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ARTICLE INFO ABSTRACT

Keywords: Fine-resolution maps of forest carbon and aboveground biomass (AGB) effectively represent spatial patterns and
Model-based inference can be flexibly aggregated to map subregions by computing spatial averages or totals of pixel-level predictions.
BOO;S“"‘P However, generalized model-based uncertainty estimation for spatial aggregates requires computationally
Landsat

expensive processes like iterative bootstrapping and computing pixel covariances. Uncertainty estimation for
map subregions is critical for enhancing practicality and eventual adoption of model-based data products,
as this capability would empower users to produce estimates at scales most germane to management of the
landscape: individual forest stands and ownership parcels. In this study we produced estimates of standard error
(SE) associated with spatial averages of fine-resolution AGB map predictions for a stratified random sample of
ownership parcels (0-2023 hectares) in New York State (NYS). This represents the first model-based uncertainty
estimation study to include all four types of uncertainty (reference data, sample variability, residual variability,
and auxiliary data), incorporate spatial autocorrelation of model residuals, and use methods compatible with
algorithmic modeling (machine learning or nonparametric). We found that uncertainty attributed to residual
variance, largely resulting from spatial correlation of residuals, dominated all other sources for all of the parcels
in the study. These results suggest that improvements to model accuracy will yield the greatest reductions to
total uncertainty in regions like the northeastern and midwestern United States where forests are divided
into smaller spatial units. Further, we demonstrated that log-log regression relating parcel characteristics
(area, perimeter, AGB density, forest cover) to parcel-level SE can accurately estimate uncertainty for map
subregions, thus providing a convenient means to empower map users. These findings support transparency
in future model-based forest carbon accounting and monitoring efforts.

Machine learning
National forest inventory
Forest inventory and analysis

1. Introduction GHG emissions and removals be reported with confidence intervals
and with uncertainties reduced as far as possible (Penman et al.,
Over the past 30 years, greenhouse gas (GHG) accounting efforts 2003; Eggleston et al., 2006). Beyond satisfying these requirements,

have proliferated from local to global scales and across private and identifying and understanding sources of uncertainty are critical for
public sectors. These efforts began in 1992 with the United Nations distinguishing between noise and real GHG emissions and removals.
requiring all developed counties to report annual emissions (UNFCCC, Forests are among the most effective carbon sinks with global net

1992), and since have evolved into the Kyoto Protocol (UNFCCC,
1997), and the Paris Climate agreement (COP, 2015) with accounting
methodologies and practices defined by the 2019 IPCC update on GHG
inventory methods (Buendia et al., 2019). These standards require that

sequestration rates estimated at 1.1 (+0.8) Pg of carbon per year (Pan
et al., 2011). However, the strength of this sink is not spatially consis-
tent and in some regions forest lands may be net carbon sources due
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to deforestation and degradation (Pan et al., 2011). Consequently, a
significant body of research is dedicated to accounting for forest carbon
fluxes with improved accuracy and spatial resolution.

Many large-scale forest carbon accounting approaches leverage the
extensive sampling designs of national forest inventories (NFI) to esti-
mate annual emissions and removals from the forest sector (Woodall
et al., 2015; McRoberts et al.,, 2010). These estimates, made with
only a probability sample of reference data, are classified as design-
based inference. Design-based estimators are often accompanied by
relatively accessible estimators of variance, which account for sampling
variability but omit variability related to tree- and plot-level predictions
(reference data uncertainty) since population units are assumed to have
a single fixed value under the design-based framework (McRoberts,
2011; McRoberts et al., 2022). Although design-based approaches offer
fundamental insights and essential data on forest carbon dynamics, they
are often limited spatially and temporally by sampling density and mea-
surement frequency respectively (McRoberts, 2011) and thus cannot
represent fine-scale patterns and dynamics most relevant to planning
and decision-making. Model-based approaches, which combine field
data (e.g. NFI plots) with wall-to-wall, remotely-sensed data can fill this
need by producing predictions for all map units (pixels) in a given area
(Kennedy et al., 2018a; Matasci et al., 2018; Huang et al., 2019; Hudak
et al., 2020; Johnson et al., 2022, 2023).

Although model-based approaches offer enhanced spatial flexibil-
ity relative to their design-based counterparts, they rely on differ-
ent assumptions and require a more complex combination of terms
for estimating uncertainty. Under model-based inferential frameworks,
variability is derived from the assumption that each population unit has
an entire distribution of possible values, with each random realization
of a population unit value corresponding to a single distinct population
from an overarching set of populations known as a super-population
(McRoberts et al., 2022). Following model-based terminology, super-
population parameters are thus estimated, whereas population param-
eters are predicted (McRoberts et al., 2022). Model-based estimates
of uncertainty may include the following components: uncertainty in
reference data (Table 1, type a), uncertainty due to training the model
on a sample (Table 1, type b), uncertainty due to the model not being
able to represent all of the variation in the response variable (Table
1, type c¢), and auxiliary data uncertainty (Table 1, type d) (Wadoux
and Heuvelink, 2023; CEOS, 2021). Different terms have been used
to refer to type b, including model parameter/prediction covariance,
model parameter/prediction uncertainty (McRoberts et al., 2018), or
sampling variability (CEOS, 2021; McRoberts et al., 2022) since model
parameter estimates and subsequent predictions depend on the train-
ing data sample. Type c is usually called residual variability and is
sometimes broken down into components quantifying residual variance
and spatial covariance of residuals (McRoberts et al., 2018; CEOS,
2021; McRoberts et al., 2022). The proportion of model-based studies
that produce uncertainty estimates is small (McRoberts, 2011), likely
because the technical complexity of generating uncertainty estimates
is substantially greater than that of making predictions.

From the model-based studies that do include estimates of un-
certainty, desirable features for the uncertainty estimation process
include:

1. Flexibility to incorporate parametric as well as algorithmic mod-
els (i.e. machine learning and nonparametric models).

2. Incorporating all four types of uncertainty (Table 1).

3. Methods for producing uncertainty estimates for spatial averages
or totals that explicitly account for spatial autocorrelation of
residuals.

4. Consideration of computational efficiency and delivery to map
users.

Applications of rigorous model-based uncertainty estimation have
been advanced using parametric models with accompanying analytic
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estimators of variance (Saarela et al., 2020, 2018, 2016; Chen et al.,
2016, 2015; McRoberts et al., 2018). However, these analytic esti-
mators are fairly complex, and can be inaccessible for practitioners
lacking deep backgrounds in statistics or mathematics. Further, re-
quiring parametric models may be limiting, and thus in violation of
desirable criterion 1 (defined above), as algorithmic approaches may
yield improved predictive accuracy (Efron, 2020; Breiman, 2001b).
At the cost of computational efficiency, replication approaches like
bootstrapping or Monte Carlo simulations, however, are flexible to
model form, can easily incorporate uncertainty from several sources,
and are conceptually simple relative to analytic estimators (McRoberts
et al., 2022; CEOS, 2021; Esteban et al., 2020).

Reference data uncertainty (Table 1, type a) is often deemed negli-
gible or is omitted due to a scarcity of representative data describing
measurement error and allometric uncertainty (Breidenbach et al.,
2014), thus violating desirable criterion 2 (defined above). For forest
aboveground biomass (AGB) or carbon studies in particular, reference
data may be highly uncertain, given that tree-level AGB values in NFIs
are typically predictions themselves. Instead, tree-level biomass and
carbon are modeled as a function of measured variables like diameter
and height using allometric models developed for particular regions
and taxa (Jenkins et al., 2003; Woodall et al., 2011; Chave et al.,
2014). The measured variables themselves are subject to error and
imprecision, further contributing to the overall uncertainty of the tree-
level predictions (Berger et al., 2014; Yanai et al., 2023). It is largely
agreed that tree-level uncertainty contributes a small fraction of the
total uncertainty when aggregated over many individuals for design-
based estimates at coarse scales (Breidenbach et al., 2014; Stahl et al.,
2014; McRoberts and Westfall, 2014; Yanai et al., 2023), yet whether or
not these small fractions (% contributions) can be considered negligible
across scales and estimation contexts is unresolved (Chen et al., 2015;
McRoberts et al., 2016; Saarela et al., 2020). Considering the range
of reference data uncertainty contributions reported in the model-
based estimation literature (5% of uncertainty at pixel-scale Chen et al.
(2015); 75% of uncertainty for 5005 km? study area Saarela et al.
(2020)), it remains prudent to include this component to the extent
that it is feasible.

Model-based estimates of pixel- or point-level uncertainty (i.e. un-
certainty maps), though helpful to identify the spatial distribution of
uncertainties within an area, should be accompanied with methods
to aggregate uncertainties to produce estimates at scales relevant to
management and decision making like individual forest stands and
ownership parcels (desirable criterion 3, defined above). Spatially ag-
gregating predictions can be achieved by averaging or summing all
predictions within a given area. However, spatially aggregating uncer-
tainties requires data beyond that which is contained in an uncertainty
map (Wadoux and Heuvelink, 2023; McRoberts et al., 2022). Specifi-
cally, pairwise prediction or residual covariances and associated spatial
correlations are required but do not fit into an uncertainty map (N
map pixels yield N2 pairs/covariances) and may present obstacles.
First, computing the necessary prediction or residual covariances for
a given area is often computationally expensive; second, obtaining
the spatially dense reference data (i.e. short distances between plots)
needed to incorporate spatial autocorrelation of residuals is often pro-
hibitive (Breidenbach et al., 2016; McRoberts et al., 2022; Wadoux
and Heuvelink, 2023). If estimates are only to be produced for large
units of aggregation (e.g. polygons with dimensions well beyond the
range of spatial autocorrelation) then the contribution from spatially
autocorrelated residuals is typically negligible, however, for scales
germane to forest management (i.e. stands and parcels) this component
may be highly relevant (Breidenbach et al.,, 2016; McRoberts et al.,
2018, 2022).

McRoberts et al. (2022) considered the feasibility of efficiently
producing uncertainty estimates for map subregions, both internally
as a map producer but also for map users in satisfaction of desirable
criterion 4 (defined above). Their approach was predicated on methods
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Table 1
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Categorization of four types of model-based uncertainty considered in this study, and how they contribute (by way of variance component) to

the estimates of total variance (Var,,,).

Type Name Source of Uncertainty Variance component
E Reference data uncertainty Measurement, classification, allometric model, and Vn/rb\m“‘

War,, f) plot location errors
b Sampling variability (V/ar;,,) Training the model on a sample V/a_\r,m,
c Residual variability The model is not able to represent all variation in m

the response variable

d Auxiliary data uncertainty Variability related to sensor imprecision and V/a;;,,

Varye) inaccuracy or model uncertainty if the data are

model generated

P

* Bootstrap variance equivalent to the sum of Var

sam>

for reducing the size of the metadata needed to estimate uncertainty
for map subregions to transfer this metadata more easily to users.
However, McRoberts et al. (2022) applied their proposed approach only
to relatively large areas (2500 km? and 12,500 km?) for which the
effects of spatial autocorrelation of residuals were ignored. Further, this
approach requires a sophisticated series of operations including the re-
classification of pixel-predictions into bins, a lookup of bin covariances
in a provided matrix for each pixel pair, and summation of covariances
for all pixel pairs in the region of interest.

In this study we built on the methods developed in McRoberts
et al. (2022) to produce model-based estimates of uncertainty (standard
error; SE) associated with spatial averages of AGB predictions for small
ownership parcels (spatial units of analysis sized 0-2023 hectares) in
New York State (NYS). We replicated the machine learning modeling
framework developed in Johnson et al. (2023) to produce pixel-level
AGB predictions. We had three objectives: (1) to estimate a model-
based SE that included all four types of uncertainty (Table 1, types
a-d), incorporated spatial autocorrelation of model residuals, and used
methods that are compatible with algorithmic modeling; (2) to estimate
the relative contributions of uncertainty components across scales to
help direct further efforts toward reducing total uncertainties in model-
based estimates; and (3) to derive a relationship between ownership
parcel characteristics (area, perimeter, AGB density, % forest cover)
and SE in the form of a multiple regression model to provide a practical,
broadly applicable method for uncertainty estimation for map subre-
gions that both map users and producers can implement, satisfying
desirable criterion 4.

2. Data and methods
2.1. Overview

We largely followed the steps described in McRoberts et al. (2022)
to produce estimates of total variance and standard error (SE) asso-
ciated with spatial averages of mapped aboveground biomass (AGB)
predictions. Within this section we present a general overview of
the methods and formulas used to estimate each component of total
variance. In subsequent sections (2.2-2.9) we present specific imple-
mentation details used in a New York State (NYS) application of these
methods where we estimate SEs associated with AGB density estimates
for a stratified random sample of small ownership parcels (0-2023
hectares; Fig. 1). The total variance for a given parcel was estimated
as the sum of two components, and the SE was computed as the square
root of total variance as follows:

Var g = Varyye + Var, (€Y

SE = /Var ., 2)

Implicit in these formulas is the assumption that components V/arb:,,

and m are independent (further discussed in Section 4.3.1).

_ _
Var,, and Varc.

After computing Var, and SE for each parcel in our sample, we
further deconstructed the V/ar;,, component and evaluated the relative
contributions of each sub-component to the total. Further, we fit a
parametric regression model to estimate SE for a given parcel as a
function of the following parcel characteristics: area, perimeter, AGB,
and forest cover. This regression model was developed to expedite
the process of uncertainty estimation for any specified subregion of
interest. All data compilation, modeling, analysis, and summary were
conducted using the R programming language (R Core Team, 2023)
with the targets pipeline tool (Landau, 2021).

2.1.1. Bootstrap variance

This component includes uncertainty in reference data (Table 1,
type a), uncertainty due to training a model on a sample (Table 1, type
b), and uncertainty related to the landcover mask used in our areal
estimates (Table 1, type d). The same bootstrapping approach was used
to include each of these three types of uncertainty. Specifically, in each
replication i of r replications (» = 1000 in this study), a new training
data set was developed as follows (additional details for some steps are
provided in the sections or appendices noted in parentheses):

1. A sample was selected with replacement from the original sam-
ple of field plots.

2. New tree-level AGB predictions were produced for all trees in the
new sample of plots. Residuals were drawn from both empirical
and estimated distributions to account for measurement error
and allometric uncertainty/error in tree-level biomass predic-
tions (Appendix A).

3. These new tree-level AGB predictions were aggregated within
each plot to produce plot-level AGB in units of megagrams per
hectare Mg ha™'.

4. A distance value was randomly selected from an estimated distri-
bution of plot-location errors yielding a new plot geometry from
which auxiliary data were extracted (Appendix A; Section 2.4;
Appendix B).

Next, machine learning (ML) models were fit to each training data
set i, and then used to make a set of predictions for the map units
(pixels) within each parcel, resulting in r predictions per pixel (Sec-
tion 2.5). We then generate a new landcover mask for each parcel and
replication i and apply each mask to the corresponding set of pixel-
predictions such that nonforest pixel-predictions are set to 0 (Mg ha™')
AGB (Section 2.5). The bootstrap variance for a given parcel was then
computed as the variance over r replications of the parcel-level AGB
density, where AGB density was computed as the average of all pixel-
predictions (potentially masked) within the parcel. Specifically, the
bootstrap variance was computed with the following equation:

X -0
Var ===t
boot

3

r—1
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Fig. 1. A flowchart showing the key elements and implementation details of the methodology to estimate uncertainty for spatial means of aboveground biomass. Cylinders represent
data sources, parallelograms represent data products and results, rectangles represent processing steps, and ovals represent models. Gray shaded nodes represent components that

were omitted for separate runs of the workflow to further deconstruct Var,,m, by subtraction into Var

where r is the number of bootstrap replications, i is the average parcel-
level AGB density over r replications, and #; is the parcel-level AGB
density estimated for a given bootstrap replication i and computed as:
0, = & 4
! N

where N is the number of pixels in a given parcel and ), is a potentially
masked pixel-level AGB prediction made by the ML ensemble. Deriva-
tions for and examples of these bootstrap procedures and equations
can be found in Freedman (1981), Efron and Tibshirani (1994), CEOS
(2021), and McRoberts et al. (2022).

To better understand the relative contributions of various sources
of uncertainty, we further deconstructed m,, into reference data
variance (V‘”re > Table 1, type a), sample variance (Varmm, Table 1,
type b), and landcover mask variance (IﬁrL\C, Table 1, type d) such
that:

Vary =Var,s+Varg,+Varic 5)

sams> V aryc, and V‘”m

Each respective sub-component was computed by subtraction. To
compute V/aam, another r replication simulation was run with a con-
stant trammg data set across each rephcatlon The resulting estimate of
Varboo,, identified here as/Vz,m, static—samples WaS then subtracted from

the original estimate of Var,,, to produce Varmm as follows:
I —— —
Varsam = Varbom‘ - Varboatfstaticfsample (6)

Similarly, to compute ﬂr;;, another r replication simulation was
run with a constant landcover mask (Section 2.5) across each replica-
tion. The resulting estimate of V/ar\bw,, identified here as
Varyoo_satic—Lc» Was then subtracted from the original estimate of
@, to produce @ as follows:

—

— —
VarLC = Varbam‘ - Varboot—static—LC )

Once again, to compute V/a;-\,ef, another r replication simulation
was run with constant plot-level AGB predictions and plot geometries
used as reference data across each replication. The resulting estimate
of V/‘”b:m identified as Varbm,/_s,:ic_,e + was then subtracted from the
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original estimate of Var,,,, to produce V/—ar\mf as follows:

—

—
Varref = Varbom‘ - Varbootfstaticfref (8)

sam>
Varpc, and Var,,, was proportionally subtracted from each variance

component (Var,,,, V/a\rLc, V/ar\,ef) to ensure that the sum of compo-
nents was equal to Var,,,, (Saltelli et al., 2004).

Finally, the difference between Var,,, and the sum of Var,,

2.1.2. Residual variance

This component contributes to uncertainty due to the model failing
to represent all of the variation in the response variable (Table 1, type
c). In estimating this component we treat the model building sam-
ple, the dependent variables, and independent variables as fixed; the
model residuals are thus conditioned on the observed (fixed) case. Be-
cause model residuals exhibited heteroskedasticity (non-constant resid-
ual variability over the range of model predictions), we fit a model to
estimate residual variance as a function of our AGB predictions (Sec-
tion 2.6). When model residuals are homoskedastic, the sample residual
variance estimate may be used for all population units (McRoberts
et al.,, 2022). We used this model to make pixel-level residual vari-
ance estimates that aligned with individual AGB predictions. We then
aggregated pixel-level residual variance to each parcel as follows:
Vo= _ Zjvzl 6 . L Zf:l,/#iﬁifjp;j

res N2 N2
where 6,2 is the estimated residual variance for a given pixel, N is the
number of pixels in a given parcel, and g;; is the estimate of spatial
correlation between pixel-level residuals defined as
sill = y(hy))

sill
where y is a semivariogram function, #;; is the distance (scalar) be-
tween pixels i and j, and sill is the semivariance ceiling estimated
from the semivariogram. In Eq. (10) and throughout this manuscript
we assume second-order stationarity and isotropy. Derivations for Eq.
(9) can be found in McRoberts et al. (2022), and derivations for Eq.
(10) can be found in Wadoux and Heuvelink (2023) and Webster and
Oliver (2007).

The semivariogram function used in Eq. (10) (further described in
Section 2.7) was fit to a simple random sample of spatial residuals
(pixels) computed as follows:

€©)

Gy = 10

¢ =Yi_mr — f’t—ref an

where J,_,,; is an AGB prediction from the ML model (Section 2.5),
and y;_,,, is an AGB value from a co-located reference dataset.

2.2. Study area and parcel sample

NYS covers 141,297 km? in the northeastern US and was ap-
proximately 59% forested as of 2019 (USDA Forest Service, 2020).
The forests are dominated by northern hardwoods-hemlock types but
include Appalachian oak and beech-maple-basswood forests in the
western and southern regions of the state respectively (Dyer, 2006).
The majority of NYS forests are privately owned (~73%; USDA For-
est Service (2020)) and contained within parcels smaller than 40 ha
(~65%; L’Roe and Allred (2013)). This already fragmented forest land-
scape is increasingly undergoing subdivision (L’'Roe and Allred, 2013).

To limit computational scope we selected a stratified random sam-
ple of ownership parcels within NYS. The statewide parcel database,
compiled for property taxation, was obtained under agreement with
the NYS ITS Geospatial Services. We stratified the statewide parcels
into ten groups based on size, and five groups based on percent forest
cover as determined by the United States Geological Survey’s Land
Change Monitoring, Assessment, and Projection (LCMAP) version 1.2
primary classification products (Zhu and Woodcock, 2014; Brown et al.,
2020). Size strata were selected to ensure a sample that represented a
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wide range of parcels, with an emphasis on smaller parcel sizes that
dominate the NYS ownership landscape and are underrepresented in
uncertainty estimation studies. Size strata were constructed as intervals
(left-exclusive, right-inclusive) of parcel acreage as follows: (0, 5],
(5, 101, (10, 201, (20, 501, (50, 1001, (100, 250], (250, 500], (500,
1000], (1000, 25001, (2500, 5000]. We have converted these size strata
descriptions to hectares for use throughout this manuscript as follows:
0, 21, (2, 41, (4, 81, (8, 201, (20, 401, (40, 1011, (101, 202], (202,
405], (405, 1012], (1012, 2023]. Forest cover strata were selected such
that a range of forest conditions were represented within each size
stratum. Forest cover strata were constructed as five equal intervals
from 0 (exclusive) to 100 (inclusive) percent. Forest cover was defined
as the combination of the tree cover, wetlands, and grass/shrub LCMAP
classes (Johnson et al., 2023). 50 parcels were randomly sampled from
each size and cover group. For groups without 50 parcels, all available
parcels were selected. Overall, 2224 parcels were sampled across the
state (Fig. 2).

2.3. Field data

Field plot AGB predictions from the United States Forest Inventory
and Analysis (FIA) program (Bechtold and Patterson, 2005; Gray et al.,
2012) were used as reference data in Johnson et al. (2023); we repli-
cated the same approach here. True plot centroids for each plot in NYS
(obtained via agreement with the FIA program office) were randomly
partitioned into model development (80%) and map assessment (20%)
sets. The model development set was further partitioned into an 80%
training set, and a 20% validation set used for iterative assessment dur-
ing the Johnson et al. (2023) model development process (i.e. not used
in this study). We used the model development partition to compute
@, (Section 2.1.1). This dataset included 1954 completely forested
plots, as well as 95 completely nonforested plots that were identi-
fied as true zeros (AGB) based on LiDAR-derived maximum heights
< 1 m (Johnson et al., 2022), for a total of 2049 plots inventoried
between 2002 and 2019. We used the map assessment set to estimate
the pixel-level residual variances (Section 2.6) that contribute to m
(Section 2.1.2). This dataset contained 545 plots inventoried in 2007,
2012, 2018, and 2019, collectively representing a complete spatial
coverage of NYS. When plots in model development or map assessment
sets were inventoried more than once, single instances were randomly
selected so that each plot was associated with only one inventory year.
Refer to Johnson et al. (2023) for further details on the FIA plot design
and the plot selection criteria used here.

Rather than using the tree-level AGB predictions provided in the FIA
database, we replicated FIA’s component-ratio-method (CRM; Woodall
et al. (2011)) to incorporate measurement error, misclassifications,
and allometric uncertainty in the plot-level predictions. At the time
of writing, FIA had transitioned to using a new system of allometric
models (Westfall et al., 2023). However, our use of CRM remained
consistent with the methods used in Johnson et al. (2023). A flowchart
describing data inputs, component models, and final predictions for
CRM is included in Appendix C.

For every bootstrap replication we selected a set of plots with
replacement from the model development partition, yielding as many
sets of plots as bootstrap replications. Further, for each plot and boot-
strap replication we constructed a plot polygon incorporating location
uncertainty and computed plot-level biomass incorporating both mea-
surement and classification errors as well as allometric uncertainty. We
used published statistics from Yanai et al. (2023), Harmon et al. (2011),
and Ross (2021) to build normal distributions of measurement and
classification errors. We used the legacy tree database (Radtke et al.,
2015) to build empirical distributions of allometric prediction errors.
We used recordings of FIA plot locations repeated over multiple field
visits to build a normal distribution of plot location errors. Further
descriptions of our reference data uncertainty estimation approach are
provided in Appendix A.
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Fig. 2. Parcel sample summary.
Smoothed frequency distribution
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(A) Spatial distribution of sampled parcels within New York State. (B) Smoothed frequency distribution of parcel sizes (hectares) sampled. (C)
of forest cover (%) sampled. Distributions for B and C have been rescaled separately, such that the most common occurrences of each variable

are assigned a value of 1.

2.4. Auxiliary data

We used the same set of 29 predictor layers derived in Johnson et al.
(2023) for model training and mapping. These predictors included tem-
porally segmented, gap-filled, and smoothed annual Landsat timeseries
imagery and disturbance metrics (Landtrendr; Kennedy et al. (2010,
2018b)), LCMAP primary and secondary landcover classifications (Zhu
and Woodcock, 2014; Brown et al., 2020), and static ecological, cli-
matic, and topographic datasets. Further information describing the
auxiliary data can be found in Appendix B and Johnson et al. (2023).

2.5. Aboveground biomass models, maps, and estimates

Following the ‘direct’ approach described in Johnson et al. (2023),
ML ensemble models were fit to the resampled plots and corresponding
plot-level AGB predictions for each bootstrap replication (Section 2.1.1;
Section 2.3). Information describing the ML ensembles and hyperpa-
rameter tuning can be found in Appendix D and Johnson et al. (2023).
To compute V/ar;,,, an estimate of mean AGB for the parcel was
computed for each replication of the bootstrap (Section 2.1.1; Eq. (3)).
To this end, separate sets of AGB predictions were made for all pixels
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within each sampled parcel using the models trained for each bootstrap
replication. Further, a separate forest mask was created and applied to
each parcel for each bootstrap replication to incorporate uncertainty
and error in the LCMAP primary landcover classifications (Zhu and
Woodcock, 2014; Brown et al., 2020). We emphasize that the parcel is
still the target area of estimation, but the portion of the parcel that has
forest cover, and therefore AGB, is uncertain. New forest masks were
produced at each replication by generating a uniform random number
between 0 and 1 for each pixel. If this number was greater than the
user’s accuracy rate (Stehman et al., 2021) for the pixel’s initial classi-
fication (LCPRI), then the LCMAP secondary classification (LCSEC) was
used instead. After the new mask was generated, the mask was used
to identify pixels that were not classified as tree cover, wetlands, or
grass/shrub (forest definition from Johnson et al. (2023)) and set their
AGB predictions to 0. After masking, and for each bootstrap replication,
parcel level means (Eq. (4)) were computed.

2.6. Residual variance model

Pixel-level residual variance was required to estimate Iﬁr,\es (Sec-
tion 2.1.2; Eq. (9)). However, residuals were only computed for a
sample of pixels coinciding with FIA plots selected for the assessment
partition from Johnson et al. (2023) (Section 2.3). Further, assigning
the residual variance computed from this sample to every pixel would
incorrectly assume homoscedasticity. To overcome this, we fit models
of estimated residual variance as a function of predicted AGB. Specifi-
cally, we evaluated linear, log-linear, log-log, third order polynomial,
and natural cubic spline (2 knots; Hastie (1992)) model forms. We
chose the model that best fit the data as indicated by the coefficient
of determination (R?; computed after backtransformation and bias-
correction) and used this final model to estimate the residual variance
for each pixel in our parcel sample. Additional information describing
our residual variance modeling approach is provided in Appendix E.

2.7. Spatial autocorrelation of residuals

An estimate of spatial autocorrelation between model residuals was
required to estimate V/a?es (Section 2.1.2; Eq. (9)). However, the
sample of assessment FIA plots used in Johnson et al. (2023), with at
most one FIA plot per 2,400 ha in NYS (Bechtold and Patterson, 2005),
was too sparse to provide the necessary information. We instead used
LiDAR-based predictions of AGB developed in Johnson et al. (2022) as
an alternative form of reference data with which to compute residuals
Dizre s inEq. (1 1)). We acknowledge that these predictions are of lesser
quality than field-measured data, but they offered improved accuracy
relative to the Landsat-based models assessed here, and they provided
the spatial density and coverage that can represent local patterns of
variability in forests. To our knowledge, these two important qualities
are not offered by any other AGB dataset within NYS. We first calcu-
lated an empirical semivariogram which we then used to fit several
model semivariograms before choosing the best fitting model to use
in Eq. (10). Further descriptions of our approach to computing spatial
residuals and fitting semivariogram models are provided in Appendix
F. To assess the sensitivity of our uncertainty estimates relative to the
estimate of spatial autocorrelation between our LiDAR-based residuals,
we computed four additional estimates of m (Eq. (9)) where we
multiplied pixel pairwise distances by 0.25, 0.5, 2, and by the estimated
range of the semivariogram. In effect, these additional estimates of
V/aa reflect residual spatial autocorrelation multiplied by a factor of
4, 2, 1/2, and 0 respectively.

2.8. Modeling estimated standard error (total variance) as a function of
parcel characteristics

To increase the computational efficiency and practical utility of esti-
mating spatially aggregated uncertainty for parcels or other subregions
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of interest, we modeled parcel SE as a function of parcel characteristics
that we expect are readily available to map users. Specifically, we
included AGB density, % forest cover, area, and perimeter of each
parcel as predictors of a parcel’s SE given that these predictors are
straightforward to compute from an area of interest polygon, the AGB
prediction raster, and a co-located forest mask raster. Forest cover was
defined as the combination of the tree cover, wetlands, and grass/shrub
LCMAP classes (Johnson et al., 2023), and AGB density (Mg ha™!) was
computed as the average of pixel predictions within a parcel (Eq. (4)).

We fit four candidate models: multiple regression models with and
without natural log transformations of the dependent and independent
variables. Each of the candidate models were fit to a randomly selected
80% of the parcel sample (training set) and were compared on the basis
of R2. The candidate model with the best R? statistic was selected as
the final model. The model fitting and assessment process is further
described in Appendix G.

To assess the validity of our SE estimates and the coverage of corre-
sponding 95% confidence intervals (CI) we compared parcel-level AGB
estimates made with LiDAR-based models developed in Johnson et al.
(2022) to parcel-level AGB estimates and associated 95% CIs made
with Landsat-based models (investigated here; Section 2.5; Johnson
et al. (2023)) and SE estimates from our final SE model. We compared
estimates for 255 parcels within our parcel testing set that were entirely
contained within the spatial footprint of LiDAR collections mapped
in Johnson et al. (2022) (Appendix H). The comparison process is
described in Appendix I.

2.9. Bootstrap variance stability

To assess the stability of m, after 1000 bootstrap replications,
we compared parcel-level estimates of V/ar;), made after each succes-
sive replication i (Vaﬂ to the corresponding parcel-level estimate
made after 1000 replications (Va/r,,; ). Following McRoberts et al.
(2023), we investigated stability at “several thresholds: within 5%,
2.5%, and 1% of Vm k- For each number of replications we cal-
culated the proportion of parcels in our sample that yielded Vm;
estimates within each threshold distance from Va/r,,;L ™

3. Results
3.1. Reference data uncertainty

Comparing the variability of tree- and plot-level AGB predictions
provides insight into how allometric uncertainty and measurement
error scales from individual trees to aggregations of many individuals
within a plot. Over the 1000 bootstrap replications tree-level AGB
predictions varied more than plot-level AGB predictions (Appendix
A; Fig. A.3). The average standard deviation (SD) and coefficient of
variation (CV) of tree-level AGB predictions were 65.89 kg and 34.96%,
while the average SD and CV for plot-level AGB predictions were 7.47
Mg ha™! and 7.20%. This result was unsurprising because plot-level
predictions are simply area-normalized sums of tree-level predictions,
and aggregating individuals can smooth out extreme individual vari-
ability as predictions above and below respective means will offset to
an extent.

Softwood and hardwood trees varied similarly in absolute terms
(SD), but softwoods varied substantially more in relative terms (CV).
We posit that this discrepancy in CVs is a result of the much wider
distribution of softwood bole volume residuals compared to that of
hardwoods (Appendix A). There were only 53 records for hardwood
bole volume residuals in the legacy tree database (Radtke et al., 2015)
whereas there were 473 records for softwood bole volume residuals.
Bole volume predictions, which drive bole biomass predictions, likely
have the largest impact on total tree-level biomass predictions among
tree component in the CRM framework; bole biomass is the most
substantial of tree components and is used to adjust Jenkins-based
component (top and branches, stump) predictions before summing to
total tree-level biomass (Woodall et al. (2011); Appendix C).
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Fig. 3. Aggregating pixel-level uncertainties to produce parcel-level standard error (SE). (A) AGB estimates computed as the mean prediction over all bootstrap replications
(Bootstrap Estimates); National Aerial Imagery Program (NAIP) orthophotography collected in 2019 for additional landscape reference (EROS, 2019); Sampling standard error (SE),
landcover SE, reference SE, and residual SE estimates. (B) Relative contributions (%) to total SE for the area of interest in A.

3.2. Spatial autocorrelation of residuals

A nested combination of two Matern model semivariograms demon-
strated the best fit to our empirical semivariogram (Section 2.7; Ap-
pendix F; Fig. F.1) and was selected to provide estimates of spatial cor-
relation between model residuals in our calculation of V/a—r;Y (Eq. (9)).
Residual semivariance increased from 0 (Mg ha‘l)2 for neighboring
pixels (no nugget), to 1338.35 (Mg ha‘l)2 (sill). Matern semivariogram
functions approach the sill asymptotically. The effective range (where
model semivariance >95% of sill) was roughly 1212 m, but we also

computed a heuristic range (5779 m) as the lag distance for which the
model semivariance is greater than the sill rounded down to the nearest
whole integer (1338 [Mg ha_l]z). In consideration of computational
efficiency, we assume that the spatial autocorrelation (y; 5 Eq. (10)) for
lag distances beyond this heuristic range is 0, thus avoiding residual
spatial autocorrelation computations for pixel pairs separated by very
large lag distances. We note that users replicating this methodology
should choose their own heuristic range (if appropriate) that balances
statistical rigor with computational efficiency given the context of their
specific datasets and goals.
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Fig. 4. Parcel-level standard error (SE) as a function of AGB density. Each point represents a parcel from the training partition of the parcel sample, and each point is shaded
by the relative standard error (relSE; [SE / AGB] - 100). Parcels with relSE >100% were set to 100% for visualization. The black trend line was fit to data using a natural log-log

regression.

3.3. Pixel-level uncertainty

The natural cubic spline model (Section 2.6) fit the grouped data
best and explained 55% of the variability in residual variance (coeffi-
cient of determination; R?; Appendix E; Fig. E.1). Maps of pixel-level
AGB estimates and co-located residual SEs (Fig. 3A) demonstrated the
modeled relationship spatially, with regions of greater AGB density
yielding larger residual SE estimates. Conversely, the largest sample
and landcover SEs co-occurred within areas of consistently small AGB
estimates (Fig. 3A). This sample SE pattern may be explained by
the relative lack of model training data at the lower extreme of the
distribution (Johnson et al., 2023) while the landcover SE pattern may
be explained by the inclusion of LCMAP classification uncertainty in
our bootstrapping procedure (Section 2.5). Marginal or transitional
lands with relatively low AGB density are among the most challeng-
ing to accurately classify (Grass/Shrub and Cropland; Stehman et al.
(2021)) and may be intermittently masked to 0 AGB across bootstrap
replications. Pixel-level reference data SE was consistently near zero.

3.4. Spatially aggregated uncertainty estimates

Parcel-level estimates of standard error (SE; Eq. (2)) ranged from
near 0 Mg ha™! to ~60 Mg ha™! but varied substantially with parcel
size, forest cover, and AGB density (Figs. 4; 5). Although the range
of SE was large, the majority of relative standard errors (relSE =
SE / AGB -100) were < 25% and only exceeded 50% for ~7% of parcels
in the training partition (Fig. 4). Although absolute SE scales with
AGB density, relSE, which normalizes SE by AGB, shows the opposite
pattern: parcels with the smallest AGB density yielded the largest
relSEs.

Given that the formula for m (Eq. (9)) contained N> (N =
number of pixels) in the denominator, it is intuitive that Var, (Eq.
(1)) and SE (Eq. (2)) decreased as a function of parcel size (Fig. 5);
the larger a parcel, the more 30 m pixels contained therein. Further, as
parcel size grew towards the range of spatial correlation and average
pixel distances increased, it follows that m decreased accordingly,
and we might expect that V/a—r,\m will eventually become negligible for
parcels larger than those considered in this study (Fig. 6). Forest cover
impacted parcel SE in the opposite direction (Fig. 5), where increasing
forest cover resulted in increased standard error. Non-forest pixels
resulted in both 0 AGB and 0 residual variance; thus the greater number
of these pixels in a parcel, the less forest cover and the smaller the

contributions of m to Var,. However, the relationship between
forest cover and SE may have been somewhat weakened by the impact
of LCMAP classification uncertainty (IﬁrL\C), where the relatively poor
accuracy of cropland and grass/shrub classified pixels may have yielded
greater bootstrap variances as pixels were intermittently masked to 0
AGB across bootstrap replications (Stehman et al. (2021); Section 2.5;
Section 3.3).

m was greater than all other variance components across all
size and forest cover groups (Fig. 6). The contribution of mﬂ began
approaching the contribution of m for the largest parcels (>20%
contribution for parcels 1012 to 2023 hectares) where spatial auto-
correlation of residuals had a diminished impact. IﬁrL\C contributed
substantially (>20%) for the least forested parcels, but contributed
<10% for all but the smallest forest parcels.V/ar\,ef contributed the least
of any other component for all but the largest and most forested parcels
(405-2023 hectares; 80%-100% forested), and was <10% of Var g
across all groupings.

Parcel-level estimates of Var,, (and subsequently SE) were sen-
sitive to the strength of residual spatial autocorrelation (Section 2.7;
Fig. 7). Adjustment factors that strengthened residual autocorrelation
had the smallest impact for small parcels, where the majority of pair-
wise pixel distances were short and residual spatial autocorrelation
already had a near-maximum impact. On the other hand, strengthening
residual autocorrelation increased Var,,, by >30% for all size groups
>8 hectares. Halving the strength of residual spatial correlation reduced
Var ., by 14.8% to 46.6% and removing residual spatial correlation
altogether reduced Var,,, by 51.1% to 84.4% across size groups. This
highlights the importance of residual spatial autocorrelation as a source
of uncertainty when estimating SE for small areas.

3.5. Modeling estimated standard error (total variance) as a function of
parcel characteristics

In this section we describe the multiple regression model chosen
to estimate standard error as a function of readily available parcel
characteristics (area, perimeter, AGB density, forest cover; Section 2.8)
and provide accuracy results for this model using a 20% holdout parti-
tion of parcels (testing set). The natural log-log regression (Eq. (G.2))
achieved the best R? value among the candidate models and accurately
estimated SEs for parcels in the test set (Fig. G.1, Table G.1; RMSE =
2.05, MAE = 1.28, ME = —0.21, RZ = 0.95). The estimated coefficients
(Table 2) indicate that AGB density was the most important predictor
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Fig. 5. Parcel-level standard error (SE) distributions. Gray shaded areas represent smoothed frequency distributions of SEs, black dots identify median values, and colored bars
show 25%, 50%, 95%, and 100% intervals (percentiles). (A) Distributions per size group (hectare). (B) Distributions per forest cover group (%). All parcels in the training partition
of the parcel sample are included. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

of SE, which follows the relationship inherent to our residual variance
model (Section 2.6; Appendix E) and is corroborated by both pixel-level
results (Fig. 3) and relSE results (Fig. 4). Parcel area, perimeter, and %
forest cover were similarly important predictors in the model. Using
this model we estimated parcel-level SE for all ownership parcels in
Essex County, New York State (NYS; Fig. 8).

Of the 255 parcels from the testing set that are within the footprint
of the LiDAR collections processed in Johnson et al. (2022) (Appendix
H), 227 of them yielded LiDAR-AGB estimates that were contained
within our estimated 95% confidence intervals (Fig. 9). This indicates
an 89% empirical coverage level for the confidence intervals estimated
with our natural log-log regression.

10

Table 2
Results of a natural log-log regression model of estimated parcel-level standard error
as a function of parcel characteristics (AGB, Perimeter, Area, and % Forest).

Coefficient Standard error t p
Intercept 1.075 0.081 13.3 <0.001
In(AGB) 0.621 0.005 121.4 <0.001
In(Perimeter) —0.162 0.013 —12.7 <0.001
In(Area) —0.089 0.008 —11.8 <0.001
In(% Forest) 0.136 0.004 31.8 <0.001
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Fig. 6. Uncertainty contributions (% of total variance) as a function of parcel size (A) and forest cover (B) for the training partition of the parcel sample. For each source of

uncertainty, the average percent of the total variance was summarized across all parcels within each group.

3.6. Bootstrap variance stability

Stability tests indicated that 1000 replications provides stable esti-
mates of V/arb?,, at the 5% threshold (Appendix J). 95% of parcels were
within 5% of Va/rb;,_ 1« for the final 193 replications. 95% of parcels
were within 2.5% of Vz;,,—,:,_ 1 for the final 62 replications, and 95% of
parcels were within 1% of Va/rb(;_ 1« for only the last 8 replications.

4. Discussion

In this study we produced model-based estimates of uncertainty
(standard error; SE) for small-area (0-2023 hectares) spatial averages of

11

forest aboveground biomass (AGB) maps. Our SE estimation approach
uniquely included all four types of uncertainty (Table 1), was compati-
ble with algorithmic models (machine learning or nonparametric), and
incorporated residual spatial autocorrelation. We found that residual
variance (m; Eq. (9)) dominated other variance components for
all parcel sizes (0-2023 hectares), owing largely to contributions from
residual spatial autocorrelation (Fig. 7). These results underscore the
necessity of incorporating residual spatial autocorrelation when esti-
mating uncertainty at scales germane to forest management (e.g. parcel
sizes in New York state). We demonstrated that a log-log regression
model for estimating SE as a function of parcel characteristics was
very accurate, opening the door to more computationally efficient and
practical uncertainty estimation for map subregions. Overall, these
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findings pave the way for rigorous uncertainty estimation in future
model-based forest carbon accounting and monitoring efforts.

4.1. Contributions to total uncertainty

Attributing contributions to total uncertainty from various sources
is a critical step to reducing uncertainty — one of the IPCC good
practice guidelines (“uncertainties are reduced as far as practicable”;
Buendia et al. (2019)). Without identifying sources of uncertainty,
reduction efforts cannot be effectively directed. Although these results
most directly inform reducing uncertainties associated with the specific
modeling framework implemented in Johnson et al. (2023), the general
patterns uncovered here may also serve to inform future model-based
efforts insofar as sufficient overlap exists in terms of sampling designs,
reference data collection protocols, remotely sensed data products, and
model forms.

Residual variance (Iﬁr,\es; Eq. (9)) dominated all sources of uncer-
tainty for all parcel sizes (0-2023 hectares; Fig. 6) primarily due to
the impact of model residual spatial autocorrelation (Fig. 7). These
results hold significance for future model-based efforts in areas where
forests are divided into smaller units and parcel dimensions do not far
exceed the range of spatial autocorrelation. In regions like the eastern
and midwestern United States (US), forests are predominantly managed
by nonindustrial private forest owners (“family forests”), and these
family forest holdings are often small (Nelson et al., 2010; Butler et al.,
2016). We therefore recommend prioritizing model accuracy to most
effectively reduce total uncertainty (Var,,,, Eq. (1); SE, Eq. (2)) in
these contexts. Increased model accuracy simultaneously reduces both
residual variance and residual spatial autocorrelation, effectively di-
minishing Var,,,. Of course, model accuracy is almost always a priority,
but we highlight its importance relative to other uncertainty compo-
nents assuming a limited amount of time and resources with which to
reduce total variance (Table 1). In particular, modeling approaches that
include data from active remote sensing systems, like synthetic aperture
radar or spaceborne LiDAR (Quegan et al., 2019; Dubayah et al., 2020)
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which can penetrate forest canopies and may better represent structural
attributes related to AGB, could increase model accuracy relative to
approaches based only on passive remote sensing (e.g. Landsat) like the
approach investigated in this study (Section 2.4; Section 2.5). Higher
resolution imagery in concert with the implementation of deep-learning
algorithms like convolutional neural networks which can exploit local
spatial patterns may offer improved model predictions as well (LeCun
et al., 2015; Kattenborn et al., 2021).

Contributions to total uncertainty from sampling variance (V/ar;,,;
Eq. (6)) began to approach contributions from m for only the
largest parcels (>20% contribution for parcels 1012 to 2023 hectares;
Fig. 6). We expect this to hold true for NYS parcels larger than the
maximum size considered in this study given the inverse relationship
between Iﬁrr\m and parcel size. In other words, while we assume Iﬁrr\m
will approach zero with increasing parcel size, we also assume that
V/ar;,, will remain relatively stable and thus contribute a larger and
larger proportion to a decreasing Var,,,. With all other variables held
constant, this suggests that in regions where forests are contained in
larger contiguous management units, like the western US (Nelson et al.,
2010; Butler et al., 2016), reductions in model-based uncertainty can
be most efficiently achieved by investing in more forest inventory
sample locations. However, forests in the western US are generally
conifer-dominated with even-aged disturbance regimes (Perry et al.,
2022; Rogers, 1996), whereas forests in the eastern US are mostly
mixed hardwood-conifer with uneven-aged disturbance regimes (Sey-
mour et al.,, 2002; Dyer, 2006). As a result, it is entirely possible
that spatial correlation of model residuals may be stronger across the
larger and more uniform patches of forest in the West, suggesting
that reducing residual variance (\Tar,:) instead of sampling variance
(V/a;;m) may be the most efficient means to reduce total variance. That
said, eastern and western forests of the US may be too distinct to be able
to extrapolate drivers of model-based variability from one region to the
other.

Contributions from landcover mask variability (@; Eq. (7))
were small except in the least forested parcels (0%—-20% forested; >20%
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of Var,,; Fig. 6). We can infer that the increased landcover variability
in these parcels is tied to the presence of marginal and transitional
landcover classes (e.g. grass/shrub, cropland), which in many contexts
may hold non-trivial quantities of forest biomass (Schnell et al., 2014;
Johnson et al., 2015; Liu et al., 2023), but are traditionally challenging
to classify (Brown et al., 2020; Stehman et al., 2021; Mahoney et al.,
2022). Subsequently, we suggest that landcover classification accuracy
may be worth prioritizing in areas dominated by woodlands, shrub-
lands, other marginal, transitional, or novel land cover types, or where
agroforestry is commonplace (Van Auken, 2000; Knapp et al., 2007;
Schoeneberger, 2009; Udawatta and Jose, 2011; Mahoney et al., 2022).

Reference data variability (ﬂr,\ef; Eq. (8)) contributed minimally
to total uncertainty across all analyzed groupings (Fig. 6; <10% of
Var,.,1). These results corroborate previous studies reporting that tree-
level uncertainty contributes minimally to total uncertainty when ag-
gregated over many individuals (Breidenbach et al., 2014; Stahl et al.,
2014; McRoberts and Westfall, 2014; Yanai et al., 2023); indeed, we
demonstrated that the coefficient of variation (CV) for plot-level AGB
predictions was an order of magnitude smaller than the CV for tree-
level AGB predictions (tree-level AGB CV 34.96%; plot-level AGB CV
7.2%) despite relying on relatively small-area plots (0.067 ha). One
would expect even less variability if larger area plots were utilized
(as recommended by CEOS (2021)). Further, our results suggest that
the imprecision of FIA plot locations (7.05 m standard deviation;
Table A.1) does not meaningfully impact total uncertainty. We might
infer that the fidelity of 30 m Landsat imagery is not adequate, or
that forests in NYS are not sufficiently patchy for imprecise reference
data geolocation to be meaningful in this context. Despite its relative
lack of importance in this study, reference data uncertainty may be
important in regions where only small fractions of the tree population
are represented in the data used to fit the allometric model. Regions
like the global tropics with a greater diversity of tree species (Chave
et al., 2014) or regions with a scarcity of forest inventory plots due to
remoteness or lack of resources (e.g., lacking a national forest inven-
tory; McRoberts et al., 2010) could yield particularly large reference
data uncertainty contributions. It is therefore prudent to weigh the
precision and representativeness (Labriere et al., 2022) of a given
system of allometric models against the practicality and feasibility of
incorporating reference data uncertainty in estimates of total variance.

In general, the framework we have developed may facilitate a range
of sensitivity analyses for different components of uncertainty and
parameters not limited to those considered here. By keeping all other
inputs constant and increasing (or conversely removing) uncertainty
from a single component, we can begin to identify specific thresh-
olds beyond which more granular uncertainty contributions overwhelm
the total uncertainty estimate. Although these kinds of analyses may
be simple in theory, they are computationally expensive, as testing
each component requires a new 1000 replication bootstrap procedure.
With further investments and developments in computational infras-
tructure such analyses may become more tractable. Nevertheless, we
recommend this kind of framework for iteratively exploring sources of
model-based uncertainty.

4.2. Communicating uncertainty to map users

Although pixel-level predictions in fine-resolution maps effectively
represent spatial patterns, finer resolution is often associated with
increased uncertainty, and management decisions are made at coarser
spatial scales (e.g. forest stands, compartments, ownership parcels, or
special management areas). Thus, we expect that users will spatially
aggregate groups of adjacent pixels that more directly correspond
to landscape units or patches of fundamental relevance for formal
estimation. The delivery of corresponding uncertainty maps (pixel-
level variance) alone fails to facilitate statistically sound estimates
of aggregate uncertainty, as pixel-level variances cannot be naively
averaged within areas of interest in the same way that AGB predictions
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can (Wadoux and Heuvelink, 2023). We therefore explored alternative
ways to communicate the methods and metadata required to make
rigorous uncertainty estimates for map subregions.

In this study we found that parcel-level uncertainty (SE) varied
substantially with parcel size, forest cover, and AGB density, thus
enabling the use of a natural log-log multiple regression (Section 2.8;
Table 2; Fig. G.1)) for accurately estimating SE for any subregion of
the AGB maps from Johnson et al. (2023). Given the coefficients of
this regression, map users need only compute the predictors for their
area of interest and substitute them into the model formula (Eq. (G.2)).
All of the parcel characteristics included as predictors in the model are
intended to be accessible to map users since each can be computed
with a standard GIS and a bounding polygon for the user’s area of
interest. Using this regression, we achieve computational efficiency and
model parsimony at the price of small inaccuracies in SE estimates.
These inaccuracies were most apparent for large SE estimates beyond
40 Mg ha~! where our model overestimated SEs computed from first
principles (Fig. G.1). Although we may have achieved more accurate SE
estimates with a more flexible machine learning model, a parametric
regression can be readily expressed as a straightforward, easy-to-use,
prediction equation that non-experts can easily interpret. The same
cannot be said for machine learning algorithms.

We do not expect that this type of regression will be useful across all
landscapes, ecological domains, or modeling frameworks. However, we
do expect this type of regression to be most effective for models that ex-
hibit heteroscedastic residual variance, or in regions where the majority
of estimation unit sizes are relatively small. In these situations, both the
positive correlation between AGB and residual variance and the strong
inverse relationship between estimation unit size and spatial covariance
of residuals (Iﬁr,\es; Eq. (9)) can be leveraged to make accurate esti-
mates. In regions with constant residual variance, or where the majority
of estimation units have dimensions that exceed the range of spatial
autocorrelation of residuals, this type of regression may be less effective
at estimating SE. However, we expect SEs in these latter circumstances
to be generally small. Further, bootstrap variance (@t; Eq. (3)) may
contribute more substantially in regions with more sparsely sampled
forest inventories (@; Eq. (6)) or less precise allometric models
(V/ar\,ef; Eq. (8)). In these contexts, alternative predictors that help
describe the degree to which a subregion is represented in the reference
data or forest inventory sample may be useful (e.g. area of applicability
information; Meyer and Pebesma (2021)). In light of our findings,
we recommend further investigation into regression as a means to
communicate uncertainty for map subregions in a diversity of contexts.

Improving the transfer of uncertainty information to map users
enables a more rigorous application of map products in decision-
support contexts. Specifically, the estimates of SE produced in this
study provide managers and decision-makers the means to compare
the outcomes of various policies and management practices across the
landscape with the added context of confidence intervals (Figs. 8; 9).
For example, the hypothesis that forests protected by conservation
easements hold larger carbon stocks can be formally tested (McRoberts,
2011). Although this study has focused entirely on estimating uncer-
tainties associated with AGB stocks, the same bootstrapping approach
and the parcel-level SE estimates developed here may facilitate the es-
timation of uncertainties associated with stock-changes (Esteban et al.,
2020), which can explicitly account for GHG emissions and removals
attributed to the forest sector and can be used to track forest carbon
dynamics through time.

4.3. Limitations

Although this study demonstrates rigorous model-based uncertainty
estimation, our approach is not without limitations and assumptions.
Ultimately, we achieved only an 89% empirical coverage proportion
with our estimated 95% confidence intervals (Fig. 9). First, we describe
limitations related to our overarching approach and in subsequent
sections we identify limitations specific to our estimation of uncertainty
types a, ¢, and d (Table 1). These limitations represent opportunities
where future research may be directed.
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4.3.1. Overview

Implicit in the formula for estlmatmg Var,,; and SE (Egs. (1); (2))
is the assumption that Var,,m,, and Varm are independent (McRoberts
et al., 2022). If, however, residual variability depends on the variability
of the reference data, the model building sample, and/or the auxiliary
data (uncertainty types a, b, and d in Table 1; components of @I,
in this study) then Var,,, may be overestimated. Future research
could evaluate the validity and implications of this assumption and
work towards producing estimates of Var,, without this assumption.
For instance, it may be possible to subtract variance components of
V/ar\boo, (resulting from types a, b, d in Table 1) from IZJZY to obtain
estimations of the uncertainty resulting from the model not being able
to represent all of the variation in the response variable (type c in
Table 1) where the auxiliary data, reference data, or sample are fixed
(i.e. error free).

Producing uncertainty estimates for the 2224 parcels in this study
and decomposing these uncertainty estimates into four components
(V/ar\,ef, V/ar;m, lﬁrL\C, 1@) was computationally expensive and
may present barriers to broad-scale adoption of our approach. Pro-
ducing one set of 1000 bootstrap replications, including generating
new reference data, re-extracting auxiliary data, training ML models,
and making predictions, required on the order of several weeks of
processing time. Producing four sets of 1000 replications (to decompose
Var/b\w, like we did here; Section 2.1.1) required several months of
processing time. In total this project occupied roughly 1 TB of disk
space. We used a Dell Power Edge r710 with 16 central processing
units and 80 GB of random access memory. However, this machine is
now over 15 years old, and we imagine that processing time could be
greatly reduced with modest improvements to hardware or investments
in cloud or distributed computing resources.

Also in consideration of computational efficiency, we limited the
number of bootstrap replications to 1000. We tested the stability of
our V/a;\,m, estimates and found that 1000 replications is sufficient to
produce stable estimates when considering a relatively liberal level
of precision (+5%; Section 3.6; Appendix J). Additional bootstrap
replications should be added to achieve greater, more specific, levels
of precision (McRoberts et al., 2023).

Finally, alternative bootstrapping protocols may be more desirable
within the circumstances of our study. In our case we have blended
pairs bootstrapping (resampling plots with replacement) and residual
bootstrapping (FIA plots; measurement errors, allometric errors, and
plot location errors) within the same replication framework (Efron and
Tibshirani, 1994). Wild bootstrapping (Esteban et al., 2020; Liu, 1988)
may be preferred as it preserves both the original sampling structure
and the heteroskedasticity of model residuals.

4.3.2. Reference data uncertainty (type a)

In light of data availability and project efficiency, we sourced ref-
erence data error distributions pragmatically (Appendix A) ; we relied
on published statistics to build normal distributions of measurement
errors and we leveraged the legacy tree database to build empiri-
cal distributions of allometric errors (Radtke et al., 2015). In some
cases, we omitted specific components of tree-level AGB uncertainty
due to lacking data or intractability. Our approach (Appendix A) has
yielded, at best, approximations of true error distributions including
assumptions that likely led to underestimation of the contribution from
reference data uncertainty.

If measurement error distributions were skewed, rather than normal
like we assumed, measurement errors would have larger contributions
to total uncertainty since the effects of positive and negative errors
would be less likely to cancel out when aggregated across trees in a
plot. Similarly, if our allometric error distributions covered the largest
trees in our NYS FIA reference dataset (Appendix A), allometric errors
would likely have larger contributions to total uncertainty given the
evidence allometric models can systematically underestimate large-tree
biomass (Stovall et al., 2018). We have also assumed that measurement,
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classification, and allometric errors are independent between trees.
Under this assumption, tree-level errors will also largely cancel out
when summed at the plot-level (Section 3.1; Appendix A) and reference
data uncertainty is likely underestimated (Breidenbach et al., 2014).
Although the FIA field crews that collected our reference tree mea-
surements are trained and certified annually and are subject to regular
quality assurance checks (Yanai et al., 2023), it is possible that certain
conditions lead to the repetition of similar errors within a local area.
For example, a swath of trees with broken tops in a storm path could
present a concentration of height measurement challenges (Yanai et al.,
2023). Similarly, specific growing conditions may not be represented
in the allometric model training data, potentially leading to clusters of
similar allometric errors.

4.3.3. Residual variability (type c)

Estimates of residual variability (type ¢ in Table 1; Varm) for
map subregions require pixel-scale residual information which creates
challenges when reference datasets traditionally offer plot support
(e.g. national forest inventories like the FIA). To overcome these chal-
lenges, we modeled pixel-level residual variance as a function of our
AGB predictions (Section 2.6; Appendix E) and used LiDAR-AGB predic-
tions as reference data to compute pixel-scale residuals for estimating
residual spatial autocorrelation (Section 2.7; Eq. (11)). Both solutions
have limitations that may affect estimates of m and Var,,. Our
residual variance model was only able to represent 55% of the variation
in the residual variance data (R? 0.55) limiting our ability to represent
true pixel-level residual variance and potentially condensing the range
of parcel-level Iﬁr,\ﬂ estimates. In using LIDAR-AGB predictions to esti-
mate residual spatial autocorrelation we acknowledge that predictions
from the LiDAR-based models may be spatially correlated themselves,
and there may be systematic differences between the Landsat-based
model predictions and the LiDAR-based predictions that degrade the
fit of the semivariogram function. Although estimates of parcel-level
SE are sensitive to the strength of residual spatial correlation (Fig. 7)
and there is no guarantee that residuals computed with LiDAR-based
reference data have the same spatial properties as those computed with
field inventory data, this substitution was a practical solution to achieve
the spatial density and coverage required for estimating residual spatial
autocorrelation.

4.3.4. Auxiliary data uncertainty (type d)

In general, there is a degree of subjectivity involved in choosing
which sources of uncertainty are included in an assessment. Here
we have omitted uncertainty in model predictor data (classified as
type d in Table 1) from our framework (CEOS, 2021). The models
in Johnson et al. (2023) are largely dependent on Landsat imagery
that has been temporally smoothed, segmented, and gap-filled with
Landtrendr (Kennedy et al.,, 2010, 2018b). Although incorporating
uncertainty associated with the geometric or radiometric features of the
raw Landsat imagery was beyond the scope of this study, we may be
able to use the Landtrendr residuals (differences between raw spectral
value and Landtrendr fitted value) to assess variability in the imagery
in future studies.

We did include uncertainty related to our forest mask (I@;
type d in Table 1; Section 2.5). Our approach to developing bootstrap
replications of forest masks was naive in that we did not account for
spatial dependence of landcover classification errors. Rather, we treated
each pixel independently when drawing a uniform random number to
determine if a new classification should be assigned. This may lead to
underestimation of V/a\ch in landscapes that generate a concentration
of classification errors since it is likely that conditions contributing to
misclassification in one pixel are present in neighboring pixels. That
said, this effect is mitigated to an extent by the fact that select Land
Change Monitoring, Assessment, and Projection primary classes have
worse accuracy (e.g. cropland, grass/shrub); these classes are often
clustered in space such that an area with a substantial concentration
of, for example, grass/shrub classified pixels is likely to have a higher
V/a\rLC estimate.
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Remote Sensing of Environment 330 (2025) 114951

Parameters and sources for estimating tree- and plot-level measurement error distributions. Where relative standard deviation (SD) is marked as ‘T’ (true), actual SDs are to be
computed relative to the FIA provided value using the SD fraction in this table (i.e. actualSD = SDtable - FIAvalue).

FIA DB Name Description Mean SD Rel. SD Units Source
DIA Diameter at breast height -0.004 0.550 F cm Yanai et al. (2023)
BOLEHT Bole height -0.050 1.520 F m Yanai et al. (2023)
CULL Cull, percent rotten or missing 0.100 3.500 F % Yanai et al. (2023)
WOOD_SPGR_GREENVOL_DRYWT Wood specific gravity (green, 0.000 0.100 T NA Ross (2021)
oven-dry)
BARK_SPGR_GREENVOL_DRYWT Bark specific gravity (green, 0.000 0.100 T NA Assumed
oven-dry)
STANDING_DEAD DECAY_RATIO Hardwood density reduction 0.000 0.010 T % Harmon et al. (2011)
(hardwood) ratios for DECAYCD 1-5 0.020
0.040
0.050
0.050
STANDING_DEAD_DECAY_RATIO Softwood density reduction ratios 0.000 0.010 T % Harmon et al. (2011)
(softwood) for DECAYCD 1-5 0.011
0.031
0.031
0.030
LON, LAT Distance between field recorded 0.000 7.050 F m NYS FIA DB

plot location and plot location
averaged over multiple repeat
visits

5. Conclusion

The proliferation of fine-resolution forest biomass (AGB) and carbon
maps has not been matched with corresponding effort in the estimation
and communication of uncertainty for small-area spatial aggregates
of map subregions. To address this shortcoming, we developed and
applied methodology to produce estimates of standard error (SE) asso-
ciated with spatial averages of AGB predictions for a stratified random
sample of ownership parcels in New York State. This represents a
novel model-based uncertainty estimation approach that included all
four types of uncertainty (Table 1), that used methods compatible
with algorithmic models (machine learning or nonparametric), and that
incorporated spatial autocorrelation of residuals. Our results suggest
that residual variance, largely resulting from spatial autocorrelation of
model residuals, will be the largest source of uncertainty in landscapes
like the midwestern and northeastern United States where forests are
divided into smaller ownership units. This highlights the importance of
accounting for residual spatial autocorrelation in small-area uncertainty
estimates and implies that improvements in model accuracy will yield
the greatest reductions to uncertainty in these regions. We further
demonstrated that a parametric regression model relating parcel char-
acteristics (area, perimeter, AGB density, forest cover) to parcel SE can
provide accurate uncertainty estimation for any map subregion with
only a fraction of the computing resources and data required to do so
from first principles. Overall, our approach and outputs can directly
support future model-based efforts and promote transparency in spatial
forest carbon accounting.
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Appendix A. Reference data uncertainty

A.1. Measurement and classification error

Both measurement and classification errors were randomly and
independently selected and assigned to individual trees before summing
tree-level predictions for each plot. We assumed normal distributions,
despite the fact that they only represent (at best) approximations of true
error distributions, for measured variables using parameters (mean,
standard deviation) reported in the literature (Table A.1). Decay code
(DECAYCD in FIA DB) misclassification was randomly assigned by
selecting a random number between 0 and 1, and randomly choosing a
sign (+). If the selected number was greater than the Yanai et al. (2023)
estimated 59% accuracy rate, then the decay class above or below was
assigned based on the randomly selected sign. Species classifications
(SPCD in FIA DB), percent of bole volume that is represented by bark
(BARK_VOL_PCT in FIA DB), and structural loss adjustments (Domke
et al., 2011) based on assigned decay codes were omitted from tree-
level uncertainty quantification due to lack of data or intractability. For
example, misclassification rates for tree-level species were estimated
by Yanai et al. (2023), but a method for assigning a replacement species
in the event of a misclassification was not apparent.
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Fig. A.1. Smoothed frequency distributions for diameter at breast height (DBH) from reference datasets. Pink distributions are sourced from the Northeastern partition of the
Legacy Tree Database which were used to construct allometric error distributions. Purple distributions are sourced from trees measured within the 2049 FIA plots in our New York
State model development dataset. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

A.2. Allometric model uncertainty

We utilized the legacy tree database, which provides destructive
measurements of volumes and weights of trees and tree components
(e.g. foliage, top and branches, bole) for North American tree species
(Radtke et al., 2015), to account for allometric model uncertainty. We
selected only those records obtained from sites or studies within FIA’s
designated Northeastern states because the CRM models for NYS are
specific to this region (Woodall et al., 2011). The range of tree DBH
values present in the set of legacy tree records from the Northeastern
states covers all but the largest individuals in NYS FIA dataset (Fig.
A.1). This indicates that our error distributions are mostly represen-
tative of the reference data population used to train our models but
may omit potential systematic errors relating to underestimations of
large-tree biomass (Stovall et al., 2018).

We used the selected database records to produce separate hard-
wood and softwood empirical residual distributions for bole volume,
bole bark biomass, bole wood biomass, foliage biomass, and total tree
biomass (Fig. A.2). We did not account for stump biomass uncertainty
or error since stump biomass measurements were not available for
the Northeastern partition of the legacy tree database, and tractable
estimates of uncertainty or error were not presented with the stump
biomass models published in Raile (1982). All biomass residuals were
computed relative to total tree biomass predicted with Jenkins et al.
(2003) allometric models, and volume residuals were computed rela-
tive to predicted bole volume with Scott (1981) models so that adding
randomly selected residuals would produce new estimates that were
within a reasonable distance from the original.

Under the CRM approach, top and branch biomass (TAB) is pre-
dicted by subtracting all other predicted component biomass (stump,
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bole, foliage) from the predicted total. To ensure that our random
residual selection yielded TAB estimates that were ecologically sound,
we also compiled ratios of TAB to total tree biomass (minus predicted
stump biomass; Appendix C) using the legacy tree database. We did
not partition the TAB ratio distribution further into softwood and
hardwood distributions since there were limited database records with
both TAB measurements and total tree biomass measurements. Given
the paucity of TAB ratio data, we filtered three records from the TAB
ratio distribution where ratios were >0.5 to limit their influence on
the overall outcome. After all components (total biomass, bole biomass,
stump biomass, and foliage biomass) had been predicted and random
selected residuals had been added to each component, we randomly
selected a TAB ratio, computed a TAB prediction ([TAB ratio] - [to-
tal biomass]), and summed all components. The difference between
the sum of components and the total was proportionally subtracted
from each component to ensure that the sum of predicted component
biomass was equal to the predicted total tree biomass. All allometric
errors were assumed to be independent between trees.

A.3. Plot location uncertainty

FIA plots are composed of four identical circular subplots with
radii of 7.32 m (24 ft), with one subplot centered at the macroplot
centroid and three subplots located 36.6 m (120 ft) away at azimuths
of 360°, 120°, and 240° (Bechtold and Patterson, 2005). The FIA pro-
gram averages individual plot locations collected over multiple repeat
visits to improve upon the precision and accuracy of field-recorded
coordinates (Cooke, 2000; Hoppus and Lister, 2005). We constructed a
normal distribution representing plot location errors by computing the
standard deviation of differences between field-recorded coordinates
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Fig. A.2. Smoothed frequency distributions of allometric model uncertainty information compiled from the legacy tree database. Distributions for all individual panels have been
rescaled separately, such that the most common occurrences within each panel are assigned a value of 1. (a) Relative residuals for five estimated tree components. Bole volume
residuals are relative to bole volume, while all biomass residuals are relative to total tree biomass. (b) Ratios for top and branch biomass relative to total biomass.

and the corresponding average coordinates across all plots in the model
development set (Table A.1). To represent this positional uncertainty in
V/arb:,, (specifically within V/ar\,ef), for each plot and at each bootstrap
replication, we randomly selected a distance d from the constructed
normal distribution and a random azimuth a between 0° and 360° to
create new plot centroids and subsequent plot polygons that were offset
from the original plot centroid by a distance d m and an angle a°.

Appendix B. Auxiliary data description

Each of the 29 predictor layers (Table B.1) were projected to match
Landsat 30 m pixel geometries. The raster stacks of predictors were
clipped and aggregated at the constructed FIA plot polygons (Appendix
A) to produce training datasets. Specifically, for each predictor and
plot, we calculated the mean of pixel values intersecting the plot
geometry weighted by the fraction of each pixel overlapping with the
plot area. Raster stacks of predictors were clipped to the boundaries
of the parcels in our sample for mapping (Section 2.2). The exactex-
tractr (Baston, 2022) and terra (Hijmans, 2023) packages for the R (R
Core Team, 2023) programming language were used to create the plot-
and parcel-level auxiliary datasets.

Appendix C. Component ratio method

See Fig. C.1.
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Appendix D. Aboveground biomass machine learning ensemble
models

Following the ‘direct’ approach in Johnson et al. (2023), each
ensemble, for every replication i, was a linear regression that com-
bined predictions from a random forest implemented with the ranger
R package (Breiman, 2001a; Wright and Ziegler, 2017), a stochastic
gradient boosting machine as implemented in the lightgbm R package
(Friedman, 2002; Ke et al.,, 2017; Shi et al., 2022), and a support
vector machine (SVM) as implemented in the kernlab R package (Cortes
and Vapnik, 1995; Karatzoglou et al., 2004). We used the same set
of hyperparameters, identified in Johnson et al. (2023) as the most
performant via an iterative grid search using five-fold cross validation
within the 80% training partition (Section 2.3), for each respective
ML model across all bootstrap replications. We used these pre-selected
hyperparameters not only because the iterative grid search used in
Johnson et al. (2023) was computationally expensive, but also be-
cause we do not expect the AGB or predictor distributions within
each bootstrap sample to fundamentally differ since they represent the
same underlying population. Further information describing the ML
ensembles and hyperparameter tuning can be found in Johnson et al.
(2023).



L.K. Johnson et al Remote Sensing of Environment 330 (2025) 114951

a

|:| Hardwood |:] Softwood

:1)
E

0.75

0.50

0.25

Density (maximum

(.

0.00

0 500 1000 1500 100 200

Tree AGB SD (kg) Tree AGB CV (%)

0.50

0.25

Density (maximum = 1)

0 10 20 20 40 60

Plot AGB SD (Mg ha™") Plot AGB CV (%)

Fig. A.3. Reference data uncertainty results. Smoothed frequency distributions estimates for individual tree (a) and plot (b) AGB standard deviations (SD) and coefficients of
variation (CV; SD/AGB 100) over the 1000 bootstrap replications. Distributions for individual panels have been rescaled separately such that the most common occurrences within
each panel are assigned a value of 1.

Table B.1
Definitions of predictors used for model fitting.
Group Predictor Definition
TCB, TCW, TCG Tassled cap brightness, wetness, and greenness, with noise removed using
LT-GEE
s NBR Normalized burn ratio with noise removed using LT-GEE
Spectral indices
NDVI Normalized difference vegetation index with noise removed using LT-GEE
SR Simple ratio with noise removed using LT-GEE
MSR Modified simple ratio with noise removed using LT-GEE
Delta Delta_* Change computed with 1 year lag for all predictors in the ‘Spectral
indices’ group
Disturbance YOD, MAG Year of most recent disturbance and associated magnitude of NBR change,
as identified using an NBR segmentation in LT-GEE (1985-2019)
CHM Global canopy height model reflecting 2005 conditions (Simard 2011),
downsampled from 1 km to 30 m resolution
ECOZONE EPA level 4 ecozones. Aggregated to level 3 if level 4 areas <2% of the
Ecological state. Set to ‘other’ if level 3 aggregation <2% of state.
WETLAND Wetland classification codes from the FWS National Wetlands Inventory
DIST_TO_WATER Distance in meters to nearest TIGER/Line Shapefile water from the US

Census Bureau

Climate PRECIP, TMAX, TMIN 30-year normals for precipitation, maximum temperature, and minimum
temperature, derived from annual PRISM climate models

Topographic ASPECT, ELEVATION, Aspect, elevation, slope, and topographic wetness index derived from a
SLOPE, TWI 30-m digital elevation model
Landcover LCPRI, LCSEC LCMAP primary and secondary land cover classifications
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Fig. C.1. Flowchart showing key elements of the component ratio method (CRM; Woodall et al., 2011) for predicting tree-level AGB (DRYBIO_AG) using the FIA database. All

names of inputs reflect FIA database values as best as possible.

Appendix E. Residual variance model

Following the approach outlined in McRoberts et al. (2022), we
arranged our assessment plots in order of increasing AGB prediction
and partitioned the data into thirty equal AGB intervals ranging from 0
to the maximum AGB prediction in the dataset. To ensure a sufficient
number of observations were available to estimate residual variance for
each interval (McRoberts et al., 2022), we collapsed the initial groups
until each interval contained at least 10 plots, resulting in 21 groups.
We then computed the average AGB prediction and the residual vari-
ance for each group, and fit several forms of regression models relating
AGB to residual variance for the 21 points in the dataset. Specifically,
we evaluated linear, log-linear, log-log, third order polynomial, and
natural cubic spline (2 knots; Hastie (1992)) model forms. The most
basic (linear) model form was constructed as follows:

Gr=Py+p - Fi+e (E.1)

where §, is the average AGB prediction for the group, % is the
estimated residual variance for the group, and f, and g, are coefficients
estimated via ordinary least squares. All other model forms were fit
similarly, using the same independent and dependent variables, but

20

with log-transformations or additional model terms. When log trans-
formations were used, we back-transformed estimates to a linear scale
and applied multiplicative correction factors (CF; Eq. (E.2)) defined
in Sprugel (1983) to eliminate log-transformation bias (Baskerville,
1972) as follows:

CF = /2 (E.2)

where sigma is the residual standard deviation from the fitted model.
Appendix F. Spatial autocorrelation of residuals

We temporally and spatially matched annual Landsat-based AGB
predictions from Johnson et al. (2023) with the spatiotemporal patch-
work of LiDAR-based AGB predictions from Johnson et al. (2022)
spanning the years 2014-2019 (Appendix H). We then selected a
simple random sample of 500,000 pixels from these matched maps
and used them to compute residuals (Eq. (11)). We first calculated
an empirical semivariogram from our sampled residuals with a bin
width of 30 m (pixel resolution) which we then used to fit exponential,
spherical, Matern, and Gaussian model semivariograms using ordinary
least squares. We also fit nested combinations of these four basic
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Fig. E.1. Natural cubic spline residual variance model fit (blue line) representing residual variance as a function of AGB prediction.
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Fig. F.1. Nested Matern model semivariogram (blue line) fit to empirical semivariogram (black points) computed with a simple random spatial sample of 500,000 residuals (linear
scale). Dashed vertical line represents effective range. 3 km lag distances yield semivariances >99% of the sill. Refer to Eq. (11) in the main body of the text for residual definition.

variograms to achieve greater flexibility. We assessed the fits of each
model semivariogram visually, and selected the best fitting model to
use in Eq. (10). All variogram computation and fitting was done with
the gstat R package (Pebesma, 2004; Griler et al., 2016).

Appendix G. Modeling estimated standard error (total variance)
as a function of parcel characteristics

We fit four candidate models: one with no variable transformation,
a second with natural log transformations for both the dependent and
independent variables, and third and fourth models with natural log
transformations for the dependent and independent variables respec-
tively. When log transformations were used, we back-transformed esti-
mates to a linear scale and applied correction factors (Eq. (E.2)) defined

21

in Sprugel (1983) to eliminate log-transformation bias (Baskerville,
1972). Candidate models were constructed as follows:

SE = fy+ p, - AGB + p, - %eForest + p5 - Area+ f - Perimeter +¢ (G.1)
In(SE) = By + By - In(AGB) + p, - In(% Forest) + p5 - In(Area)
+ p, - In(Perimeter) + € (G.2)

In(SE) = fy + B, - AGB + p, - %Forest + fi; - Area+ f; - Perimeter + ¢

(G.3)

SE = fy + By - In(AGB) + p, - In(% Forest) + p5 - In(Area)
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Table G.1

Coefficient of determination (R?) for four candidate standard error (SE) models with a random 80% of the parcel sample (training partition).
Equation Model R?
Gl SE = fy+ B, - AGB + 3, - %oForest + f; - Area+ f, - Perimeter + € 0.76
G2 In(SE) = fy + f; - In(AGB) + p, - In(%Forest) + f5 - In(Area) + f, - In(Perimeter) + € 0.94
G3 In(SE) = py + f, - AGB + p, - %Forest + p5 - Area + p, - Perimeter + ¢ 0.50
G4 SE = B, + B, - In(AGB) + B, - In(% Forest) + 5 - In(Area) + p, - In(Perimeter) + € 0.78

0 20
Modeled SE (Mg ha™)

40 60

Fig. G.1. Standard error (SE) estimated with Egs. (1) and (2) vs. SE estimated from a natural log-log regression with parcel area, perimeter, AGB density, and % forest cover as
independent variables. Each point represents a parcel from the testing partition of the sample. 1:1 line in red.

+ B, - In(Perimeter) + € (G.49)

where AGB, % Forest, Area, and Perimeter are described in Section 2.8
and B, ..., B, are coefficients estimated via ordinary least squares.
Each of the candidate models were fit to a randomly selected 80% of
the parcel sample (training set) and were compared on the basis of R2.
The candidate model with the best R? statistic was selected as the final
model. Using the final model and the remaining 20% of the parcel
sample (testing set) we computed model accuracy metrics including
root mean squared error (RMSE), mean absolute error (MAE), mean
error (ME), and R? using the yardstick R package (Kuhn et al., 2023).
All model accuracy and comparison metrics were computed after any
necessary backtransformation and bias-correction had been applied.

Appendix H. LiDAR collection dates

See Fig. H.1.
Appendix I. Empirical coverage of 95% confidence intervals

We used 255 parcels within our parcel testing set that were en-
tirely contained within the spatial footprint of the LiDAR collections
processed in Johnson et al. (2022) (Appendix H) to assess the coverage

of our estimated 95% confidence intervals. For each of these parcels
we:

1. Extracted LiDAR-AGB pixel predictions.

2. Extracted Landsat-AGB pixel predictions from Johnson et al.
(2023) for the year corresponding to the LiDAR collection.

3. Extracted LCPRI classifications for the year corresponding to the
LiDAR collection.

4. Masked nonforest LiDAR-AGB and Landsat-AGB pixels to
0 Mg ha”! using LCPRI classifications (Section 2.5).

5. Estimated average AGB density using masked pixels to get
LiDAR- and Landsat-based estimates.

6. Used the final SE model to estimate SE based on Landsat-based
AGB density, % Forest, area, and perimeter (Section 2.8).

7. Built 95% CI around the Landsat-based estimate using the esti-
mated SE.

8. Compared 95% CIs to LiDAR-based estimate.

Appendix J. Bootstrap variance stability

See Fig. J.1.

Data availability

Data will be made available on request.
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Fig. H.1. Spatial extent of forest aboveground biomass maps developed with aerial LiDAR in Johnson et al. (2022) colored by date of LiDAR collection. (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. J.1. Bootstrap variance stability. After i bootstrap replications (x-axis) the percent of parcels (y-axis) with Va_, estimates within a threshold distance (colors) from the
V/_ar;, estimate made with 1000 replicates (V;;,,Jk), (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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