBR2 SWIR; — SWIRZ) Miller and Thode (2007)
(SWIR; + SWIR,)

Tasseled Cap Brightness TCB 0 3029 x Blue + 0.2786 x Green + 0.4733 x Red Baig et al. (2014)
+0.5599 x NIR + 0.5080 x SWIR; + 0.1872 x SWIR,

Tasseled Cap Greenness TCG —0.2941 x Blue — 0.2430 x Green — 0.5424 x Red Baig et al. (2014)
+0.7276 x NIR + 0.0713 x SWIR; — 0.1608 x SWIR,

Tasseled Cap Wetness TCW 0.1511 x Blue + 0.1973 x Green + 0.3283 x Red Baig et al. (2014)

+0.3407 x NIR — 0.7117 x SWIR; — 0.4559 x SWIR,

2.7. Testing the role of ancillary data in regional model performance

Although the primary focus of our regional-scale modeling process is
a comparison between Landsat and GED], it is possible that the incor-
poration of ancillary spatial data may improve the ability to accurately
map AGB. This is particularly true in the PJ woodland ecosystem, where
environmental and climate gradients are major drivers of AGB. To
explore the extent to which climate and topography affect regional-scale
model performance, we acquired a variety of 30-year average climate
data from PRISM (PRISM Climate Group, Oregon State University,
2019), including annual and monthly precipitation totals, daily mean,
maximum, and minimum temperatures, mean dewpoint temperatures,
and minimum and maximum vapor pressure deficits, each of which was
generated at a spatial resolution of 800 m. We also acquired 30 m spatial
resolution digital elevation model data from the USGS, from which we
derived a suite of topographic metrics including elevation, slope, cosine
transformation of aspect, sine transformation of aspect, topographic
position indices at a range of radii, and topographic wetness index. All of
these climate and topographic variables were added as potential pre-
dictors to the three regional-scale predictive models (GEDI, Landsat, and
GEDI + Landsat) and evaluated for model performance.

2.8. Regional-scale uncertainty analysis

In the three regional-scale models, it is important to consider the
compounding error that results from the use of scaled modeling ap-
proaches, where the erroneous predictions of one model are used as the
reference data for another model (Duncanson et al., 2019). One
approach to quantifying the propagation of error is to use the framework
proposed by Saatchi et al. (2011), where total error (&) is computed
as the root-sum-square of error estimated in each model (Eq. 1):

Eroral = 4/ Elocal® + Eregional® )

where gjycq is a measure of local (scale 1) model error such as MAE, and
Eregional 1S @ measure of regional (scale 2) model error in the same units.
Although this relatively simple approach to quantifying uncertainty has
been applied in similar studies that feature nested, scaled modeling
analyses (e.g., Asner et al., 2018, 2013; Saatchi et al., 2011), it is merely
an estimate of error, given that the data that we are using for validation
purposes are also modeled (rather than measured) data. In the absence
of a truly independent validation dataset, it is difficult to provide a
robust measure of accuracy or error for our regional-scale model. And

even with an independent, field-measured dataset, the positional un-
certainty of GEDI data makes direct comparison between field data and
satellite data particularly challenging. However, we can leverage the
uncertainty information contained within our local-scale predictive
model to estimate the uncertainty of the predictions.

Random forests are an ensemble machine learning tool composed of
many individual decision trees (Breiman, 2001). When working in a
regression (rather than classification) environment, the predicted values
from a random forest represent the mean of predictions among all of the
decision trees. By averaging out the results of individual trees, random
forests ideally produce more robust predictions that are less subject to
noise and outliers than any of the individual decision trees that comprise
the forest. However, contained within those trees is the inherent un-
certainty of individual predictions. Predictions that are very consistent
throughout the forest’s decision trees are thought to be made with less
uncertainty (higher confidence) and vice versa (Coulston et al., 2016).
This is the same principle that underlies quantile regression forests
(Meinshausen, 2006; Vaysse and Lagacherie, 2017), and is akin to a
prediction interval in parametric statistics (e.g., multiple linear regres-
sion). Thus, by calculating the variability of predictions among the in-
dividual decision trees, one can estimate prediction uncertainty.
Likewise, if random forests are used as the basis of predicting reference
data for a subsequent modeling procedure, such as the scaled analysis in
this study, then the uncertainty associated with the first model can be
propagated through to the second model.

To do this, we performed the following analysis. The local-scale
random forest model was generated using 10,000 trees. For each of
the three regional-scale models, we randomly selected 100 of those
local-scale decision trees. Each decision tree was then used to predict the
AGB values for a random subsample of 2000 points from the regional-
scale reference data. These points were split equally into training (n
=1000) and validation (n = 1000). The training data were used to build
regional-scale random forest models and the validation data were used
to assess model performance. In all, this resulted in 300 models: 100
GEDI models, 100 Landsat models, and 100 GEDI + Landsat models.
Each model was used to predict biomass throughout all PJ woodlands in
BENM. As a result of this Monte Carlo approach, we could calculate
several measures of uncertainty. First, we calculated the mean and
standard deviation of the model fit and error metrics associated with
each iteration (R2, RMSE, MAE). In effect this gave us an estimate not
only of the scaled model performance, but also of the uncertainty of that
performance metric. Second, we calculated the standard deviation of all
of the predictions that resulted from the regional-scale models. This
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provided us with a spatially-explicit estimate of uncertainty, as every
GEDI footprint or Landsat pixel within BENM was attributed with not
only a single predicted value, but also a standard deviation of those
predictions. Lastly, in addition to a singular estimate of total AGB within
BENM derived from the Landsat-only regional model (described in
Section 2.6), this iterative approach allowed us to calculate a range of
estimates. To do this, we took the 5th and 95th percentile AGB estimates
on a per-pixel basis and derived BENM-wide estimates of these uncer-
tainty bounds.

2.9. Regional-scale spatial autocorrelation analysis

Adjacent GEDI footprints, which were the spatial units that served as
the reference data locations for our regional model, can be as close as 60
m to one another. Thus, it is possible in our random selection of training
and validation reference points that one of these adjacent points is being
used to train a model and the other is being used to assess the accuracy of
that model. This violates the assumption of independence between
training and validation data, as the proximity of these two points almost
certainly means that they are spatially-autocorrelated with respect to
AGB (Chen et al., 2019; Ploton et al., 2020). To test the effects of spatial
autocorrelation on model performance, we performed a BLOOCV anal-
ysis on each of the three regional-scale models, as follows. A random
point from the reference data was selected. This point would serve as the
leave-one-out validation sample. This point was then buffered by a given
distance. A random selection of 1000 other reference points that did not
overlap that buffer were used to build a random forest-based AGB pre-
dictive model. The model was then applied to the validation point and
compared to its reference value. This was repeated 500 times for every
buffer distance between 500 m and 20,000 m at an interval of 500 m.
Model fit and error metrics (Rz, RMSE, and MAE) were computed among
the 500 iterations at each radius and compared among the range of radii
to determine the effect of spatial autocorrelation on model performance.

3. Results
3.1. Local-scale AGB modeling (Field — ALS)

The first of the two modeling scales compared field-based, plot-level
estimates of AGB to a suite of ALS structural and intensity metrics in the
hopes of being able to predict and map AGB on the local scale. This
predictive model was able to account for 74% of variance in AGB, with a
RMSE of 14 Mg/ha, a MAE of 11.09 Mg/ha, and a bias of —0.38 Mg/ha
(Fig. 5). The cross-validation results were very similar (Rzmediam =0.73;
RMSEnedian = 13.79 Mg/ha; MAEedian = 10.74 Mg/ha; biasyedian =
—0.54 Mg/ha), suggesting that the model is fairly robust and is not
overfitting the data.

The VSURF variable selection procedure resulted in a very parsi-
monious model, reducing the 124 possible predictor variables down to
only four. In order of decreasing variable importance, they are cd
(canopy density), vrd.0.50 (vertical relative ALS point density between
0 and 0.5 m in height above the ground), mh (mean height of ALS
points), and mi.b2 (mean intensity of band 2) (Fig. 6). Of the four vari-
ables, the first three are structural, and only the fourth is intensity-based.
Interestingly, the band selected (band 2), which represents intensity in
the near-infrared band, is at the wavelength most common to single-
wavelength ALS instruments. And the fact that intensity in only one of
the three ALS bands in our point cloud data was selected for prediction
suggests that the multispectral nature of the ALS dataset did not improve
the capacity for AGB mapping.

Unlike traditional regression techniques, random forests are non-
parametric in nature, and thus do not produce a model with simple,
easily-interpreted coefficients that can provide insight into the magni-
tude and direction of the relationship between dependent and inde-
pendent variables. However, one commonly-applied approach to
quantifying the nature of those relationships is through the evaluation of
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Fig. 5. Results of local-scale AGB modeling, comparing field-measured AGB to
ALS-modeled AGB.
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Fig. 6. Local-scale variable importance, as measured by the percent increase in
mean squared prediction error (MSE) when a variable is removed from the
random forest modeling process. Abbreviations: cd = canopy density; vrd.0.50
= vertical relative ALS point density between 0 and 0.5 m in height above the
ground; mh = mean height of ALS points; mi.b2 = mean intensity of band 2.

partial dependence (Canovas-Garcia et al., 2017). Partial dependence
provides insight into the effect of individual predictor variables on the
outcome variable while accounting for the effects of the other model
predictors (Arribas-Bel et al., 2017). The partial dependence plots for
each of the four most important predictor variables in our local-scale
model can be seen in Fig. 7. As cd increases, so too does AGB, which
suggests that a higher density of ALS point returns above breast height is
associated with greater AGB. As vrd.0.50 increases, AGB decreases,
meaning that a greater relative proportion of low-lying points is linked
to higher AGB totals — this is essentially the inverse of the cd-AGB
relationship. As mh increases, so too does AGB, suggesting that taller
vegetation is associated with greater AGB. Lastly, as mi.b2 increases,
AGB decreases. In the passive remote sensing realm, one might expect
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Fig. 7. Partial dependence of the four ALS-derived variables selected for predicting AGB at the local scale. Abbreviations: cd = canopy density; vrd.0.50 = vertical
relative ALS point density between 0 and 0.5 m in height above the ground; mh = mean height of ALS points; mi.b2 = mean intensity of band 2.

that higher AGB environments would possess higher near-infrared
reflectance, as healthy foliage tends to strongly reflect wavelengths in
that range. However, with ALS data, intensities are as much of an in-
dicator of the surface geometry as they are the spectral characteristics of
the surface. Thus, pulses interacting with multiple-scattering tree can-
opies, are more likely to scatter and produce lower return intensities
than pulses interacting with the ground surface. Accordingly, more
densely vegetated plots with more tree canopy cover, will likely produce
lower ALS intensities.

3.2. Regional-scale AGB modeling (ALS — GEDI/Landsat)

The results of the local-scale AGB modeling effort were used as the
basis of generating training and validation data for the regional-scale
AGB modeling procedure. Three different models were produced, rep-
resenting AGB predicted using GEDI data alone (Fig. 8A), using Landsat
data alone (Fig. 8B), and using a combination of GEDI and Landsat data
(Fig. 8C). The GEDI-only model produced the weakest results of the
three (R = 0.68; RMSE = 10.6 Mg/ha; MAE = 7.87 Mg/ha; bias = 0.04
Mg/ha). The Landsat-only model produced results of intermediate
quality (R? = 0.87; RMSE = 6.86 Mg/ha; MAE = 4.98 Mg/ha; bias =
0.08 Mg/ha). The combined model produced the best results (R2 =0.89;
RMSE = 6.44 Mg/ha; MAE = 4.64 Mg/ha; Bias = 0.08 Mg/ha).

Unlike the local-scale AGB predictive model, where only four vari-
ables were selected, the three regional scales produced much more
complex models, likely due to the large number of samples used to

generate them and the associated ability to capture much more nuanced
relationships between AGB and the predictors (Fig. 9). The GEDI-only
model featured high importance of the two elevation variables (elev.
highestreturn and elev.lowestmode), which makes sense in this semiarid
region, where low elevations are much hotter and drier and cannot
support as much AGB as higher, cooler, moister areas. The third and
fourth most important predictor variables were also L2B metrics, sug-
gesting that derivative products tend to be more useful than the more
raw relative height data contained within the L2A metrics. Among the
relative height metrics, there appears to be bimodal importance, such
that high relative heights (e.g., rh88-rh100) and low relative heights (e.
g., rh1-rh3) are important predictors of AGB, whereas intermediate
heights are less so. Recall, however, that these results are from only a
singular footprint radius (30 m). A more robust look into the variable
importance of GEDI metrics that was gleaned from the iterative footprint
size test is described later on. With respect to the Landsat-only model, a
large number of predictors (n = 24) were selected for modeling regional
AGB. There is no clear pattern among which image date (early, middle,
or late season) was most important, although the selection of important
variables from all three dates suggest that there is value in incorporating
image data captured in different portions of the growing season. There
was a clear pattern among which vegetation indices are most useful for
predicting AGB. Specifically, NBR, NBR2, and NDMI make up all of the
top 6 most important predictors. This points to the utility of longer
wavelengths (near infrared-shortwave infrared) for predicting AGB in PJ
woodlands. Although the combined model only slightly outperformed
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Fig. 8. Results of regional-scale AGB modeling, comparing ALS-modeled AGB to (A) GEDI-modeled AGB, (B) Landsat-modeled AGB, and (C) GEDI and Landsat

modeled AGB. Data shown represent the validation dataset.

10



M.J. Campbell et al.

Remote Sensing of Environment 262 (2021) 112511

A nbr2.20180913
elev.highestreturn . nbr2.20180508
ndmi.20180508
elev.lowestmode . ——
e p— . nbr.20180508
ndmi.20180913
pgap.theta . evi.20180625
b6.20180625
L rhog . b1.20180625
S tcw.20180913
& Mo ¢ tcw.20180508
> b3.20180913
[ rh1 .

S b1.20180913
%’ th3 o ndvi.20180625
) ndvi.20180508
a  rhes . b5.20180913
b6.20180913
rh2 o b2.20180625
ndvi.20180913
o3 ¢ b2.20180913
i . b7.20180625
b7.20180913
thos . b7.20180508
b4.20180625

T T T

25 30 35

. rh97
. rh99
elev.lowestmode .
elev.highestreturn .
evi.20180913 .
nbr2.20180913
i nbr2.20180508 .
i evi.20180508
ndmi.20180508 .
nbr.20180625 L4
nbr.20180508 L
ndmi.20180913 .
evi.20180625 .
ndvi.20180625
tcw.20180625
ndvi.20180508
b1.20180913
nbr.20180913
tcw.20180508
ndvi.20180913
b1.20180508
tcw.20180913
b1.20180625 .
b7.20180508
b7.20180625
b4.20180625 .
b7.20180913 .

T
15

T ! T T T T T T T T T
20 25 30 35

% Increase in MSE (Variable Importance)

Fig. 9. Regional-scale variable importance, as measured by the percent increase in mean squared prediction error (MSE) when a variable is removed from the
random forest modeling process. For variable abbreviations and descriptions, refer to Tables 1, 2, 3, and 4.

the Landsat-only model, clearly the addition of GEDI metrics improved
the ability to predict AGB, given that the top four most important var-
iables in the combined model are GEDI metrics.

An example of the application of all of the previously-described AGB
predictive models can be seen in Fig. 10. The area shown represents one
of the five ALS data extent areas shown in Fig. 1C, featuring a diversity
of vegetation and terrain conditions, as evident in the high spatial res-
olution aerial image in Fig. 10B. The results of the local-scale, ALS-
driven model can be seen in Fig. 10C, applied at a 30 m spatial resolu-
tion. Note the fact that within the ALS extent there is spatially-
exhaustive coverage of AGB estimates, but that limited extent pre-
cludes broader-scale AGB estimation. The results of the regional-scale,
Landsat-driven model can be seen in Fig. 10D. The general spatial pat-
terns of the Landsat-driven model mirror those of the ALS-driven model,
although local-scale AGB variability appears to be lower in the Landsat
model. Fig. 10C and E represent the GEDI-only and GEDI/Landsat
combined modeling results, respectively. Like the Landsat-only model,
AGB can be mapped on a broader, regional basis, but unlike the ALS and
Landsat models, the results can only be applied at an individual footprint
level. A close examination can reveal subtle differences between the
GEDI-only and GEDI/Landsat combined model results, but their overall
AGB trends are very similar and are also in line with the ALS and
Landsat-only results. As discussed in the Section 2.6, the Landsat-only
model is the only model that allows for direct, BENM-wide estimation
of AGB. According to LANDFIRE, there is 2734 km? of PJ woodlands in
BENM (45% of the entire Monument area). The mean AGB density
among these woodlands is 34.38 Mg/ha. When summed throughout
BENM, there is an estimated 9.4 Tg of PJ woodland AGB in total.

3.3. GEDI footprint size and variable importance

An empirical comparison of the effect of simulated footprint size on
model fit and error can be seen in Fig. 11. The trend is very clear —
increasing the footprint size increases the model fit and decreases the
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model error. Interestingly, though, the trend is logarithmic, such that the
difference in model quality between 10 and 20 m footprint radii is much
greater than the difference in model quality between 30 and 40 m
footprint radii. Beyond a radius of 30 m, for example, even though the
model quality still increases, the increases are minimal. When combined
with the additional considerations presented in Fig. 4, this motivated
our selection of 30 m as a suitable basis of operation for scaling between
ALS, GEDI, and Landsat data.

As mentioned earlier, the iterative nature of the footprint size test
yielded 61 separate ALS-GEDI scaling models, each generated using
random forests with variable selection. This enabled us to inquire into
the variable importance in perhaps a more robust way than a single
predictive model, in order to better understand which GEDI metrics are
most useful for predicting AGB in woodland ecosystems (Fig. 12). In
terms of both the number of times they were selected and their average
importance, the two elevation L2B metrics (elev.highestreturn and elev.
lowestmode) were very important for predicting AGB. Again, in this
precipitation-limited ecosystem, higher elevation tends to be associated
with greater precipitation totals and retention. Similarly, high relative
heights (e.g., rh80-rh100) tended to show up in a lot of models and have
high importance, which makes sense given that taller and denser stands
with higher AGB should produce higher relative height metrics.
Although low relative heights (e.g., rh0-rh10) showed up in a lot of
models, their importance was relatively low. This suggests that they are
useful for explaining some minor amount of variance in AGB, but their
omission would not dramatically alter the model results.

3.4. The role of ancillary data in regional model performance

As can be seen in Fig. 10, the distribution and abundance of vege-
tation throughout the study area in this region is both spatially-
heterogeneous and controlled heavily by abiotic factors, such as
topography and climate. Accordingly, when we included climate and
topography data into the three regional-scale models, model
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Fig. 10. Example application of local-scale and regional-scale AGB modeling for a portion of the study area featuring diverse terrain and vegetation structure within
BENM (A), including an aerial image from the USDA National Agricultural Inventory Program (B), the ALS-modeling results (C), GEDI-only modeling results (D),
Landsat-only modeling results (E), and GEDI/Landsat combined modeling results (F). All model results (C—F) are applied only in areas classified as PJ woodlands,
according to LANDFIRE (LANDFIRE, 2020). GEDI footprints (E & F) are enlarged to facilitate visual interpretation.

performance increased. The GEDI-only model saw the greatest
improvement in model performance with the inclusion of these ancillary
predictors, with the R? increasing from 0.69 to 0.80 (16% improvement)
and RMSE decreasing from 10.60 Mg/ha to 8.62 Mg/ha (19%
improvement). The Landsat-only model saw moderate improvement,
with the R? increasing from 0.87 to 0.90 (3% improvement) and RMSE
decreasing from 6.86 Mg/ha to 6.20 Mg/ha (10% improvement). The
combined model saw the least improvement, with the R? increasing
from 0.89 to 0.90 (1% improvement) and RMSE decreasing from 6.44
Mg/ha to 6.09 Mg/ha (5% improvement).

3.5. Regional-scale uncertainty

We considered regional uncertainty in two ways. The first, relatively
simple, albeit statistically-limited approach is using Eq. 5., the results of
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which can be seen in Table 5.

The results of the second approach, which used Monte Carlo sub-
sampling of decision trees from the local-scale random forest and
propagated their uncertainty through to the reference data of the
regional scale models, can be seen in Table 6. Comparing the uncertainty
means (e€mean) from Table 6 to the total propagated uncertainty estimates
(&total) from Table 5 reveals that the relatively simpler root-sum-squared
approach for calculating propagated uncertainty results in higher esti-
mates of uncertainty (poorer apparent regional scaled model perfor-
mance). One benefit of the more nuanced, decision tree-based approach
for scaling uncertainty is that it allows for the calculation of standard
deviation of the uncertainty metrics (e54). Taking these into account, we
can see that the simpler uncertainty propagation metrics from Table 5
are within 2 standard deviation of the mean propagated RMSE and MAE
from Table 6. Another benefit is that it allows for the propagation of
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Fig. 11. The effect of footprint size on regional-scale AGB model quality, in terms of variance explained (left) and root mean squared error (right).
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Fig. 12. Aggregated variable importance for GEDI-based regional AGB prediction from the 61 iterations (10-60 m by 0.5 m interval) on different footprint radii, in
terms of the number of times variables were selected in the final predictive model (left) and the mean variable importance of those variables (right).

uncertainty in variance explained (R?), which the room-sum-squared
approach from Eq. 5 does not. Given the widespread use of R? as a
metric for model performance in the AGB mapping literature, this en-
ables more direct comparison between the results of various studies.

A third benefit of the decision tree subsampling approach is that, in
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addition to overall model performance metrics, it provides uncertainty
estimates at the individual prediction level, as approximated by the
standard deviation of predicted values (Fig. 13). Generally, prediction
uncertainty is highest in areas with highest predicted AGB, which is to
be expected. However, some interesting patterns of uncertainty
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Table 5
Results from the first uncertainty propagation analysis for the three regional
models based on Eq. 5.

Model Metric  €jocat (Mg/ha)  Eregionat (Mg/ha)  goral (Mg/ha)
GEDI-only RMSE 14.00 10.60 17.56

MAE 11.09 7.87 13.60
Landsat-only RMSE 14.00 6.86 15.59

MAE 11.09 4.98 12.16
Landsat + GEDI RMSE 14.00 6.44 15.41

MAE 11.09 4.64 12.02

Table 6

Results from the second uncertainty propagation analysis for the three regional
models based on subsampling of decision trees from the local-scale random
forest model, including the mean and standard deviation of uncertainty esti-
mates derived from 100 iterations.

Model Metric €mean €sd
GEDI-only R? 0.49 0.06
RMSE 16.01 Mg/ha 1.6 Mg/ha
MAE 12.14 Mg/ha 1.28 Mg/ha
Landsat-only R? 0.66 0.05
RMSE 13.08 Mg/ha 1.61 Mg/ha
MAE 9.71 Mg/ha 1.3 Mg/ha
Landsat + GEDI R? 0.68 0.06
RMSE 12.71 Mg/ha 1.66 Mg/ha
MAE 9.40 Mg/ha 1.37 Mg/ha

emerged, particularly in the Landsat-only and combined Landsat + GEDI
model results (Fig. 13 C & D). A close review of the spatial patterning of
uncertainty in comparison to aerial imagery suggested that the back-
ground soil reflectance characteristics were driving some of the pre-
dictive uncertainty. The high-uncertainty patches in Fig. 13C correspond
very closely to the dark red soils seen in the aerial image (Fig. 13A).
Cross-referencing with local geologic data reveals that these areas are
part of the Moenkopi Formation, which is dominated by reddish-brown
mudstone, sandstone, and siltstone. Background soil reflectance is a
known challenge in mapping vegetation structure and condition in
sparsely-canopied ecosystems such as PJ woodlands (Campbell et al.,
2020; Huete, 1988; Qi et al., 1994; Smith et al., 2019). The GEDI-only
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model, however, does not appear to be affected by soil color, as evi-
denced by the lack of correspondence between the spatial distribution of
reddish soils in Fig. 13A and predictive uncertainty in Fig. 13B.

Lastly, the iterative approach allows for calculation of uncertainty
bounds on total AGB prediction. As discussed in Sections 2.6 and 3.2, the
Landsat-only model is the only of the three regional-scale models that
allows for direct AGB estimation throughout BENM. Whereas the total
AGB estimate from the complete Landsat-only model was 9.4 Tg, the
iterative analysis allowed us to compute estimates of the 5th and 95th
percentiles of total AGB, which were 7.5 Tg and 12.0 Tg, respectively.

3.6. Regional-scale spatial autocorrelation

The results of the BLOOCV analysis aimed at assessing the effects of
spatial autocorrelation on model performance can be seen in Fig. 14. As
the buffer distance increases, model performance decreases. In other
words, when models are built with training data that are more distant
from the data that are being used to validate the model, apparent model
quality decreases. This is largely to be expected — calibrating a model in
one place and applying it far away will almost always yield worse results
than applying it close by. However, even with a buffer distance of 20 km
- that is, even when training data and validation data are no closer than
20 km within our study area — the model performance metrics still
suggest moderate strength. Particularly in the case of the combined
GEDI and Landsat model, even at extreme buffer distances, the R? values
are above 0.7. This suggests that our regional modeling procedure is
fairly robust to the effects of spatial autocorrelation.

4. Discussion

Here, we leveraged data fusion techniques with Landsat and GEDI to
model AGB in woodland ecosystems. We found: (1) Landsat alone is
better than GEDI alone; and (2) Landsat and GEDI combined is better
than either individually. These results might seem counterintuitive,
particularly given the fact that AGB mapping is one of GEDI's main
purposes. However, we believe this is attributable to a few possible
factors. First, we suspect that the footprint size and waveform sensitivity
of GEDI pose challenges for mapping AGB in woodlands with relatively
sparse cover and short trees. In such environments, it may be difficult for

Fig. 13. Example results from the regional-scale AGB uncertainty mapping process depicting the same area as in Fig. 10, including an aerial image (A), the standard
deviation of AGB predictions for the GEDI-only model (B), from the Landsat-only model (C), and from the combined GEDI and Landsat model (D).
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Fig. 14. Results of BLOOCV analysis to determine the effects of spatial autocorrelation on model performance, as approximated by RMSE and R, at a range of buffer
radii for regional AGB modeling using GEDI (A), Landsat (B), and GEDI and Landsat (C).

GEDI's algorithms to distinguish between the ground surface and
vegetation, particularly in diverse terrain. Further research in similarly-
structured ecosystems is required to test this hypothesis. Second, there
was a time discrepancy between the three remote sensing datasets used
in this study. The ALS and Landsat data were both captured in 2018,
making them the most directly comparable. The data from GEDI, due to
its launch in late 2018, had to come from the following year, 2019.
Although one year should ordinarily have a relatively minimal effect on
AGB comparisons, an exceptional drought in this region during 2018
actually triggered a significant mortality event in these woodlands
(Campbell et al., 2020; Kannenberg et al., 2021). In this event, nearly
39% of PJ experienced some degree of mortality, with localized patches
of high canopy mortality being localized to only approximately 1% of
the region. Although woody AGB would not have been altered between
2018 and 2019, significant foliage loss could result in some ALS-GEDI
disagreement. It is currently unknown how the presence of an abun-
dance of dead AGB within a GEDI footprint will affect waveform metrics.
Future research should aim to explore the relationship between mor-
tality and GEDI-AGB modeling. Lastly, the biomass in pinon and juniper
trees is less sensitive to tree height as it is to other biometrics such as
stem diameter and crown area (Sprinkle and Klepac, 2015). This acts as
a disadvantage to a sensor such as GEDI, whose waveform provides a
direct measure of vegetation height, and an advantage to multispectral
sensors such as Landsat, whose pixel reflectance is more closely linked to
canopy cover rather than canopy height. Accordingly, it is conceivable
that in other woodland types that feature trees with greater variability in
height, GEDI would outperform Landsat. Even taking these factors into
account, GEDI was still able to explain nearly half of regional-scale AGB,
factoring in uncertainty propagation from the local scale, which is quite
good in comparison to the existing literature (e.g., Huang et al., 2009;
Saarela et al., 2018).

The impressive performance of Landsat, both alone and in combi-
nation with GEDI data, is also worth noting. It is known that Landsat 8
OLI, and other passive spectral remote sensing sensors, can reach a
saturation point in densely-vegetated environments, limiting the ca-
pacity for accurate AGB quantification. However, in relatively sparsely-
treed woodland ecosystems, this saturation point is likely not met
(Huang et al., 2010). In addition, whereas in many forested ecosystems,
vegetation height is a good proxy for AGB, the relatively small differ-
ences in height between high AGB and low AGB PJ woodlands in
particular suggests that multispectral remote sensing, whose measure-
ments are more closely tied to canopy cover rather than canopy height,
may be well-suited for woodland AGB mapping. That being said, the
relative importance of GEDI metrics in the combined GEDI-Landsat
model suggest that a combination of elevation, height, and spectral
response provides the best opportunity for accurate AGB quantification.
This highlights the importance of our study focusing on woodland
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settings. While other studies have demonstrated success in scaled
modeling between ALS and satellite data in tropical (Asner et al., 2018;
Xu et al., 2017) and boreal (Luther et al., 2019; Zald et al., 2016) en-
vironments, our results highlight the relative strengths and weaknesses
of different satellite sensors in a structurally-distinct but globally-
widespread ecological setting. Our results suggest that longer wave-
lengths such as those in the shortwave infrared range are useful for
quantifying AGB in PJ woodland. The two most important variables in
the Landsat-only model were NRB2, one from early growing season and
one from late, both of which rely exclusively on Landsat 8 OLI's two
shortwave infrared bands (Table 4). This is consistent with previous
research that found change in NBR2 to be a good predictor of PJ canopy
mortality (Campbell et al., 2020). It also aligns with previous work
suggesting that spectral indices based on shorter wavelengths such as
NDVI do not perform as well in dryland woodland settings due to their
structural complexities (Norris and Walker, 2020; Smith et al., 2019;
Yang et al., 2012). The fact that data from multiple Landsat image
acquisition dates were present in the final variable selection highlights
the importance of accounting for vegetation phenology in the AGB
prediction process. Although pinon and juniper trees are evergreen co-
nifers, and thus their spectral characteristics are somewhat consistent
throughout a growing season, the high exposure of understory shrubs
and grasses through the sparse canopies can have significant effects on
spectral response (Norris and Walker, 2020; Smith et al., 2019).

Incorporating GEDI into our regional model provided minimal im-
provements in accuracy over using Landsat alone. Moderate resolution
multispectral data (e.g., Landsat, Sentinel-2) may have similar advan-
tages over GEDI in other open-canopy woodland environments. More
work is needed to determine the ranges of structural parameters that
produce accurate modeling with Landsat alone versus GEDI or a com-
bination of GEDI and Landsat. While Landsat alone may prove sufficient
for open-canopy woodlands, mapping AGB in higher biomass forests is
likely to require GEDI or a combination of GEDI and Landsat data.

It is worth considering the results for our local-scale modeling pro-
cedure in the context of other studies who have modeled woodland
biomass using ALS data under an area-based approach analytical
framework. The most directly-comparable, unitless, and frequently-
reported statistic for model fit is that of the percent variance
explained by the predictive model (R?). Garcia et al. (2010) modeled
AGB in a semiarid Spanish woodland featuring juniper trees using ALS
data, and obtained R? values between 0.58 and 0.67. Simonson et al.
(2012) modeled AGB in the same region using a more recent ALS
dataset, attaining an R? of 0.53. Wessels et al. (2012) mapped AGB in a
South African woodland with R? values ranging between 0.75 and 0.82.
Wu et al. (2016) modeled AGB in a pinon-juniper-oak woodland
ecosystem in eastern Arizona, achieving R? values between 0.56 and
0.68, depending on ALS point density. Krofcheck et al. (2016) modeled
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equivalent stem diameters, which are the basis of AGB estimates in most
allometries, of juniper trees in a woodland ecosystem of central New
Mexico, reporting R? values of 0.83, although they were quantifying
biomass of individual tree clusters, rather than broader-scale plot areas,
thus limiting direct comparability to our study. Goldbergs et al. (2018)
modeled AGB in an Australian using a combination an individual tree
and an area-based approach, which yielded R? values between 0.65 and
0.86, depending on the plot size used, though the trees they were
studying are much taller than those found in our study area and their
heights are directly linked to AGB. Comparing our local-scale modeling
results to these studies, we find that our results are at least comparable
and, in some cases, better than those in the existing woodland AGB
literature (R® = 0.74).

Nevertheless, there remains a noteworthy amount of variance left
unexplained by our local-scale model and those we’ve cited here,
pointing to the inherent challenges associated with modeling AGB in
open-canopied, short-treed woodland ecosystems, even with the benefit
of high-quality ALS data. We attribute some of this residual error to
uncertainties in the allometries used to estimate AGB in woodlands,
where the unique structure of trees such as junipers do not fit typical
allometric relationships (Chojnacky et al., 2014). The AGB values
modeled in our study are relatively high by comparison to other studies
who have mapped PJ woodland AGB (e.g., Filippelli et al., 2020; Huang
et al., 2010; Hulet et al., 2014). This points to both the importance of
allometric equation selection and the inherent variability of PJ wood-
land structure throughout its wide habitat range. However a comparison
to a database that compiles AGB field plot data from a wide variety of
sources revealed that, although on the high end of the PJ AGB range, our
results are not outside of the range of existing data (Prichard et al.,
2019).

Given the paucity of woodland AGB scaling studies in the existing
literature, it is difficult to directly compare our regional-scale results in a
similar manner. One such scaling study by Huang et al. (2009) linked an
AVIRIS-derived estimate of PJ woodland AGB (via regression to canopy
cover) to Landsat 7 ETM+ data with an R? of 0.52. More recently,
Saarela et al. (2018) presented a methodological framework similar to
that demonstrated in this study, by linking ALS data to GEDI and Landsat
data. They did not present woodland-specific results, although one of
their study areas in Colorado did feature plots in PJ woodlands. In that
area, they did not provide R? values, but they reported relative standard
errors between 6.3%-9.1%. In addition, the GEDI data used were
simulated from ALS point cloud data, thus representing idealized GEDI
waveforms. These factors make direct comparisons to our study difficult.

Beyond the scaling-specific literature there are several studies that
have linked field-level data directly to Landsat data. Avitabile et al.
(2012) mapped woodland AGB in Uganda using Landsat 5 TM data and
achieved R? values between 0.78 and 0.85. Karlson et al. (2015) mapped
woodland AGB in Burkina Faso by comparing field measurements to a
series of Landsat 8 variables using random forests, attaining an R? of
0.57. Gizachew et al. (2016) mapped woodland biomass in Tanzania
using Landsat 8 data, achieving maximum R? values of 0.25. Egberth
etal. (2017) mapped woodland AGB in Tanzania using a combination of
ALS and Landsat 8 data (though not in a scaling context, per se), and
achieved R? values of 0.38 and 0.66 for Landsat alone and Landsat with
ALS data, respectively. Filippelli et al. (2020) used a combination of
National Agricultural Inventory Program (NAIP) and Landsat imagery to
model AGB in PJ woodlands on a broad spatial scale, and while they did
not report their plot-level AGB model fit, they reported a canopy cover
R? of 0.75. Without an independent sample of field validation data, we
cannot directly compare our model performance with these studies;
however, our decision tree-based error propagation procedure provides
an estimate of uncertainty that can be cautiously compared. The prop-
agated variance explained (R = 0.68 + 0.06 SD) falls in line with, and in
some cases demonstrates improved results over, existing studies.

It is worth noting that, ignoring the effects of uncertainty propaga-
tion, the two Landsat-driven regional-scale models outperformed the
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ALS-driven local-scale model. We believe this is attributable to a two
primary factors. First, there is a major difference in the sample size
between local- and regional-scale models. The local-scale model was
driven by 65 field plots, whereas the regional-scale models were driven
by thousands of points. Random forest models tend to perform best with
large sample sizes (Fassnacht et al., 2014). Second, this larger regional
sample allowed for a wider range of geographic conditions to be
sampled. By capturing a wider range of vegetation structural and
topographic conditions in the regional-scale modeling procedure, a
better representation of the study area could be attained, thus allowing
for a more robust modeling procedure.

As with all ecologically-focused remote sensing analyses, it is
important to consider the role that spatial autocorrelation plays,
particularly in the assessment of model performance (Canovas-Garcia
et al., 2017; Chen et al., 2019; Dale and Fortin, 2002; Griffith and Chun,
2016; Legendre and Fortin, 1989; Ploton et al., 2020). The spatial dis-
tribution of GEDI footprints, which formed the geographic basis of our
regional-scale reference data, is such that individual footprints can be as
close as 60 m from one another. This distance is well within the range of
AGB spatial dependence for the ecosystem we are studying. Accordingly,
if a sufficient number of these footprints are being incorporated into the
reference dataset, it is likely that the assumption of independence be-
tween training and validation data is violated. Our application of a
BLOOCYV analysis (Ploton et al., 2020) demonstrated that, while spatial
autocorrelation was indeed affecting our model fit and accuracy metrics,
the effects were relatively mild, even at large buffer distances well
beyond the range of spatial dependence.

Lastly, our footprint size analysis revealed that using larger simu-
lated footprint areas will increase the accuracy of modeling AGB using
GEDI. We attribute this to the positional uncertainty of GEDI footprints,
but it also is likely strongly correlated with the structure of the vege-
tation. Highly spatially heterogeneous vegetation types are more likely
to suffer from the effects of GEDI footprint positional inaccuracy, as
small shifts in footprint location can result in significant differences in
AGB. Conversely, highly spatially homogeneous vegetation types are
likely more robust to positional uncertainty. We suspect that across a
wide range of vegetation types and structures, the generally positive,
asymptotic relationship between footprint size and model accuracy we
have demonstrated will persist, but the specific quantitative nature of
that relationship will likely differ from one vegetation type to another.

5. Conclusions

In this study, we have presented a framework for modeling and
mapping AGB in woodland ecosystems through a flexible and repeatable
scaled analytical approach. Improving our capacity for accurately esti-
mating woodland AGB will in turn improve our ability to understand the
important role that these ecosystems play in global carbon cycling and
land-climate interactions (Ahlstrom et al., 2015; Bastin et al., 2017;
Poulter et al., 2014). The results we have presented provide a sound
basis upon which to build future woodland AGB mapping studies and
provide insight into the types of data best-suited for quantifying
woodland AGB. In PJ, the most abundant woodland type in the US, we
found that a combination of satellite multispectral and lidar data pro-
duced the most accurate predictions of AGB on a regional scale, out-
performing the results of multispectral and lidar data-driven models
individually. This suggests that, at least in woodland settings, those
attempting to use space-based, waveform lidar for predicting AGB
should consider incorporating data from a sensor like Landsat 8 OLI or
Sentinel-2. Although we did not test Sentinel-2 data, it is possible that
the higher spatial and spectral resolution as compared to Landsat would
demonstrate improved results. For example, the GEDI AGB Level 4A
product, which will contain footprint-level AGB estimates, would likely
benefit from the incorporation of passive reflectance data in its modeling
process. Further, in such dryland woodland settings as we have studied
here, where the spatial distribution of AGB is heavily controlled by
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abiotic factors such as climate and topography, we have demonstrated
that the incorporation of such variables into the modeling process can
improve predictive power. More research in a diverse range of vegeta-
tion types is needed to confirm whether these findings are extensible in a
broader range of woodland and other forest settings.

This study also represents an early test case of the application of
GEDI data to AGB mapping in woodland ecosystems. The recent launch
of the space-based waveform lidar GEDI represents one of the most
important steps forward in the effort to map near-global AGB. However,
our results found that, while GEDI was able to estimate woodland AGB
with a moderate degree of accuracy, Landsat proved superior in this
capacity. This stands in contrast to the prevailing paradigm that active
remote sensing is better-suited for AGB mapping than passive remote
sensing (Zolkos et al., 2013). While that paradigm likely holds true in
higher-biomass ecosystems, the unique structure of woodlands clearly
necessitates tailored analytical approaches.

Although the combination of Landsat and GEDI resulted in the best
performance, the fact that the Landsat-based model performed so well
has significant implications. Given that Landsat coverage is both global
and spatially-exhaustive, our results suggest that total AGB can be
quantified on a per-pixel basis across entire woodland ecosystems. In our
study, this allowed us to estimate that BENM, an area of rich with nat-
ural and cultural resources that is currently being considered for addi-
tional regulatory protection, possesses between 7.5 and 12.0 Tg of
woodland AGB (best estimate = 9.4 Tg). These results can be, in turn,
compared to spatially-explicit climatic, terrain, and soil variables to
assess controls on woodland AGB and facilitate an improved under-
standing of how future climatic conditions will affect woodland AGB. In
addition, the lengthy history of the Landsat archive and projected
continuation of the Landsat program presents an added opportunity to
quantify losses in AGB over time due to anthropogenic and natural
disturbance events, and gains due to growth and recruitment (Wulder
et al., 2019; Zhu et al., 2019).

The scaling approach presented in this study hinges upon the ability
to link field-measured AGB to ALS at the local scale. There are still large
portions of the globe that lack ALS coverage, and while scaling limits the
need for exhaustive ALS coverage, to avoid extrapolation, at least a
sparse sample of ALS is required. Future research should explore the
limitations of using sparse ALS samples as a basis of regional AGB pre-
diction and quantify the effects of extrapolation on AGB model accuracy.
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