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 A B S T R A C T

The United States national forest inventory (NFI) serves as the foundation for forest aboveground biomass 
(AGB) and carbon accounting across the nation. These data enable design-based estimates of forest carbon 
stocks and stock-changes at state and regional levels, but also serve as inputs to model-based approaches 
for characterizing forest carbon stocks and stock-changes at finer spatial and temporal resolutions. Although 
NFI tree and plot-level data are often treated as truth in these models, they are in fact estimates based on 
regional species-group models and parameters known collectively as the Component Ratio Method (CRM). In 
late 2023 the Forest Inventory and Analysis (FIA) program replaced CRM nationwide with a new National 
Scale Volume and Biomass Estimators (NSVB) system that offers more precise and accurate representations 
of forest AGB and carbon. Given the prevalence of model-based AGB studies relying on FIA, there is concern 
about the transferability of methods from CRM to NSVB models, as well as the comparability of existing CRM 
AGB products (e.g. maps) to new and forthcoming NSVB AGB products. To begin addressing these concerns 
we compared previously published CRM AGB maps and estimates to new maps and estimates produced using 
identical methods with NSVB AGB reference data. Our results suggest that models relying on passive satellite 
imagery (e.g. Landsat) provide acceptable estimates of point-in-time NSVB AGB and carbon stocks, but fail to 
accurately estimate growth in mature or closed-canopy forests. We highlight that existing estimates, models, 
and maps based on FIA reference data are no longer compatible with NSVB, and recommend new methods as 
well as updated models and maps for accommodating this shift. Our collective ability to adopt NSVB in our 
modeling and mapping workflows will help us provide the most accurate spatial forest carbon data possible 
in order to better inform local management and decision making.
1. Introduction

Measuring and monitoring forest biomass is an active area of re-
search, with mapped predictions of forest aboveground biomass (AGB) 
in particular being used to inform carbon accounting efforts alongside 
other conservation and stewardship activities. In the United States (US) 
context, such maps often rely upon AGB estimates from the US Forest 
Inventory and Analysis program (FIA) which provides tree-level AGB 
estimates for millions of trees across thousands of plots throughout 
the US (Gray et al., 2012). These tree-level estimates can then be 
aggregated to plots and used to estimate AGB across the landscape 
(Bechtold and Patterson, 2005). However, these design-based estimates 
are limited to a relatively coarse spatial resolution due to the density of 

∗ Corresponding author at: Oregon State University, College of Forestry, Corvallis, OR, 97331, USA.
E-mail addresses: johnsl27@oregonstate.edu (L.K. Johnson), mjmahone@esf.edu (M.J. Mahoney), grant.m.domke@usda.gov (G.M. Domke), cbeier@esf.edu 

(C.M. Beier).

the FIA sample (McRoberts, 2011). A plethora of studies have demon-
strated that model-based estimation can produce AGB estimates at finer 
resolutions, fitting models to predict FIA’s AGB estimates using remote 
sensing data products (for instance, Kennedy et al., 2018a; Johnson 
et al., 2022, 2023; Huang et al., 2019; Ayrey et al., 2021; Zheng et al., 
2007). These studies commonly treat the AGB estimates provided by 
FIA as ground truth and adopt them with only minimal adjustments or 
corrections (if any).

However, FIA’s AGB estimates are not actual ground truth mea-
surements, but are instead produced by applying allometric models 
to variables (e.g. height, diameter at breast height) more easily mea-
sured in the field. Historically these estimates have been made using 
the component ratio method [CRM; Woodall et al. (2011b); Heath 
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et al. (2009)], a combination of regional species-group-specific allo-
metric models that estimate biomass as a function of tree diameter and 
height. Although AGB estimates from CRM are useful, they do have 
several limitations. In particular, CRM models for non-merchantable 
portions of trees were not fit using actual tree component measure-
ments (e.g. branches, tops, foliage) and the administrative boundaries 
used to delineate regional models did not correspond to underlying 
ecological gradients (Woodall et al., 2011b; Westfall et al., 2023).

In light of these limitations and the rapidly growing interest in mea-
suring and monitoring AGB and forest carbon stocks, FIA introduced 
a new National Scale Volume and Biomass Estimators (NSVB) system 
to replace CRM nationwide in late 2023 (Westfall et al., 2023). NSVB 
estimates of AGB address several concerns with CRM and provide a 
more unified and accurate set of estimates for AGB across the nation 
(Westfall et al., 2023). NSVB also represents a step-change in forest AGB 
estimation, with NSVB estimating 14.6% more forest AGB nationwide 
than CRM estimates using the same field measurements. This difference 
varies across geographic regions and forest compositions with differ-
ences in estimated state-level AGB ranging from +37.1% for Indiana to 
−1.5% for Washington (Westfall et al., 2023; Virginia Tech, 2023a,c). 
A major driver of these differences appears to be improvements to the 
estimation of top and limb biomass, and as a result species that are poor 
self-pruners or otherwise grow denser tops and branches often saw the 
largest increases in estimated AGB under NSVB.

The new AGB and carbon estimates introduced with NSVB do not 
reflect on-the-ground changes in forest structure or function, but simply 
represent accounting changes resulting from swapping one system of al-
lometric models for another. Although they are purely due to structural 
differences in the allometric models used, these accounting changes aim 
to improve our understanding of forest AGB and carbon stocks and 
fluxes across the landscape by increasing the precision and accuracy 
of tree-level volume, biomass, and carbon estimates. Therefore it is 
necessary to update existing carbon-monitoring systems that rely on 
FIA estimates of AGB or carbon to incorporate the benefits of NSVB in 
resulting map products and estimates. However, given the importance 
of top and limb biomass in NSVB estimates, it is not clear if common 
model-based approaches relying on remotely sensed data, which may 
have difficulty penetrating the canopy to capture the density of tops 
and branches in a forest, will be as effective at predicting NSVB esti-
mates. This in turn has obvious downstream implications for how forest 
carbon accounting will be impacted by the shift from CRM to NSVB 
estimates of forest AGB and carbon stocks, and suggests the urgent 
need to revisit existing modeling pipelines. Further, we are concerned 
about the comparability of existing maps produced using CRM AGB to 
newer products produced using NSVB AGB. It is not yet known whether 
AGB maps produced using NSVB will be simple ‘‘rescalings’’ of their 
CRM equivalents, or if these new maps will exhibit new patterns across 
focal landscapes. These questions and concerns are particularly pressing 
given the proliferation of AGB models based on FIA data (for instance, 
Kennedy et al., 2018a; Johnson et al., 2022, 2023; Huang et al., 2019; 
Ayrey et al., 2021; Zheng et al., 2007) and both the growing demand 
and technical capacity for remote monitoring of forest carbon stocks.

To begin answering these questions, we compared previously pub-
lished CRM AGB maps to new maps produced using identical methods 
but NSVB AGB estimates as reference data. Specifically, we replicated 
the methodology of Johnson et al. (2023) which was developed to 
map CRM AGB at a 30 m resolution annually (1990–2019) for a 
variety of applications related to map-based stock-change assessments, 
screening or prioritizing forest parcels for enrollment in nature-based 
climate programs, and future monitoring, reporting, and verification 
(MRV) systems across New York State (NYS). With this modeling 
framework in place, we saw an opportunity to explore the impacts 
of exchanging CRM AGB reference data for NSVB AGB reference in 
a well-established empirical modeling approach relying on FIA plots 
and Landsat imagery (Lu, 2006; Hall et al., 2006; Powell et al., 2010; 
Pflugmacher et al., 2012; Deo et al., 2016; Kennedy et al., 2018a). 
2 
We (1) produced four NYS-wide NSVB AGB maps for 2005, 2010, 
2015, and 2019; (2) compared estimates of statewide CRM and NSVB 
AGB stock and stock-changes across these four years; (3) compared 
CRM and NSVB AGB maps and the spatial patterns of their differences 
for 2019; and (4) compared the ability for machine learning models 
based on Landsat imagery to estimate CRM and NSVB AGB overall. 
Given the estimated 5.7% increase in NYS AGB following a transition 
to NSVB (Virginia Tech, 2023b) and the increased accuracy in NSVB 
tree biomass (Westfall et al., 2023), we expected Landsat-based models 
of NSVB-AGB to produce larger predictions on average, yielding larger 
statewide totals, and stronger agreement with FIA reference data and 
estimates.

2. Methods

2.1. Study area

New York State covers 141,297 km2 of the northeastern United 
States. Daily temperatures across the state ranged from -17 ◦C to 28 ◦C 
in 2019, while monthly precipitation for the same period ranged from 
5.0 cm to 16.8 cm (NOAA National Centers for Environmental Infor-
mation, 2022). Elevation ranges from −2 m to 1584 m above sea level 
(US Geological Survey, 2019). The majority of the state occupies the 
northern hardwoods-hemlock forest region, though there are important 
inclusions of beech-maple-basswood and Appalachian oak communities 
in the western and southern reaches of the state, respectively (Dyer, 
2006). Like much of the US Northeast, NYS was extensively deforested 
during the 18th and 19th centuries, with subsequent reforestation and 
conservation resulting in a landscape dominated by forest stands that 
are now over 100 years old (Whitney, 1994; Lorimer, 2001; Mahoney 
et al., 2022b). NYS created the Forest Preserve in 1885, establishing the 
foundation for what became the Adirondack and Catskill Parks decades 
later. Any state-owned or acquired lands within these parks has since 
been designated as ‘forever wild’ and has largely been preserved, with 
no timber harvesting.

The US Forest Service estimates that National Scale Volume and 
Biomass estimators (NSVB) induced changes to aboveground biomass 
(AGB) estimates for New York State (NYS) will be moderate, with an 
estimated 5.7% increase in AGB statewide (Virginia Tech, 2023b). This 
increase is not distributed evenly across species, however; FIA estimates 
that red spruce (Picea rubens) AGB will increase by approximately 
38.7%, while sugar maple (Acer saccharum) AGB will increase by just 
under 5%, and yellow birch (Betula alleghaniensis) AGB will decrease 
by roughly 5% (Virginia Tech, 2023b). These species are not uniformly 
distributed throughout the state: red spruce is most common in high-
elevation forests throughout the Adirondack Park; sugar maple is the 
largest contributor to statewide total standing biomass (Virginia Tech, 
2023b) with the greatest abundance in montane regions with more 
mature forests, often in combination with yellow birch (Wilson et al., 
2012; Riemann et al., 2014). As a result, it is not yet known how local 
to regional estimates of forest AGB and carbon sequestration will be 
impacted by the switch to NSVB.

2.2. Comparing CRM and NSVB AGB for individual trees

In light of the larger statewide AGB estimates, the increased accu-
racy and magnitude of estimates of biomass stored in tops and limbs of 
trees, and the variability of these changes across tree species associated 
with a shift to NSVB (Westfall et al., 2023; Virginia Tech, 2023b), we 
compared FIA estimates of tree-level AGB, and top and branch biomass, 
for the Component Ratio Method (CRM) and NSVB. These comparisons 
aimed to provide more insight into the main drivers of the difference 
in predictions and estimates at pixel to statewide scales. Specifically, 
we selected the twelve most abundant species by stem count in our 
model development dataset (Section 2.3.1; 78% of the population) and 
plotted the difference between NSVB and CRM estimates as a function 
of tree-diameter for each species.
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Fig. 1. A flowchart diagram showing the key elements of both the modeling and mapping methodology and the CRM v NSVB comparisons. Cylinders represent data repositories, 
parallelograms represent data products and results, rectangles represent processing steps, and ovals represent models.
2.3. Modeling NSVB AGB

The ‘‘direct’’ modeling approach developed in Johnson et al. (2023) 
used CRM AGB estimates at FIA field plots as reference data and 
temporally matching Landsat imagery and landcover classifications, as 
well as temporally static climate, topographic, and ecological layers as 
predictor data. The resulting machine learning ensemble model was 
used to make annual (1990–2019) CRM AGB predictions at a 30 m 
resolution across NYS. We repeated the methods used in the direct 
modeling approach from Johnson et al. (2023) to develop four NSVB 
AGB maps (2005, 2010, 2015, 2019) for NYS. We emphasize that the 
same plots (model-development and map assessment), auxiliary data, 
and machine learning algorithms were used; the only difference is in 
the allometric models used to generate plot-level AGB reference data 
from the FIA database. We summarize how we used the Johnson et al. 
(2023) direct modeling approach to make NSVB maps and estimates 
and how we compare them to CRM maps and estimates below (Fig.  1).

2.3.1. Field inventory data

Each FIA plot contains four 7.32 m radius (24 ft) circular subplots, 
one at the center of the plot and three centered 36.6 m (120 ft) away 
from the plot center at azimuths of 120◦, 240◦, and 360◦ (Bechtold 
and Patterson, 2005). We obtained true plot centroids for FIA plots 
within New York State under an agreement with the FIA program office. 
Plots are assigned to one of five panels, each assumed to have complete 
spatial coverage across the state, and remeasured on a 5–7 year basis. 
Trees on land considered to be forested within each subplot ≥ 2.54 cm 
(1 in) DBH are measured and translated to estimates of AGB using the 
NSVB system of allometric models. To maintain consistency with CRM 
and Johnson et al. (2023), we aggregated AGB estimates for trees ≥
3 
12.7 cm (5 in) to the FIA plot-level. We then area-normalized these 
estimates to convert them into units of Mg ha−1. FIA considers land to 
be forested if an area at least 0.4 ha in size and 120 m in width is not 
developed for nonforest land uses and is at least 10% stocked with trees. 
Under this definition, it is likely that some woody AGB exists on some 
of these nonforest lands not measured by FIA. However, in the absence 
of field measurements for these areas, we treated these nonforest lands 
as having no AGB.

We filtered the complete set of FIA plots within New York State 
measured between 2002 and 2019 to only those inventories where all 
four subplots were measured. This initial selection criteria resulted in 
a pool of 5144 plots. We then divided this set of plots into model 
development and map assessment datasets using FIA’s panel desig-
nation, with one of the five panels randomly selected and all plots 
with this designation assigned to the map assessment dataset, and 
the remaining plots assigned to the model development dataset. In 
this way we partitioned 20% of the available data for an independent 
map assessment, yielding a probability sample with complete spatial 
coverage which allowed us to use design-unbiased estimators for map 
agreement metrics (Riemann et al., 2010; Stehman and Foody, 2019).

We then filtered the model development set to only include com-
pletely forested (and therefore completely measured) plots. We added 
to this set a group of completely nonforested plots with maximum 
LiDAR-derived canopy heights ≤ 1 m, which we assumed to correspond 
to having 0 AGB (Johnson et al., 2022), resulting in a total of 2049 
model development plots inventoried between 2002 and 2019. The 
map assessment set was further filtered to remove plots external to 
our mapped area based on our landcover mask (Johnson et al., 2023), 
resulting in 545 assessment plots inventoried in 2007,  2012, 2018, and 
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2019. 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.

2.3.2. Auxiliary data

Following Mahoney et al. (2022b), we derived a set of 16 pre-
dictors from annual (2002–2019) growing-season medoid compos-
ites of Landsat collection 1 imagery (USGS, 2018) using coefficients 
from Roy et al. (2016). These predictors were then processed using 
Landtrendr in Google Earth Engine using normalized burn ratio (NBR) 
vertices to produce temporally segmented, gap-filled, and smoothed 
timeseries metrics (Kennedy et al., 2010, 2018b). Derived metrics 
included NBR (Kauth and Thomas, 1976), tasseled-cap wetness, bright-
ness, and greenness (Cocke et al., 2005), normalized difference vege-
tation index (Kriegler et al., 1969), simple ratio (Jordan, 1969), and 
modified simple ratio (Chen, 1996), as well as the one-year change 
at each pixel for each of these indices. We use the spectral module 
for Google Earth Engine for index calculation (Montero et al., 2022). 
We additionally used the Landtrendr NBR segmentation to identify 
the years since the most recent disturbance as well as the associated 
magnitude of change in NBR at each pixel for the temporal range of 
1985–2019.

To this set of auxiliary data we added annual primary and secondary 
land cover classifications from the US Geological Survey’s Land Change 
Monitoring, Assessment and Projection (LCMAP) version 1.2 (Zhu and 
Woodcock, 2014; Brown et al., 2020) and a set of steady-state variables 
including 30 year normals for precipitation and temperature (PRISM 
Climate Group, 2022), elevation, aspect, slope, and topographic wet-
ness index derived from a 30 m digital elevation model (Beven and 
Kirkby, 1979; US Geological Survey, 2019; Mahoney et al., 2022a), 
predictions from a global canopy height model (Simard et al., 2011), 
distance to nearest waterbodies identified by the US Census Bureau 
(US Census Bureau, 2013; Walker, 2023), National Wetland Inventory 
classifications from the US Fish and Wildlife Service, and the Envi-
ronmental Protection Agency’s level 4 ecozones (Omernik and Griffith, 
2014; CEC, 1997). Ecozones were aggregated to their corresponding 
level 3 ecozone if they did not cover ≥ 2% of the state. If the aggregated 
level 3 ecozones also did not cover ≥ 2% of the state, they were assigned 
an ecozone of ‘‘other’’.

All auxiliary data was projected to match Landsat 30 m pixel geome-
tries using the terra package (Hijmans, 2023) for the R programming 
language (R Core Team, 2023). We used the exactextractr library (Bas-
ton, 2022) to spatially associate FIA plot inventories (both model-
development and map-assessment sets described in Section 2.3.1) with 
temporally matching gridded auxiliary data. We calculated the mean of 
pixel values intersecting with subplot locations weighted by the fraction 
of each pixel overlapping with the plot area.

2.3.3. Model fitting

We further partitioned the model development dataset (described 
in Section 2.3.1) into a training set (80% of observations) and a testing 
set (20% of observations). We fit a random forest (RF) as implemented 
in the ranger R package (Breiman, 2001; Wright and Ziegler, 2017), 
a gradient boosting machine (GBM) 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) to this 
training set. Hyperparameters were selected for each method through 
an iterative grid search using five-fold cross-validation. More infor-
mation on this tuning procedure is available in Section 2.6 (Model 
development) of Johnson et al. (2023).

We then used five-fold cross-validation to generate predictions from 
each of these models, using their optimal hyperparameters identified 
through the grid search, for each observation in the training dataset. 
4 
We then ensembled the three base models (RF, GBM, SVM) in order to 
produce a single final prediction by fitting a linear regression model 
estimating FIA plot AGB as a function of each of the base model 
predictions (Wolpert, 1992; Dormann et al., 2018). We selected this 
ensemble as our final model and all further discussions of model 
predictions refer to this ensemble. Following Johnson et al. (2023), 
and in order to avoid redundant comparisons between models of NSVB 
and CRM AGB, we focused here on the map agreement assessment and 
have provided model testing set metrics separately in Supplementary 
Materials 1.

2.3.4. Variable importance comparison

We conducted a variable importance assessment to investigate 
the degree to which relationships between auxiliary data layers and 
FIA plot-level AGB would change under a shift to NSVB. Variable 
importance was computed for the linear ensemble model using a 
permutation approach (Breiman, 2001). Since many of our predictors 
are highly correlated, we first clustered them based on Spearman rank 
correlation Euclidean distances. A cluster dendrogram was used to 
identify 16 distinct variable clusters. For each 𝑝 predictor, a separate 
linear ensemble model is trained. The 𝑝th predictor is selected, and all 
other predictors in the 𝑝th predictor’s cluster are excluded. A single 
predictor from the remaining 15 clusters is selected. The values for 
the 𝑝th predictor are then shuffled, breaking any potential relationship 
between the 𝑝th predictor and the response (AGB). The model is then 
trained with these 16 predictors (following the approach in Section 
Section 2.3.3), and RMSE is assessed via 10-fold-cross-validation on 
the 80% model development partition. Variable importance is then 
computed as the delta RMSE from the 𝑝th predictor model against 
the full model trained with all 𝑝 predictors. The variable importances 
are then standardized, such that the sum of all 𝑝 importance scores 
equals 1. In this analysis default hyperparameter values are used for 
all component ML models. We followed the same approach with CRM 
AGB reference data.

2.4. Mapping and postprocessing

We used the linear ensemble model to make predictions for all 
30 m pixels across the state for 2019 (the most recent map year in 
Johnson et al. (2023)), 2015, 2010, and 2005 (the earliest year possible 
to produce a statewide design-based estimate from the public FIA 
database.) All downstream results and comparisons were made with 
predictions from the linear ensemble model. Following Johnson et al. 
(2023), we masked our predictions with annual LCMAP version 1.2 
primary landcover classification product to remove pixels classified as 
developed, cropland, water, and barren. We then compared these maps 
to CRM-based maps representing 2019, 2015, 2010, and 2005 from 
Johnson et al. (2023).

2.5. Map agreement assessment

As this study represents one of the first model-based estimation stud-
ies based on NSVB AGB, we perform a comprehensive map agreement 
assessment of our NSVB AGB model following methods described in 
Riemann et al. (2010). Using the ensemble model, we predicted AGB 
at each 30 m pixel coincident with FIA plots in the map assessment 
set (Section 2.3.1), using predictors derived from Landsat imagery 
from the same year as each FIA plot inventory. We then used the 
exactextractr library to calculate the mean of these pixel predictions 
at each plot, weighted by the fraction of each pixel overlapping with 
the plot area (Baston, 2022). This data was pooled together across 
years (2007, 2012, 2018, 2019) resulting in a temporally generalized 
agreement assessment.

Following Riemann et al. (2010) we estimated model assessment 
metrics both directly using these weighted averages and FIA plot-level 
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estimates (plot-to-pixel) and after aggregating predictions and FIA plot-
level estimates to multiple regular grids of variably-sized hexagons, 
increasing in size such that hexagon centroids ranged from 2 km to 
50 km apart (1 km separation yields the equivalent to a plot-to-pixel 
comparison).

Model assessment metrics included root mean squared error (RMSE; 
Eq.  (1)), mean absolute error (MAE; Eq.  (2)), mean error (ME; Eq.  (3)), 
and R2 (Eq.  (4)): 
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√( 1
𝑛
)

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦𝑖)2 (1)

MAE = (1
𝑛
)

𝑛
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦𝑖|| (2)

ME = (1
𝑛
)

𝑛
∑

𝑖=1
𝑦𝑖 − 𝑦𝑖 (3)

R2 = 1 −
∑𝑛

𝑖=1
(

𝑦𝑖 − 𝑦̂𝑖
)2

∑𝑛
𝑖=1

(

𝑦𝑖 − 𝑦̄
)2

(4)

Where 𝑦𝑖 is FIA estimated AGB, 𝑦̂𝑖 is model-predicted AGB, and 𝑦̄ is 
mean FIA estimated AGB. Interpreting RMSE and MAE can be difficult, 
as these metrics are in units of Mg ha−1 which can make interpret 
the relative magnitude of errors challenging without also knowing the 
mean and distribution of pixel AGB values. To aid interpretation, we 
present normalized variants of these metrics rescaled by the mean AGB 
within the map assessment dataset: 

RMSE % = 100 ⋅ RMSE
𝑦̄

(5)

MAE % = 100 ⋅ MAE
𝑦̄

(6)

Each of these metrics was estimated at a plot-to-pixel scale and 
after aggregation to each grid of hexagons. Metric calculations used 
the waywiser and yardstick R packages (Mahoney, 2023; Kuhn et al., 
2023). For the plot-to-pixel scale, we additionally produced a 1:1 scat-
ter plot to examine where over- or under-predictions of FIA reference 
data occurred. We included the same metrics produced in Johnson et al. 
(2023) to be able to compare agreement with FIA across NSVB AGB 
maps and models produced in this study to CRM analogs. Finally, we 
assessed how well the distribution of predictions from Landsat-based 
models of CRM and NSVB AGB approximated the distributions of their 
corresponding FIA estimates within the map assessment set using em-
pirical cumulative distribution function plots and Kolmogorov–Smirnov 
(KS) tests (Massey, 1951).

2.6. Map comparisons

We directly compared a 2019 NSVB AGB map produced in this study 
to a 2019 CRM AGB map produced by the direct modeling approach in 
Johnson et al. (2023). We also compared NSVB and CRM AGB percent 
rank maps representing each pixels position in the statewide distribu-
tion of biomass predictions (e.g. 100% rank is the largest prediction 
in the NYS map). We differenced AGB maps and percent rank maps 
to identify spatial patterns of both absolute changes between CRM and 
NSVB predictions as well as shifts relative to the statewide distributions. 
We also assessed the agreement between these 2019 AGB maps across 
multiple scales of aggregation with variably-sized hexagons (centroids 
1 km to 50 km apart; Section 2.5; Riemann et al. (2010)) using the 
agreement coefficient (AC; Eq.  (7)) from Ji and Gallo (2006): 
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) (7)

Here 𝑦 represents predictions from the CRM model, while 𝑦̂ rep-
resents predictions from the NSVB model. AC is a symmetrical metric 
which allows for errors in both 𝑦 and 𝑦̂, making it useful to compare 
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model predictions to one another. AC is bounded [−∞, 1], with a value 
of 1 representing perfect agreement.

A benefit of AC is that it can be broken down into systematic 
(ACs) and unsystematic (ACu) components so that we were able to 
determine the degree to which differences in maps produced using CRM 
AGB are systematically different from maps produced using NSVB AGB, 
and therefore the degree to which they could be linearly rescaled to 
match NSVB-based estimates. Further details of this derivation and the 
decomposition of AC into ACs and ACu are provided in Ji and Gallo 
(2006) and Supplementary Materials 2.

We tested rescaling model-based CRM AGB to model-based NSVB 
AGB with a simple linear regression model as follows: 
NSVBmod = 𝛽0 + 𝛽1 ⋅ 𝐶𝑅𝑀𝑚𝑜𝑑 + 𝛽2 ⋅ 𝐸𝑙𝑒𝑣𝑎𝑡𝑖𝑜𝑛 + 𝜀 (8)

Where NSVBmod, CRMmod, and Elevation were pixel-level values sam-
pled from a raster stack containing maps of NSVB and CRM AGB 
(2019; Mg ha−1) and elevation (m) as layers. We randomly divided the 
1,000,000 pixel sample into training (80%; n = 800,000) and testing 
(20%; n = 200,000) sets for model fitting and assessment respectively.

2.7. Statewide stock estimates

We additionally compared estimates of statewide AGB stocks across 
both sets of estimation methods (design-based vs model-based ap-
proaches) and allometric models (CRM vs NSVB). We made design-
based estimates of total NYS AGB and aboveground carbon (AGC) 
stocks for both NSVB and CRM, and for the years 2005, 2010, 2015, and 
2019 using FIA procedures as described in Pugh et al. (2018) and Bech-
told and Patterson (2005). These procedures use the Horvitz–Thompson 
estimator (Horvitz and Thompson, 1952) and leverage a two-phased 
sampling design that reduces variance through stratification. Our es-
timates included stems 12.7 cm (5 inches) and up, correspond to all 
forest land in NYS, and are ‘temporally indifferent’ (TI) implying that 
they pool all measurement panels within an inventory cycle to create a 
larger periodic inventory (Stanke et al., 2020; Bechtold and Patterson, 
2005). TI estimation is commonly used in FIA estimation tools (Doser 
et al., 2025; Miles, 2015) and trades more temporal smoothing for 
smaller variance. The measurement panels for each estimation year 
were organized as follows: 2019: 2013–2019, 2015: 2010–2015, 2010: 
2005–2010, 2005: 2002–2005. We emphasize that the same sample 
and estimator were used to make each pair of design-based estimates 
(e.g. CRM 2019 and NSVB 2019); the only difference was the set 
of allometric models used to generate plot-level AGB reference data 
from the FIA database. We then estimated model-based AGB stocks for 
both the CRM and NSVB-based models by multiplying the statewide 
average pixel-level AGB density (Mg ha−1) by the total mapped area 
in NYS (Section 2.4). Following CRM protocols described in Woodall 
et al. (2011b), AGC stocks were assumed to be 50% of AGB for all 
model-based CRM estimates. Under the new NSVB protocols described 
in Westfall et al. (2023), species-specific carbon fractions are used to 
convert AGB to AGC. We did not have access to a fine-resolution species 
map for NYS in our map years, but instead computed statewide carbon 
fractions for each respective map-year (2005, 2010, 2015, 2019) as an 
average of species-specific carbon fractions, weighted by each species’ 
relative contribution to FIA’s statewide AGB estimates. We used these 
fractions to convert model-based estimates of statewide total NSVB 
AGB to statewide total NSVB AGC. Hereafter, we use the FIA- prefix 
to denote design-based estimates, and the Landsat- prefix to denote 
model-based estimates. We thus compare the following four estimation 
approaches: FIA-CRM, Landsat-CRM, FIA-NSVB, and Landsat-NSVB.

2.8. Comparing stock-changes with NSVB and CRM

We computed statewide stock-change estimates by computing all 
pairwise differences of stocks (Section 2.7) across years (2019, 2015, 
2010, and 2005) for each method (e.g. 2019 FIA-CRM AGB minus 2005 
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Table 1
NSVB and CRM AGB map agreement results (vs FIA) for select scales using the map assessment set of FIA plots. RMSE, MAE, ME in Mg ha−1. 
Scale = distance between hexagon centroids in km; PPH = plots per hexagon; n = number of comparison units (plots or hexagons). All metrics 
as defined in Section 2.5.

Scale n PPH Allometric MAE % MAE RMSE % RMSE ME R2

 NSVB 47.25 36.01 60.33 45.97 −3.86 0.37
 Plot:Pixel 545 CRM 41.20 34.10 52.31 43.29 −4.83 0.38

 NSVB 39.82 30.03 52.66 39.72 −2.32 0.39
 20 km 293 1.86 CRM 35.02 28.68 45.49 37.25 −3.22 0.41

 NSVB 35.85 26.99 48.28 36.34 −0.72 0.39
 30 km 171 3.19 CRM 31.46 25.77 41.13 33.69 −2.10 0.40

 NSVB 28.24 20.93 38.87 28.81 3.39 0.44
 50 km 74 7.38 CRM 24.94 20.14 35.05 28.31 1.36 0.42
FIA-CRM AGB). This resulted in six distinct stock change estimates 
(2019– 2005, 2019–2010, 2015–2005, 2019–2015, 2015–2010, and 
2010–2005) representing three time steps (14-year, 9/10-year, and 
4/5-year) for each estimation approach and system of allometric mod-
els (FIA-CRM, Landsat-CRM, FIA-NSVB, Landsat-NSVB). Additionally, 
we compared pixel-level stock-changes by first computing stock change 
maps as 2019 AGB minus 2005 AGB for NSVB and CRM and then 
differencing these stock change maps (𝛥 NSVB - 𝛥 CRM). We used 
this stock-change difference map to identify landscape patterns of 
differences in statewide stock-change estimates.

3. Results

3.1. Tree-level differences

For the twelve most abundant species by stem count in our model 
development dataset, we found that NSVB aboveground biomass (AGB) 
estimates were often larger than CRM AGB estimates, and the magni-
tude of these differences increased as a function of tree diameter (Fig. 
2a). For the same trees, differences between NSVB and CRM top and 
branch biomass estimates were almost always positive (Paper birch 
[Betula papyrifera] the notable exception; Fig.  2b). Trends in these 
differences were mostly non-linear. Based on these results and previous 
reports (Westfall et al., 2023; Virginia Tech, 2023b), NSVB is often esti-
mating more tree-level biomass, and most of this biomass is attributed 
to the tops and limbs of trees, a component that was previously under-
represented in model building datasets (Westfall et al., 2023; Woodall 
et al., 2011b). These differences increase with tree size (Fig.  2), and 
thus we can infer that as trees grow NSVB is attributing more biomass 
to the tops and limbs of trees.

3.2. NSVB map agreement assessment

Mapped AGB predictions from the NSVB model became increasingly 
accurate and exhibited stronger agreement with FIA estimates as ag-
gregation unit size increased; % MAE decreased from 36.01 (agreement 
between FIA plots and pixel-level predictions) to 20.93% (agreement for 
hexagonal units spaced 50 km apart), % RMSE decreased from 45.97 to 
28.81%, and R2 increased from 0.37 to 0.44 (Table  1; Supplementary 
Materials 3). RMSE and MAE followed similar patterns. ME estimates 
were small across all scales of assessment and did not exhibit a mono-
tonic improvement with aggregation (Table  1; Supplementary Materials 
3).

3.3. NSVB vs CRM map

NSVB maps (Fig.  3) yielded marginally worse agreement with cor-
responding FIA estimates than their CRM counterparts across all scales 
of aggregation (Table  1; % MAE, % RMSE). CRM and NSVB AGB models 
approximated the distributions of their corresponding FIA estimates 
6 
Table 2
Results of a regression model representing NSVB AGB model predictions (Mg ha−1) as 
a function of CRM AGB model predictions (Mg ha−1) and elevation (m).
 Coefficient Standard error t p

 Intercept 9.533 0.051 186.7 < 0.001
 CRM AGB 1.135 < 0.001 3,282.9 < 0.001
 Elevation −0.023 < 0.001 −276.2 < 0.001

similarly (Supplementary Materials 4), but NSVB models appeared 
to be more impacted by saturation, a common issue when modeling 
forest structure with passive satellite imagery (Lu, 2005; Duncanson 
et al., 2010; Johnson et al., 2023) where models underpredict the 
largest reference observations (Fig.  4). Within the map assessment 
partition, Landsat-NSVB predicts a maximum value that is 58.68%
of the FIA NSVB reference maximum, while Landsat-CRM predicts 
a maximum value that is 62.44% of the FIA CRM reference maxi-
mum. Kolmogorov–Smirnov statistics confirmed that CRM AGB models 
were only marginally better at approximating the corresponding FIA 
distribution (CRM 0.17; NSVB 0.18).

NSVB and CRM AGB maps agreed with one another across all scales 
of aggregation (AC > 0. 9), but agreement decreased with increasing 
aggregation (Fig.  5). The majority of the disagreement was due to 
systematic differences between the maps (ACs). The AGB difference 
map showed that models of NSVB AGB produced larger estimates 
relative to models of CRM AGB across most of NYS, but produced 
smaller estimates concentrated in what appear to be the montane 
forests of the Adirondack and Catskill regions (Fig.  6a). In contrast 
to the AGB difference map, the percent rank difference map showed 
a more uniform pattern of downshifts and upshifts in percent rank 
across NYS, highlighting ‘gaining’ and ‘losing’ areas in terms of AGB 
density (more or less AGB relative to the rest of the state) with a 
shift to NSVB. High-elevation areas still contained the largest relative 
downshifts in percent rank from CRM to NSVB (Fig.  6b) indicating that 
models estimated these areas to be much less AGB-dense relative to the 
rest of NYS following a change from CRM to NSVB.

The linear regression model (Eq.  (8)) used to rescale CRM AGB 
to NSVB AGB was accurate (RMSE 14.07, MAE 10.93, ME 0.02) and 
represented 93% (R2) of the variability in the model-based NSVB 
predictions from the test set. The regression coefficients succinctly 
described the observed spatial patterns of differences between model-
based CRM and NSVB AGB (Fig.  6), indicating that NSVB AGB would 
increase by ∼1.14 Mg ha−1 with every unit increase in CRM AGB and 
elevation held constant, but that NSVB AGB would decrease by ∼2 
Mg ha−1 for every 100 m of elevation gained and CRM AGB held 
constant (Table  2; Supplementary Materials 5).

3.4. Statewide stock and stock-change comparison

Estimates of total NSVB AGB and AGC for NYS were substantially 
larger than corresponding CRM estimates for both the design-based 
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Fig. 2. (a) Tree-level AGB differences and (b) top and branches biomass differences as estimated by FIA (𝛥 biomass; NSVB minus CRM), as a function of diameter at breast height 
(DBH) partitioned by the 12 most abundant species in our model development dataset. Each point represents a single tree. Dashed horizontal lines represent matches of NSVB and 
CRM estimates. Blue lines are fit to data using cubic splines with two knots.
and model-based methods (Fig.  7). However, Landsat-CRM estimates 
were better aligned with FIA-CRM estimates. On average, Landsat-CRM 
stocks were ∼2% larger than FIA-CRM stocks, but Landsat-NSVB stocks 
were ∼10% large than FIA-NSVB stocks. Differences in carbon fractions 
applied to convert AGB to AGC appeared to have minimal impact on 
statewide stock agreement.

Although FIA-NSVB stock estimates were greater than FIA-CRM 
stock estimates, Landsat-NSVB stock-change estimates were smaller 
than their CRM counterparts (Fig.  8). This led to a greater disagreement 
between Landsat-NSVB and FIA-NSVB stock-change estimates. This 
7 
was especially apparent for the 14-year timestep, where Landsat-NSVB 
underestimates FIA-NSVB estimates of 14-year statewide AGB accumu-
lation by 55.21 MMT, whereas Landsat-CRM only underestimated FIA-
CRM AGB stock-change by 7.58 MMT. Landsat-NSVB underestimation 
of FIA-NSVB stock-change estimates was present, but variable in mag-
nitude, across all time steps. In particular, stock-changes where 2005 
was the initial year yielded the largest disagreements, likely owing to 
the large disagreement between Landsat-NSVB and FIA-NSVB statewide 
AGB stock estimates in 2005 (Fig.  7). On the other hand, Landsat-CRM 



L.K. Johnson et al. Forest Ecology and Management 589 (2025) 122751 
Fig. 3. Landsat-predicted AGB for 2019. (a) Predictions made with models trained on NSVB-based FIA reference data. (b) Predictions made with models trained on CRM-based 
FIA reference data.
variably under- and over-estimated FIA-CRM stock-changes across time 
steps.

The stock-change maps for NSVB and CRM yielded nearly identical 
spatial distributions of AGB losses and gains, however the magnitudes 
of losses and gains differed (Fig.  9a, b). AGB losses from 2005 to 2019 
appeared to be greater in magnitude in the NSVB map than in the 
corresponding CRM map, particularly in the Adirondack region in the 
northeastern portion of the state (Fig.  9c). NSVB AGB gains over the 
8 
time period were only marginally larger than corresponding CRM AGB 
gains throughout the south-central region, and along the southeastern 
border of the state.

3.5. Variable importance comparison

Variable importance shifts from Landsat-CRM to Landsat-NSVB were 
not readily interpretable or meaningful (Supplementary Materials 6). 
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Fig. 4. Comparison of mapped AGB to FIA plot-level AGB for each set of allometric models (NSVB and CRM) for the map assessment set of FIA plots. Geometric mean functional 
relationship (GMFR) trend line shown with dashed (orange) line, and 1:1 line shown with solid (red) line.
Fig. 5. Agreement between NSVB AGB maps and CRM AGB maps across scales represented by distances between hexagon centroids. AC (agreement coefficient) and its systematic 
(ACs) and unsystematic (ACu) components as defined in Section 2.5.
The maximum variable importance across both models (NSVB, CRM) 
was 0.031 and the largest change in importance across all variables 
was 0.0026 The largest rank shift among 58 variables was 11.

4. Discussion

In this study we investigated the transferability of well-established 
methods for estimating, modeling, and mapping aboveground biomass 
(AGB) based on Landsat imagery between two United States (US) 
Department of Agriculture Forest Inventory and Analysis (FIA) refer-
ence datasets constructed with different systems of allometric models: 
9 
the legacy Component Ratio Method (CRM, Woodall et al., 2011a) 
and the new National Scale Volume and Biomass Estimators (NSVB, 
Westfall et al., 2023). To this end, we compared previously published 
CRM AGB maps and derived estimates (Johnson et al., 2023) to new 
maps and derived estimates produced using identical methods but with 
NSVB AGB reference data. We found that NSVB and CRM AGB maps 
agreed with one another, though systematic differences driven by NSVB 
allometric models were apparent in our maps; NSVB AGB predictions 
were generally larger than corresponding CRM AGB predictions and 
concentrations of smaller NSVB AGB existed in high-elevation regions 
of the state. Maps of NSVB and CRM AGB agreed similarly with 
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Fig. 6. Difference maps for 2019 computed as Landsat-predicted AGB with NSVB-based FIA reference data minus Landsat-predicted AGB with CRM-based FIA reference data. (a) 
AGB differences in units of Mg ha−1 (b) Percent rank differences. Mapped values capped at +/−30.
corresponding FIA reference datasets, however models of NSVB AGB 
were more impacted by saturation and thus were limited in their ability 
to characterize AGB growth statewide. These findings demonstrate that 
NSVB introduces a shift for model-based forest carbon estimation and 
monitoring in the US and suggest the need to update entire modeling 
pipelines, especially for applications that require the representation 
of forest growth over time. In particular, incorporating NSVB-based 
reference data in carbon monitoring systems may require updated 
10 
models, careful comparisons with CRM-based estimates, and new mod-
eling approaches including additional remotely sensed datasets such as 
LiDAR.

4.1. Comparing NSVB and CRM AGB maps

We interpreted that the differences between our NSVB and CRM 
AGB maps (Fig.  6) were driven by changes in the underlying system of 
allometric models, specifically how CRM and NSVB estimates differed 
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Fig. 7. Timeseries of statewide stocks (2005, 2010, 2015, 2019) for aboveground biomass (AGB) and aboveground carbon (AGC) by estimation method (model-based vs design-based) 
and allometric (CRM vs NSVB). Model-based and design-based procedures are held consistent and only the set of allometric models used to generate plot-level AGB reference data 
from the FIA database differ. Values in millions of metric tons.
for individual species and size classes (Fig.  2). NSVB was designed (in 
part) to yield more precise estimates of top and limb biomass and as a 
result, the majority of the differences between the estimates from the 
two systems can be attributed to these non-merchantable components 
of trees (Westfall et al., 2023; Virginia Tech, 2023b). Within NYS, 
an FIA estimated 57.5% increase in statewide top and limb biomass 
contributed to an overall 5.7% increase in total AGB (Virginia Tech, 
2023b). This increase was generally reflected in our map differences 
where NSVB AGB model predictions were larger than corresponding 
CRM AGB predictions across most of the state. NSVB AGB increases 
relative to CRM AGB may be most pronounced for large-diameter 
individuals and for species that are poor self-pruners or otherwise grow 
densely-packed branches (Fig.  2; Westfall et al. (2023); Virginia Tech 
(2023b)). Conversely, trees in high-elevation areas where we observed 
smaller predictions of NSVB AGB relative to CRM AGB (Table  2; Fig. 
6) often have smaller stems due to shallow soils and more stressful 
climates. Thus, it stands to reason that high-elevation forests generally 
11 
would not see the same increase in top and branch biomass with the 
transition to NSVB as more size- and species-diverse forests throughout 
the state. These same montane regions contain large proportions of 
sugar maple and yellow birch (Wilson et al., 2012; Riemann et al., 
2014) which were among the species that did not show large AGB 
increases associated with the transition to NSVB (Fig.  2; Virginia Tech 
(2023b)). These map differences exemplify the degree to which updates 
and improvements to allometric models may yield structural changes to 
downstream model-based estimates along relevant ecological gradients 
such as species composition, climate, and topography.

Although there were notable differences between maps (Fig.  6), 
statistical comparisons indicated strong agreement between NSVB and 
CRM AGB maps (Fig.  5). Agreement (AC, ACs) decreased as a func-
tion of aggregation unit size, indicating that differences were spatially 
clustered (particularly in the aforementioned high-elevation forests), 
and thus were amplified through aggregation. Across all scales of 
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Fig. 8. Statewide stock-changes across 14- to 4-year timesteps for aboveground biomass (AGB) by estimation method (model-based vs design-based) and allometric (CRM vs NSVB). 
Model-based and design-based procedures are held consistent and only the set of allometric models used to generate plot-level AGB reference data from the FIA database differ. 
Values in millions of metric tons.
aggregation, most of the disagreement between mapped predictions 
was attributed to systematic differences, due to the relatively uniform 
increase in AGB under NSVB in most forested regions of the state. As a 
result, it was possible to translate existing CRM AGB estimates to their 
NSVB equivalents through relatively simple linear relationships (Table 
2; Eq.  (8)). However, any such adjustments outside the scope of this 
study will require further investigation, will likely be model- and task-
specific, and should be performed with care given the spatial variability 
of NSVB-CRM differences.
12 
4.2. Difficulty modeling NSVB AGB growth with passive remote sensing

While the relative increase in estimated stocks from FIA-CRM to 
FIA-NSVB where mirrored with model-based estimates, the relative de-
crease in estimated stock-changes from Landsat-CRM to Landsat-NSVB 
contradicted design-based estimates where FIA-NSVB stock-changes 
were larger than FIA-CRM stock-changes (Fig.  7; Fig.  8). This signifi-
cantly widened the gap between design- and model-based stock-change 
estimates; Landsat-CRM estimates of statewide AGB change were only 
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Fig. 9. Stock-change map comparison. (a) 15-year NSVB stock-change map (𝛥 NSVB; 2019 AGB - 2005 AGB). (b) 15-year CRM stock-change map (𝛥 CRM; 2019 AGB - 2005 
AGB). (c) Stock-change difference map computed as 𝛥 NSVB minus 𝛥 CRM. Mapped values capped at +/−40 Mg ha−1.
7.58 million metric tons less than FIA-CRM, but Landsat-NSVB esti-
mates of statewide AGB change where 55.21 million metric tons less 
than FIA-NSVB. The introduction of species-specific carbon fractions 
with NSVB appeared to have minimal impact on aboveground carbon 
estimates relative to the impact of differences in AGB estimates.

We did find that NSVB AGB models fit using Landsat imagery were 
still able to generate acceptable point-in-time AGB stock estimates as 
evidenced by the comparable agreement with FIA-reference plots in our 
map agreement assessment (Table  1). Further, this study does not cast 
doubt on the ability of NSVB AGB models to detect discrete canopy 
changes driven by deforestation, reforestation, and disturbance events. 
However, under NSVB, a greater number of plots had AGB values 
13 
beyond the saturation point for model predictions, indicating that 
Landsat-NSVB was less capable of accurately estimating AGB in denser 
forest stands with larger individual trees than Landsat-CRM (Fig.  4). 
This may be caused by the increased accuracy and magnitude of NSVB 
allometric model estimates for biomass attributed to the tops and limbs 
of trees (Westfall et al., 2023), particularly for larger-diameter trees 
(Fig.  2). Although Landsat-CRM was already impacted by saturation 
in forests with closed canopies (Johnson et al., 2023), we speculate 
that more accurate representation of tree branch biomass with NSVB 
allometries only exacerbates this issue; substantial additions of biomass 
and increased biomass variability beneath the canopy are likely difficult 
to ‘‘see from space’’.



L.K. Johnson et al. Forest Ecology and Management 589 (2025) 122751 
Our results therefore suggest that passive remote sensing alone 
may not be capable of monitoring NSVB AGB growth through a stock-
change approach. This may be especially true in regions similar to 
NYS and the much of the Northeastern US where historical land-
use dynamics indicate that the majority of forest stands have either 
reached or are approaching maturity (Section 2.1). The inclusion of 
active remote sensing systems in NSVB modeling pipelines, including 
aerial and spaceborne LiDAR or synthetic aperture radar, may offer the 
only solutions to monitoring NSVB AGB growth at scale. These classes 
of sensors have the capacity to penetrate closed canopies and better 
represent structural attributes related to AGB, thus reducing saturation 
effects (Quegan et al., 2019; Dubayah et al., 2020; Johnson et al., 
2022). Using repeat aerial LiDAR collections to estimate NSVB AGB 
growth would be a first step in this direction. Further, direct-change 
modeling (Healey et al., 2006; Puliti et al., 2021; McRoberts et al., 
2015), where estimates of forest structure change (e.g. 𝛥 AGB) between 
two points in time are made using delta values of remotely sensed 
imagery (e.g. 𝛥 NDVI), may offer improvements over the stock-change 
approach implemented here and by Johnson et al. (2023).

4.3. Implications for carbon accounting and management

FIA plot data has been widely used as reference data in model-based 
approaches to forest carbon mapping and monitoring in the US (e.g, 
Kennedy et al., 2018a; Johnson et al., 2022, 2023; Huang et al., 2019; 
Ayrey et al., 2021; Zheng et al., 2007). Given the reported changes 
associated with NSVB (Westfall et al., 2023), it is perhaps unsurprising 
that our results show significant differences between NSVB AGB maps 
and associated estimates and their CRM counterparts. However, we 
have revealed the potential spatial variability of differences within a 
state, uncovered challenges with model-based monitoring of NSVB AGB 
over time, and have confirmed the role of species and size-classes in 
creating regions of forest carbon gains and losses under a shift to NSVB. 
In light of these challenges, the spatial distribution of differences, and 
the general lack of consensus on accounting protocols among carbon 
markets, there are several potential consequences for spatial forest 
carbon accounting and related management.

First, NSVB-related shifts may lead to the prioritization of different 
regions for enrollment in carbon or conservation related programs 
due to the spatial variability in NSVB-related AGB increases and de-
creases (Fig.  6). For example, high-elevation regions of the state, where 
substantial decreases in estimated biomass from CRM to NSVB were 
concentrated (Section 4.1), could be deprioritized given that other 
regions may have become more valuable to protect when consider-
ing carbon density alone. In a similar vein, managers interested in 
reforestation for climate-change mitigation potential (Fargione et al., 
2018; Johnson et al., 2025) may choose to plant different species or 
forest-type groups that are estimated to sequester more carbon under 
a shift to NSVB (e.g. red spruce [Picea rubens], eastern hemlock [Tsuga 
canadensis], Fig.  2). Second, the abovementioned challenges in mon-
itoring NSVB AGB growth remotely (Section 4.2) may negatively bias 
the potential crediting for carbon sequestration in mature forest stands, 
and to the extent that NSVB-AGB maps and models are used to track 
progress towards greenhouse gas emissions goals (Lamb et al., 2021), 
more management or action than necessary may be recommended 
(Kaarakka et al., 2021; Fargione et al., 2018). Lastly, there may be 
the opportunity to deliberately choose one system of allometric models 
over another on a case-by-case basis in order to maximize payments or 
credits for avoided deforestation, afforestation, or improved manage-
ment (Gillenwater et al., 2007; Charnley et al., 2010; Kaarakka et al., 
2021).

Another factor to consider in the NSVB transition is the accurate 
conversion of AGB to carbon stocks. NSVB introduced species-specific 
carbon fractions (Westfall et al., 2023; Doraisami et al., 2022), offering 
improved AGC accuracy over the 0.5 AGB to AGC ratio assumed 
with CRM, but at the cost of increased complexity. Under CRM it 
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was standard practice to map AGB and simply convert these initial 
pixel-level predictions to AGC or belowground carbon (BGC) using 
fractions that applied to all species (Woodall et al., 2011b; Heath et al., 
2009). We followed this standard approach in this study for the sake 
of comparison to AGB maps produced in Johnson et al. (2023) and 
only produced estimates of AGC at the state-level using a statewide 
species-weighted carbon fraction (Section 2.7). However, under NSVB, 
this AGB-first approach carries the additional requirement of species 
maps with matching resolution, extent, and general timestamp in 
order to correctly convert each pixel prediction (Riemann et al., 2014; 
Wilson et al., 2012, 2013). Alternatively, practitioners may opt to 
model AGC (or BGC) directly, choosing to incorporate species-specific 
carbon fractions into reference data at the plot-level. Stand maps, or 
regional species-group maps, may provide a middle road where pixel-
level AGB predictions could be aggregated to stands or regions with 
approximately known species compositions and more targeted species-
weighted carbon ratios could be applied.

4.4. Limitations

We do not suggest that our methods are universal or that our results 
are nationally conclusive, but rather present this study as a means to 
explore how the shift to NSVB may impact AGB modeling, mapping, 
and estimation in general. Further, our analysis is not without assump-
tions and limitations. There is inherent disagreement between estimates 
based on our maps and estimates based on FIA’s sample, not only 
with respect to the assumptions underlying design- and model-based 
inferential frameworks (McRoberts, 2011), but also with regard to both 
the level of temporal smoothing imposed on the ‘temporally indifferent’ 
design-based estimates and the discrepancies in how landcover and 
landcover change is characterized by each approach (Section 2.4; Bech-
told and Patterson (2005); Woodall et al. (2015)). Nonetheless, we use 
state-level agreement, for both stocks and stock changes as a litmus 
test for our models and maps. Although estimates of pixel-, plot-, or 
state-level uncertainty would be required for an operational monitoring 
system based on NSVB AGB, we omitted them given that the goals of 
this study were to simply compare top-level results and estimates from 
NSVB AGB models with those from previously published CRM AGB 
models. Further research should be dedicated towards understanding 
how NSVB allometric model error propagates through to estimates of 
model-based uncertainty (Johnson et al., In review).

5. Conclusion

This study represents a first-of-its-kind investigation into using the 
new National Scale Volume and Biomass Estimators (NSVB) from the 
United States (US) Department of Agriculture Forest Inventory and 
Analysis (FIA) program with existing model-based approaches to map 
forest aboveground biomass (AGB). Our results suggest that models 
relying on passive satellite imagery alone (e.g. Landsat) provide ac-
ceptable estimates of point-in-time NSVB AGB, but fail to appropriately 
estimate NSVB AGB accumulation in mature closed-canopy forests. 
With increasing pressure for forests to sequester carbon and offset 
greenhouse gas (GHG) emissions from other sectors, models that under-
predict or mischaracterize forest growth will not serve to maximize 
the role forested landscapes will play in natural climate solutions and 
policies. We highlight that existing maps based on FIA reference data 
are no longer compatible with NSVB, and recommend incorporating ac-
tive remote sensing data, retraining models, rethinking AGB to carbon 
conversions, and updating maps to accommodate this shift.

Indeed, the good practices for GHG inventories outlined by the 
Intergovernmental Panel on Climate Change (Buendia et al., 2019; 
Eggleston et al., 2006) describe a mandate (‘‘. . .  greenhouse gas in-
ventories are accurate in a sense that they are systematically neither 
over- nor underestimates so far as can be judged, and that they are 
precise so far as practicable’’) to update our GHG modeling pipelines 
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with improved methods and data streams as they become available. 
In this instance we have demonstrated that an improvement to one 
component of a modeling pipeline in isolation (e.g. improved precision 
and accuracy in reference data) may require rethinking and retooling 
of other pipeline components. We therefore recommend that model 
pipelines be revisited holistically, and emphasize the importance of 
doing so to meet the growing need for accurate spatial forest carbon 
data that can inform management and decision making across scales.
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