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Abstract
Signatories to the United Nations Framework Convention on Climate Change (UNFCCC) are
required to annually report economy-wide greenhouse gas emissions and removals, including the
forest sector. National forest inventory (NFI) is considered the main source of data for reporting
forest carbon stocks and changes to UNFCCC. However, NFI samples are often collected
asynchronously across regions in intervals of 5–10 years or sub-sampled annually, both
introducing uncertainties in estimating annual carbon stock changes by missing a wide range of
forest disturbance and recovery processes. Here, we integrate satellite observations with forest
inventory data across the conterminous United States to improve the spatial and temporal
resolution of NFI for estimating annual carbon stocks and changes. We used more than 120 000
permanent plots from the US forest inventory and analysis (FIA) data, surveyed periodically at
sampling rate of 15%–20% per year across the US to develop non-parametric remote
sensing-based models of aboveground biomass carbon density (AGC) at 1 ha spatial resolution for
the years 2005, 2010, 2015, 2016, and 2017. The model provided a relatively unbiased estimation of
AGC compared to ground inventory estimates at plot, county, and state scales. The uncertainty of
the biomass maps and their contributions to estimates of forest carbon stock changes at county and
state levels were quantified. Our results suggest that adding spatial and temporal dimensions to the
forest inventory data, will significantly improve the accuracy and precision of carbon stocks and
changes at jurisdictional scales.

1. Introduction

The United States Department of Agriculture Forest
Service (USFS) annually compiles estimates of green-
house gas emissions and removals from forest-
lands as part of the US commitment to the United
Nations Framework Convention on Climate Change
(UNFCCC) (Domke et al 2020b). The primary source
of data for carbon estimates are more than 130 000
national forest inventory (NFI) plots collected by
the USFS forest inventory and analysis (FIA) pro-
gram (US EPA 2020). In addition to reporting to
the UNFCCC, the inventory data are used to develop

policies that ensure national forests on public and
private working lands are conserved, restored, and
made more resilient to natural and human induced
disturbances such as droughts, fires, and timber har-
vest (Heath et al 2011). Based on the FIA data, there
are an estimated 1.38 trillion live trees across all size
classes over more than 250 Mha of forestland in the
CONUS (Domke et al 2020a). These trees collectively
store about 19.5 PgC in live above and below ground
biomass and sequester approximately 150 TgC yr−1

(Harris et al 2016, Domke et al 2020a).
In 1999, FIA initiated a nationally consist-

ent annual inventory, which replaced the previous
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periodic inventories. Approximately 15% of the plots
in a state are now measured each year, resulting in
a plot being re-measured approximately every 5–
10 years. The process was not uniformly implemen-
ted in all states until recently (Heath et al 2011). The
annual design (Bechtold and Patterson 2005) allows
for spatially representative subsets (i.e. panels) of
plots to be measured every year in a state that can be
used for annual reporting purposes at various pop-
ulation levels (e.g. county, state, or national). The
use of subsets of the plots results in annual estimates
with larger uncertainties due to smaller sample size.
On the other hand, aggregating asynchronous invent-
ory data at the state or regional scales separated over
multiple years results in a loss of temporal specificity
and increasing uncertainty in estimating carbon stock
changes associated with land use dynamics and pres-
ence of a large number of small-scale disturbances
(Heath et al 2011). If ignored, these small-scale dis-
turbances may introduce large systematic error (bias)
in estimates of carbon stock changes. Furthermore,
lag bias resulting from the use of moving averages in
the compilation of total population (all forestlands)
estimates from the annual inventory may mute the
effects of large disturbances in individual years (Edgar
et al 2019). The annual sampling design, although an
improvement over previous periodic inventories for
national reporting, limits the ability to fully attribute
annual emissions and removals and design policies
for carbon sequestration or climate mitigation.

The issues of county and state level carbon estim-
ation and the loss of temporal specificity for national
level greenhouse gas reporting may be compensated
by improving both the spatial and temporal resolu-
tions using model-assisted biomass estimation with
the aid of remote sensing data (Powell et al 2010,
Næsset et al 2011, Ståhl et al 2016). The use of
remote sensing and satellite observations have now
been recommended by verified carbon standards
(Tittmann et al 2015), and by the international com-
munity associated with the United Nation’s Reduced
Emissions from Deforestation and Degradation) for
both Annex 1 and non-annex 1 countries (Herold
2009, Romijn et al 2012, Espejo et al 2020). Multiple
approaches have been developed to produce popula-
tion estimates for global forests from satellite obser-
vations related directly or indirectly to forest struc-
ture and aboveground carbon (AGC) (Saatchi et al
2011, Santoro et al 2011, Baccini et al 2012, Asner
and Mascaro 2013, Neigh et al 2013, Avitabile et al
2016, Xu et al 2017). These approaches are based
on extrapolating ground or satellite based invent-
ory of forest structure to landscape scale grid cells
(1–100 ha) through a combination of parametric
and non-parametric models (Santoro et al 2011, Xu
et al 2016). Initial mapping techniques underestim-
ated pixel based uncertainty, but provided reliable
estimates of jurisdictional and regional level estimates
of aboveground biomass particularly in areas with

limited or no inventory data (Mitchard et al 2013).
Remote sensing techniques are evolving rapidly both
in the precision of observations and the methods for
estimating forest biomass. Currently, remote sensing
data have been included in assisting NFI data and car-
bon assessments in several countries (McRoberts and
Tomppo 2007, Næsset et al 2016, Tejada et al 2020).

Mapping forest aboveground carbon density
using remote sensing data has become a widely
acceptable approach at local, national, or continental
scales. Biomass maps have two distinct contributions
to the inference of carbon stock and changes: (a)
For regions or countries that have NFI based on a
probability sampling design, the map can be used
as a source of auxiliary data that serves to enhance
the inference by increasing the precision of the NFI
based estimates at the national or sub-national levels
(McRoberts et al 2019a, Næsset et al 2020). (b) For
countries or regions that NFI sampling design does
not exist, the map serves as the primary source of
information for the inference of carbon stocks and
changes (Saatchi et al 2011, Xu et al 2017, McRoberts
et al 2019b). For the CONUS, the biomass maps will
serve both an auxiliary source of information for the
inference of carbon stocks and a primary source of
information for improving the estimates of carbon
stock changes from disturbance and land use annu-
ally and in between the 5–10 year census cycles. There
are numerous examples of using high-resolution aer-
ial photography and airborne lidar measurements
to enhance NFI inference at the county or the state
levels, where sample size of FIA plots may not be
enough (Hudak et al 2012, Skowronski and Lister
2012, Cohen 2014, Tinkham et al 2018). National
and regional forest carbon maps have also been pro-
duced by integrating forest inventory and satellite
imagery to provide maps of forest carbon stocks for a
variety of applications such as the assessment of the
forest fragmentation and urbanization, disturbance
from forest fires, and wildlife habitat management
(Blackard et al 2008, Saatchi 2012, Wilson et al 2013,
Harris et al 2016).

This study aims to address two main objectives:
(a) to enhance the spatial and temporal dimensions
of the US NFI data in order to increase the preci-
sion of carbon stocks at the county to national scales,
and (b) to demonstrate how carbon stock changes
from forest disturbance and recovery processes are
improved by annual mapping of forest biomass. The
study was designed as part of the NASACarbonMon-
itoring System in collaboration with the USFS. Our
methodology is based on the use of a machine learn-
ing estimator (or algorithm) designed tomap the bio-
mass distribution using remote sensing imagerywhen
the distribution is under-sampled across the forest
domain, as in the case of annual FIA data. Here, we
focus on the forest aboveground live biomass car-
bon stock (AGC) and discuss how biomass maps can
address the study objectives.
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2. Data andmethods

2.1. CONUSNFI data
The United States Forest Service’s FIA program has
a semi-systematic sampling of the conterminous
United States (CONUS) through the tessellation of
the area into hexagons of approximately 2428 ha
in size, with one permanent plot randomly placed
within each hexagon. Each permanent plot consists
of four circular subplots with a radius of 7.32 m,
together representing an area of approximately 0.4 ha
(1 acre), in which all trees ⩾12.7 cm in diameter
at breast height (DBH) are measured. Smaller trees
and saplings with DBH > 2.5 cm are measured in
a microplot (2.07 m radius) located inside each of
the four subplots. The aggregate information from
the subplots and microplots are used to represent
the forest structure in the permanent plot, hereafter
referred to as a plot.

A total of ∼127 000 permanent plots with
∼500 000measurements were compiled for this study
with measurement dates between 1997 and 2017.
Plots with measurement years of 2005, 2010, 2015,
2016, and 2017 were used to train models for the pre-
diction of forest AGC (used as 50% of the above-
ground live dry biomass) for those years, while the
overall plot distribution across all years were used
to inform the a priori probability of AGC across
the landscape over the entire CONUS. The num-
ber of measurements for the individual years ranged
between ∼14 000 and ∼33 000 indicating the asyn-
chronous and unsystematic sampling at the state
levels making the annual inference of carbon stocks
at the national level difficult if not impossible. The
number of permanent plots in each state (figure 1),
not including intensification plots (Blackard and Pat-
terson 2014) follows the original NFI design at the
national scale and may provide varying precision at
the state and county levels depending on the sample
size. For each plot, AGC is estimated from ground
measurements of forest structure (basal area, height,
species) and tree-level allometric models developed
for the US forest ecosystems (Woodall et al 2011).
The AGC values at the plot level represent all live
trees greater than 2.5 cm in diameter. In addition to
live AGC, FIA plots provide measurements of above-
ground dead wood, litter, and below ground live and
dead biomass.

2.2. Remote sensing data
We included data products from both airborne and
spaceborne observations from different remote sens-
ing sensors ranging form optical to microwave fre-
quencies as independent variables to predict AGC
across CONUS forestlands. These include data from
the Thematic Mapper on Landsat-5, Operational
Land Imager on Landsat-8, Moderate Resolution
Imaging Spectroradiometer (MODIS) on Aqua,

microwave radar measurements from Phased Array
type L-band Synthetic Aperture Radar (PALSAR) on
Advanced Land Observation Satellite (ALOS) and
PALSAR-2 ALOS-2, airborne imagery from National
Agriculture Imagery Program (NAIP), and the digital
elevation model from the Shuttle Radar Topography
Mission (SRTM).

Basic data processing to create spatial layers for
modeling AGC distribution was performed on all
remote sensing datasets. We developed a gridded
baseline map at 100 m spatial resolution (1 ha) in
Alberts equal area projection and averaged high-
quality measurements from all satellite and airborne
products into the same grid cells. NASA SRTM Ver-
sion 3 data of global surface elevation at 1-arcsec
or ∼30 m resolution were used to calculate both
the average and the standard deviation of elevation
at 100 m resolution. We used annual growing sea-
son (May–October) average surface reflectance in
the red, near infrared, and shortwave infrared bands
fromLandsat-5 and Landsat-8 (Masek et al 2006, Ver-
mote et al 2016). The filtering and calibration using
MODIS reflectance data were performed on Google
Earth Engine (supplementary material available
online at stacks.iop.org/ERL/17/065002/mmedia).

ALOS imagery at horizontal transmit-horizontal
receive (HH) and horizontal transmit-vertical receive
(HV) polarizations (Shimada and Ohtaki 2010) were
aggregated from 25 m resolution to 100 m mosaic of
the entire CONUS for the period of 2007–2010 and
2015–2017. As part of the post-processing we per-
formed a de-striping process to equalize backscat-
ter intensity differences due to variations in surface
moisture conditions associated with different acquis-
ition dates. ALOS PALSAR data for the period of
2007–2010 had relatively less strips than the ALOS-
2 PALSAR images acquired after 2015. We used focal-
mean averaging (supplementarymaterial) of PALSAR
mosaic to calibrate the ALOS-2 PALSAR mosaic sim-
ilar to the process used for Landsat imagery. Miss-
ing pixels due to radar layover and shadowing in high
topography regions were corrected by a gap-filling
approach based on the prediction of radar backscat-
ter from neighboring pixels using other image layers
including Normalized Difference Vegetation Index
from Landsat and elevation and slope from SRTM
data.

For improving the prediction of AGC, we also
included percent tree cover at 100 m resolution grid
cells derived from very high resolution (1 m) NAIP
data across the entire CONUS (Basu et al 2015). NAIP
data acquisition was administered by the USDA’s
Farm Service Agency (FSA) through the Aerial Pho-
tography FieldOffice in Salt Lake City during the leaf-
on seasons across the US. We implemented a fully
convolutional network U-NET (Ronneberger et al
2015) framework on the processed Landsat surface
reflectance data to infer percent tree cover at 100 m

3
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Figure 1.Number of permanent FIA forest plots in each state across CONUS with coloring showing the average number of census
per plot for a given state between 1997 and 2017.

resolution (Li et al Submitted). Our approach is
based on an automated probabilistic framework using
the statistical region merging algorithm (Nock and
Nielsen 2004). The framework consists of unsuper-
vised segmentation, feature ranking and extraction,
probabilistic neural network classification, and con-
ditional random field for pattern recognition (Basu
et al 2015). For a learning phase, we used train-
ing labels derived from our previous work based on
an interactive image segmentation tool and iterative
updates with expert knowledge (Basu et al 2015). The
training labels were produced from 1 m NAIP aerial
imageries, across all 48 CONUS states and transferred
to the Landsat scale. In summary, we used nine 100m
resolution spatial data as the predictor variables to
map AGC. These include four Landsat bands (RED,
NIR, SWIR-1, SWIR-2), two ALOS PALSAR polariz-
ations at L-band (HH,HV), two SRTM elevation data
(mean and standard deviation), and one percent-
tree-cover from NAIP and Landsat data fusion.

2.3. AGC spatial estimator
We used a non-parametric model based on Max-
imum Entropy estimator (Phillips et al 2006, Phillips
and Dudík 2008) MaxEnt, modified (Modified Max-
Ent) to estimate AGC using the nine satellite-based
predictor layers. MaxEnt is a general-purpose estim-
ator that provides predictions or inferences from an
incomplete set of information based on a Bayesian
probabilistic framework. It relies on the assumption
that an incomplete empirical probability distribution,
which is based on individual occurrences of a vari-
able’s point locality (here FIA plots) in geographical
space (i.e. CONUS forestlands), can be approximated

with a probability distribution that has maximum
entropy. The Modified MaxEnt approach has been
successfully used for the estimation of AGC (Saatchi
et al 2011, Harris et al 2016, Xu et al 2017). To apply
the method, the plot estimates of AGC were separ-
ated into bins of biomass range and trained aMaxEnt
model for each bin. The estimates are probabilities for
all the bins derived from a Bayesian model and com-
bined with a priori probability to produce the final
estimate of AGC:

[Bi,j]=

∑n
k=1 Pr(Bmin,k < Bi,j<Bmax,k|Ak)

mPr(Ak) B̄k∑n
k=1 Pr(Bmin,k<Bi,j<Bmax,k|Ak)

mPr(Ak)
(1)

where [Bi,j] represents the expected value of AGC
at pixel i, j. The probability of a pixel being in the
kth biomass range bin given condition of Ak (only
looking at the probability of a pixel being in kth
bin or not), Pr(Bmin,k < Bi,j < Bmax,k|Ak), is calcu-
lated by the MaxEnt model. B̄k is the average AGC
value of kth bin. The value of m = 2 was used as it
was found to be optimal for model prediction. The
a priori probability of a given pixel being in the kth
bin is Pr(Ak). We aggregated all available FIA plots
across the entire measurement date range to pro-
duce a priori probability that is used for the model-
ing of all years (supplementary materials). Intensific-
ation plots (Hoover et al 2020) that are only avail-
able for some states have been removed from analysis
to insure balanced and design-based sampling for
calculating the a priori probability distributions but
were included in the training data for mapping AGC.
The inclusion of a priori probability in the modified
MaxEnt reduces the systematic error in the estimator
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that may be associated with either samping density,
and potential over-fitting of the estimator. For each
year, we used FIA plots measured during that year as
training data and remote sensing layers representat-
ive of the growing season of that year as model input
parameters.

2.4. AGC uncertainty estimator
The modified MaxEnt model also included uncer-
tainty estimates at the pixel level. The probability
density functions derived from the modified MaxEnt
for each biomass range can be combined to provide
a variance estimator at the pixel level provided in the
form of the standard error by:

σi,j =

√√√√∑N
k=1

(
B̄k −

[
Bi,j

])2
Pk,i,jPr(Ak)∑N

k=1Pk,i,jPr(Ak)
(2)

where i, j represents the pixel location, Pk,i,j is the
MaxEnt generated probability of prediction derived
from Bayesian estimator for kth bin for the pixel
i, j. Separate models were trained for each year
of prediction using plot measurements from that
year only. We chose this approach over using one
model across multiple years of prediction to minim-
ize the effect of any cross-calibration errors between
remote sensing layers of different years. This also
allows us to use adjacent-year measurements for
independent validation.

Spatial resolution of 1 ha was selected for this
study. The pixel size of 100 m × 100 m is larger than
the FIA plot size (0.4 ha) and shape is square vs cir-
cular. In this study, we assumed the plots represent
the 1 ha area that may be a valid assumption in areas
of homogenously and even-aged forest cover. How-
ever, the difference in size of the plot may introduce
additional source of error in estimating biomass at the
100 m resolution pixels that will be addressed in the
discussion of the uncertainty estimates.

We examined the performance of spatial AGC
prediction at three levels of plot, county, and the state
using cross validation approach. At each level, we are
interested to show that the mean and total carbon
stocks estimators remain relatively unbiased and the
systematic errors in maps are small. A more detailed
and formal uncertainty analysis for the county, state,
and national carbon assessment that include the vari-
ance estimator are being developed as part of a
separate study lead by the USFS (McRoberts et al
2019a, 2019b). Here, we assumed the plot level bio-
mass estimates from inventory measurements have
no known uncertainty.

Furthermore, we developed a time-series filter
based on repeated FIA plotmeasurements (figure S1).
All FIA plots that have been revisited at least once
(typical re-measurement time is 5–10 years) were
used to compile statistics of rate of natural growth and
disturbance (excluding logging) separated into posit-
ive and negative estimates, and grouped into 28 forest

type groups (Eyre 1980). These statistics were utilized
to filter-out abnormally large changes in pixel level
estimates of AGC across time by using temporal bio-
mass estimates to reduce pixel-level uncertainty. Both
the spatial estimates of biomass and the pixel level
uncertainty of the prediction were used to estimate
mean and variance of the biomass at different juris-
dictional scales (county and state) and demonstrate
the improvements of the precision of estimates from
NFI data.

3. Results

3.1. Maps of AGC stocks
To address the first objective of the study, we pro-
duced maps of live biomass carbon stock estimates
for the years 2005, 2010, 2015 2016, and 2017 at
100 m spatial resolution using FIA plots collected in
respective years (figure 2). The maps provide estim-
ates of AGC at pixels for all vegetation types. Annual
CONUSmaps are not shown here individually due to
lack of specific information from compressed images
for figure illustration. However, all data products are
made publicly available at the NASA data archive
system and CMS website (see data availability). For
demonstration purpose and carbon calculations, we
used the National Land Cover Data (NLCD) (Homer
et al 2020) to mask model estimates to forest lands
only (classes 41, 42, 43, and 90). NLCD definition of
forest differs from FIA. Here, a 30 m pixel is classified
as forest if the trees are generally greater than 5 m in
height and accounts formore than 20%of total veget-
ation cover. The 30 m landcover map was resampled
to 100 m using the base map and majority filter to
assign the pixel class with the land cover type of largest
area covered by NLCD pixels.

The original biomass maps without the NLCD
masks can be used to study the AGC of all vegetated
areas that are not included in the forest definition
such as areas of trees outside forest and nonforest
landscapes covered by shrublands and grasslands
vegetation. All pixels of urban areas, impervious sur-
faces, and bare lands were excluded from the biomass
estimation.

3.2. Spatial patterns of forest carbon stocks
The 2016 AGC map of CONUS, shown as an
example (figure 2) have three distinct patterns.
Most forestlands across all eastern, Central Plains,
lower elevation Rocky Mountains of western states
fall in low to moderate biomass carbon density
(AGC < 50 MgC ha−1). In contrast, the Pacific
Northwest region in Washington, Oregon, and Carli-
fornia have some of the highest carbon density
forests (AGC > 150 MgC ha−1). Forest regions in
the upper Great Lakes, across Appalachian Moun-
tains fall some where in medium biomass range
(50 < AGC < 150 MgC ha−1). There are also
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Figure 2.Map of estimated aboveground biomass carbon density (AGC) of the US forestlands at 100 m spatial resolution for the
year 2016. Spatial variations of AGC are shown at the landscape scale over selected areas across the CONUS and the histograms of
carbon density are in four USFS regional units are shown at the bottom.

extensive regions of very low biomass carbon dens-
ity (AGC < 10 MgC ha−1) that covers areas of
mosaic landscapes within the farmlands in Midwest-
ern states, southern and western dry forests, wood-
land savanna, wetland forests, and degraded and
logged forests of southeastern regions. The 1 ha AGC
map in each region captures distinct landscape scale
variability of forest biomass associated with changes
of elevation, gradients of disturbance and recovery,
patterns of soil, geomorphology, and other edaphic
conditions that can influence the forest growth and
biomass density (figure 2).

3.3. Spatial uncertainty analysis
We estimated pixel level prediction uncertainty using
equation (2) for each annually estimated AGC
(figure 3). The prediction uncertainty is generally
higher in areas of large forest AGC density. This is
largely due to the smaller number of FIA plots in these
forests because of their limited area of occurrence,
annual sub-sampling, and the gradual loss of the sens-
itivity of the remote sensing imagery to very high
AGC values that may cause systematic error in AGC
estimation. The prediction uncertainty is also shown
in terms of residual error across the range of bio-
mass from an independent validation FIA plots col-
lected during the same year of the map (figure 3 bot-
tom). The distribution of the prediction uncertainty

from the MaxEnt estimator vary with the AGC range
showing gradual increase with the biomass range but
remaining bounded to approximately 20%–25% of
relative error across the entire range.

We validated ourmodel performance (at the pixel
level) using independent FIA plot data not used in
model development from a year before or after by
making sure the plot remained undisturbed during
the period. (table S1 and figure S2). For example,
AGC validation for the year 2005 included local
measurements from 2004 and 2006 of undisturbed
forests to compensate for difference between the satel-
lite observation and the plot data. In addition to
the difference in the timing of the forest inventory
and the satellite observation (varying between 1 and
12 months), the validation result also reflects the dif-
ference between plot size (∼0.4 ha) and the pixel size
(1 ha). Quantifying the impacts of these temporal
and spatial differences on the overall model valida-
tion requires additional data not currently available to
the study. Hence, we expect the RMSE values repor-
ted may be an over-estimation of the uncertainty of
the model prediction.

Regional mean and total carbon stocks are diffi-
cult to compare with NFI estimates due to the dif-
ferences in the definition of ‘forest’ in the inventory
protocols and remote sensing pixels. Based on the US
NFI, definition of forest is land spanning more than
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Figure 3. Variations of AGC uncertainty across CONUS
shown as the pixel level prediction error using the Bayesian
probability approach (top) and as the residual across the
biomass range using independent FIA plots collected from
2014–2016 for validation of the 2015 AGC map. The bins
represent the 10 percentile intervals of FIA biomass levels
across the CONUS.

0.5 hectares with trees higher than 5meters and a can-
opy cover of more than 10% or 5% for other wood-
lands. In our model, however, average biomass of all
live woody vegetation within 1 ha pixel is estimated.
Furthermore, forestland that has just been clear-cut
for logging and is currently bare is still considered
‘forest’ according to the land use definition, whereas
at the remote sensing pixel it is considered nonforest.
Given these differences as potential sources of errors
while comparing the map and NFI estimates, we per-
formed the comparisons at the state (figure 4) and
county levels (figure 5).

State-level estimates of forest AGC show good
agreements between model results and independ-
ent ground estimates (R2 between 0.61 and 0.73,
figure 4(a)). However, the density of inventory plots
is very low, ranging from less than 100 plots per mil-
lion hectares of forested area to around 400 plots per
million hectares. The effect of the low plot sample
density was calculated by comparing the estimates at
the map pixels that correspond to locations of FIA
plots, which showed a significant improvement of R2

from 0.76 to 0.82 (figure 4(b)). This improvement
also confirms the under-sampling of annual FIA data
across the US forests and the potential contribution
of the map to improve the precision of inference at
the state level. We also performed the comparison at
the county level, which confirms the state level results

(figure 5). Typically, as the number of inventory plots
increase, the agreement between field-based estimate
and model estimates increases.

3.4. State level carbon stocks
While the paper is focused on AGC of forestlands, our
study produced carbon estimates over all land areas.
We included estimates of AGC in woody vegetation
on lands not classified as forest (NLCD classes 21, 22,
51, and 52). The use of conditional FIA plots that
may fall in nonforest or low biomass density veget-
ation due to logging or disturbance in training the
MaxEnt was crucial in developing models for areas of
nonforest class. These estimates are shown in table 1
under non-forest class for the year 2016 using the
NLCD 2016 land cover map. One of our objectives
for developing national maps from the NFI data was
to improve the precision of annual estimates of the
biomass at the county and the state levels. To demon-
strate the significant improvement of the precision of
estimates at the state level, we estimated themean and
standard error of AGC density in the state of Califor-
nia (mean = 86.8 Mg ha−1, SE = 0.083 Mg ha−1)
from more than 9 million 1 ha pixels compared
to estimates of mean and standard error from 754
FIA plots collected in 2016 (mean = 76.8 Mg ha−1,
SE= 3.07 Mg ha−1). We removed all plots and pixels
for the forest domain that have zero values. The preci-
sion of the estimate has significantly improved using
the map-based estimates that includes the pixel level
variance of biomass estimates, sampling and residual
variance and the spatial correlation. The difference in
mean AGC that relates to the accuracy of the estim-
ate, is either associatedwith the systematic error in the
AGC map or the limited number of FIA samples col-
lected in 2016. It would be difficult to determine the
cause of the difference. Often the map based estim-
ates of mean AGC is smaller than NFI data due to
potential underestimation of maps in high biomass
areas. However, in this case, the mean AGC estimated
from the map is larger than the FIA plots. Further-
more, if we compare themeanAGCof themaponly in
areas of the plot location (mean= 74.5Mg ha−1), the
two estimates aremuch closer.We therefore, conclude
that the systematic error reflected in the difference of
the mean is potentially due to the undersampling of
FIA plotsmeasured across California’s forests in 2016.

3.5. Patterns of AGC stock change
Making annual AGC stock estimates allows us to
see regional patterns of AGC changes over time. For
demonstration, AGC changes by calculating the dif-
ference of 2005 and 2010, and between 2010 map
from the 2015 map pixels. The differences are then
aggregated at the state level to showpatterns of change
over 5 year periods (figure 6).

At the county level, several counties in northern
California, Oregon, and Idaho experienced a loss of
close to 30million tons of AGC (supplementary figure
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Figure 4. Validation of state level model predictions for years 2005, 2010, and 2015 by comparing with the mean AGC inference
based on the FIA plots. Each year is validated with independent FIA plots from two preceding years and two succeeding years. Top
row (a) shows comparisons between FIA plot mean and model mean of all forest pixels within the state with colors referring to
number of plots per million hectares. Bottom row (b) show comparisons between FIA plot mean and model sampled mean at
locations of FIA plots, with color corresponding to total number of plots.

4) between 2005 and 2010. Northern California and
Oregon showed strong recoveries between 2010 and
2015 while Idaho continued to experience small loss
in AGC.Much of the US west as well as areas of Texas,
Maine, and Florida showed reversal in trend between
2005–2010 and 2010–2015.

We estimated the trend in AGC at the state-
level, across 12 years, using all five annual maps
(2005,2010,2015,2016,2017). An ordinary least
squares regression model was fitted to the state-
level annual AGC total for each state. The slope
of the regression is the rate of change in the AGC
stock. Figure 7 shows the AGC trend for each state
estimated from our model output compared with
the trend estimated from NFI plots alone. NFI plot
trend estimates used inventory years between 2005
and 2017, while model trend estimates used model
AGC estimates for the years of the AGC maps. When
calculating state-level AGC trend by using all MaxEnt
model estimated pixels, the increase in AGC stocks
were generally slower than estimated from NFI plots
(figure 7(a)). However, when using only pixels asso-
ciated with the location of the NFI plots, the MaxEnt
model estimated AGC trends were relatively sim-
ilar with NFI trends (figure 7(b)). Most of the state-
level AGC trends are higher when calculated using
sampled pixels compared to using all pixels. This

difference indicates that the number of plots sampled
annually may not be enough to estimate the carbon
stock changes over time at the state level. Further-
more, the overall carbon stock change at the state
level with large areas of non-forest land cover may be
significantly different than what is estimated by forest
inventory plots.

4. Discussion

Our methodology to provide annual and spatially
contiguous maps of AGC stocks of forestlands across
the CONUS showed reasonable performance at the
mean and total carbon stocks when cross-validated
using plot, county, and state level estimates. The
comparison of mean biomass at the state and the
county levels suggest that on average the inference of
mean AGC at large regions have no significant sys-
tematic error. The systematic error or the difference
between the two estimates is shown in table S1. How-
ever, this difference cannot be considered a true bias
between map inference and the plot inference due
to the small number of plots sampled annually in
each state. The map however, includes a large num-
ber of pixels in each state or county levels that can
substantially improve the precision of the inference
of mean or total carbon stock at any jurisdictional

8
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Figure 5. County level comparison between mean aboveground live carbon calculated from FIA inventory plots and modified
MaxEnt model predictions. Counties with a minimum of 50 independent FIA plots are included in the validation for years 2005,
2010, and 2015 (columns). Different thresholds of minimum of FIA plots of 50, 100, and 200 plots are shown in different rows.

scale. To demonstrate this, we estimated the variance
of the mean from both FIA plots and the map using
an established error propagation model that includes
covariance of residual errors and the spatial correla-
tion of the prediction uncertainty in maps (Xu et al
2017, McRoberts et al 2019b, Næsset et al 2020). The
summary of estimates is provided in table S1.

At the state levels, Oregon, California, and Wash-
ington have the highest AGC stock within forest-
lands reaching a maximum value of 300 MgC ha−1

(table 1). There are higher biomass forests in differ-
ent areas of the PNW along the sierras in California
(Sequoia trees), redwoods in the Northern Califor-
nia, and old-growth Douglas-fir forests in Oregon
andWashington states. These forests occur in areas of
complex terrain where topographical features (eleva-
tion, slope, and aspect), soil types and surface hydro-
logy may also introduce large variations in forest

structure and significant uncertainty in estimating
the spatial patterns of biomass from remote sens-
ing data. In addition, the dynamics of forest bio-
mass due to land use activities or frequent disturb-
ance may also influence the annual spatial patterns
of AGC predicted from FIA plot data. We will dis-
cuss the sources of uncertainty in mapping AGC in
the following section. Nonetheless, to demonstrate
this point, we estimated the spatial pattern of biomass
dynamics by calculating the standard deviation of our
annual estimates of carbon density at the pixel level.
For each 100 m pixel, a standard deviation value is
calculated from the AGC estimates of the years 2005,
2010, 2015, 2016, and 2017. This standard deviation
map is then aggregated to 1 km resolution by using
the 3rd quartile value of all 100 m standard deviation
values (figure 8). The map shows that forests along
the Pacific coastal states and to some extend in the
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Figure 6. Changes in total aboveground live biomass
carbon stock (teragrams of carbon) at the state level
between the years 2005, 2010, 2015, and 2016.

southeastern region of the US are more dynamic in
terms of AGC changes over time. These patterns sug-
gest that even annual maps that are mostly based on
satellite imagery of the growing seasonmaymiss some
disturbances occurring during the year.

We found strong regional as well as temporal pat-
terns in net AGC stock changes. Regionally, forests
can have either net loss or net gain of carbon depend-
ing on the patterns of disturbance and recovery that
may be localized or at smaller scales. These patterns
are difficult to observe with NFI data alone because
of sampling density and the census frequency.

The advantages of the AGCmaps can be summar-
ized in two main areas: (a) With spatially explicit and
contiguous AGC maps, estimates of emissions from
forest cover change and disturbance will have signi-
ficantly lower uncertainty than using a mean AGC
at county or state levels. This is primarily due to the
fact that forest disturbance from land use and envir-
onmental effects do not occur randomly across the
space and time and the knowledge of AGC at the loc-
ation of forest disturbance and prior to disturbance
can significantly improve the estimates of emissions.
We demonstrate this by estimating the emission using
the AGC map and the location of disturbance com-
pared to the mean AGC at the county or state level
and the total area of disturbance (figure 9(a)). The

simulation is performed by using estimates of mean
AGC at coarser scales by averaging AGCof 100mmap
to different pixel resolutions. The area of disturb-
ance is calculated from the Landsat based global forest
cover change downloaded from the Global Land Ana-
lysis and Discovery site at the University of Maryland
(Hansen et al 2013). (b) With temporally consist-
ent AGC maps at the annual intervals, the potential
of missing any disturbances in between NFI census
reduces significantly. Our results suggest that the lim-
ited annual NFI plots and or the long time differ-
ence between full NFI censuses (5–10 years) maymiss
emissions and removals from different size disturb-
ances that occur between censuses. Using the annual
AGC maps and area of disturbance indicate that the
loss and gain of the carbon from disturbance and
recovery processes can be estimated more reliably.

The main goal of this study is to improve the spa-
tial and temporal resolution of NFI data, allowing
AGC stock estimates at smaller spatial (county and
state level) and temporal (annual) scales. To accom-
plish this, it is important that the model has good
estimates of the mean at those scales. This is shown
to be the case with the state (figure 4) and county
(figure 5) comparisons as well as near-zero mean
errors from individual plot validations (table S1).
AGC map need to be at the spatial resolution of the
disturbances in order to accurately capture the emis-
sions from disturbance. Due to the spatially non-
random nature of disturbances (they tend to be con-
tiguous patches), using coarse resolution AGC map
will systematically under-estimate emissions from
disturbances even if high-resolution disturbancemap
is available (figure 9). In the case of California, emis-
sions from 2016 disturbances are underestimated by
13% when using 10 km resolution AGC map com-
pared to 100 m resolution.

Residuals between MaxEnt model estimations of
county- and state-level AGC stocks and NFI estim-
ates decreased when using samples to make Max-
Ent model estimation, suggesting part of the residual
error is due to variances not captured by the NFI. In
the case of estimating changes in carbon stocks, NFI
based estimates show generally higher forest carbon
growth than similar estimates using all pixels. This
points to the sample based estimates over-estimating
the net increase in AGC stock. One possible cause of
this could be the under-estimation of disturbances
via sampling as shown by disturbance in the area of
Ponderosa and Reading fires in California in 2012
(figure 9(b)). The spatially explicit maps from our
study captures the fires, nearby logging, as well as
growth in undisturbed areas. However, FIA plot dens-
ity performs poorly in terms of capturing the fires.

There are several sources of errors in mapping
forest aboveground biomass carbon density from
remote observations. Among them, topography may
have the largest influence on the remote sensing
measurements in general and active sensors such as
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Figure 7. Comparison of state-level carbon stock trend (using ordinary least squares) between modified MaxEnt model
predictions and FIA field-plot based calculations. Calculation for FIA-based trend is the same in both cases while MaxEnt
model-based trend is based on (a) summing all pixels within the state, and (b) using only pixels from the map that correspond to
FIA plots to estimate the total carbon stock change.

Figure 8. Standard deviation of AGC at 1 km resolution
showing the temporal dynamics of AGC. Standard
deviation is calculated at 100 m pixel level using annual
estimates. The 100 m standard deviation values are then
aggregated to 1 km by keeping the 3rd quartile value for all
the 100 m values that fall within the 1 km pixel.

radar in particular because of its off-nadir measure-
ment geometry. We tested for the potential correl-
ation between residual error of biomass map and
topography using independent NFI plot measure-
ments for validation of AGCmaps for the years 2005,
2010, and 2015 (supplementary figure 5). We found
no increase in median residual error with elevation.
Residual AGC error with respect to elevation shows a
gradual increase towards elevation of about 1 km and
slight decline there after at higher elevation. There is
however, steady increase of residual error with stand-
ard deviation of elevation that correlates with the sur-
face slope and represent more rugged terrains. This
is likely the result of topographical effects on radar
backscatter specially for all slopes facing the radar
look angle that cause a small positive bias in model
estimates over areas with steep slopes.

There have been many remote sensing maps used
to obtain estimates of AGC stocks and stock changes
for various locations and times in the United States.
However, most are either for a smaller region or a
one-time biomass estimate over the entire CONUS
forestlands (Blackard et al 2008, Wilson et al 2013,
Kellndorfer et al n.d., Harris et al 2016). Our products
used consistent methodology applied across multiple
years and for the entire CONUS, enabling spatially
explicit change detection. We expanded on the pre-
vious CMS study (Harris et al 2016) by perform-
ing estimates of annual stocks for multiple years.
The temporal component introduces a new way of
calculating stock change through the differencing of
annual AGC stocks. Themethodology developed here
can also be applied to generate more annual stock
estimates as newFIA inventory data become available.

We developed unique models for each year using
FIA plot measurements from that given year. This
reduced errors due to temporal mismatch associ-
ated with forest growth and disturbances. Develop-
ing unique models for each year also in effect calib-
rates the model with remote sensing data of that year
and avoids the cross calibration of remote sensing
imagery. This removes the possibility of systematic
errors being introduced due to remote sensing cal-
ibration issues between years (as compared to devel-
oping one model which is then applied for all years).
However, this approach is limited by the availability of
FIA plot data for recent years. Delays in FIA plot data
acquisition, processing and reporting will cause lag in
generating remote sensing-based wall-to-wall estim-
ates at the annual cycles.

The uncertainty of carbon stock changes from
biomass maps are starting to be developed for dif-
ferent mapping approaches (McRoberts et al 2015,
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Figure 9. Effects of NFI sampling density and spatial patterns of disturbance on the calculation of carbon emissions showing
(a) estimated carbon emissions from forest disturbance for year 2015 in the state of California using different resolutions of AGC
maps and Landsat based forest cover loss map, and (b) map of area of Ponderosa and Reading fires (2012) in California along
with change in AGC density between 2005 and 2015 using estimates from this study. Dots show locations of FIA plots that were
measured between 2005 and 2015. Plot locations are approximate using perturbed coordinates from FIA.

Esteban et al 2019). In this study we only demon-
strated the development of annual biomass and
changes that can be detected from pixel level estim-
ates. We left the more detailed study of the forest
biomass change from multiple maps and the uncer-
tainty assessments for a future study. We expect that
forest biomass changes across years will have large
uncertainty at the pixel level but relatively smaller
uncertainty at the jurisdictional scale. This suggests
multi-year biomass maps may have the potential of
enhancing the precision forest carbon stock changes
that are based on the inventory data alone. The large
uncertainty of biomass changes from the maps sug-
gests that in areas of old growth and high biomass
forests with very slow growth rate, detecting annual
changes of biomass increase at the pixel may be dif-
ficult if not impossible. However, depending on the
level of uncertainty, the annual growth in high bio-
mass forests may be achieved at larger regions or
across longer period.

FIA plots are smaller than our pixel size (∼0.4 ha
per plot). Heterogeneity within a 1 ha pixel will intro-
duce errorswhenusing a field plot to represent a pixel.
There could also be temporal mismatch between plot
measurement and remote sensing data measurement.
The remote sensing data used are annual averages
while the FIA plots are measured on specific days
within the year. Some of these errors are mitigated
by the fact that the MaxEnt model uses sample stat-
istics for training (Phillips et al 2006), thus redu-
cing the effect of the errors of individual plots. Non-
etheless, the mismatch of plot and the pixel size
may introduce additional random or systematic error
(Réjou-Méchain et al 2014).

AGC density tends to have strong spatial auto-
correlation, and this can give overly optimistic estim-
ates of model uncertainty, due to proximity of valida-
tion points to training points, which will no longer be
true when validating model predictions at locations

farther away from training points. However, since this
study is extending NFI plots across CONUS and the
FIA plot design ensures a systematic randomdistribu-
tion of plots across the entire area of study, this means
that our validation points will be within a given dis-
tance from the training points, and model estima-
tions will not be of farther distance than the valida-
tion points. The only time this can become a factor
is when a state’s inventory report is missing for a
given year. The model uncertainty will be higher in
those cases.

Even though the biomass carbon density maps
have uncertainties at the pixel level, we showed that
the results improved the precision of carbon infer-
ence at the state and county levels from FIA data
alone. The maps meet the expectation of adding spa-
tial and temporal consistency and precision to the
estimates based on the under-sampled annual NFI
plots. We also demonstrated that the maps provide
spatially explicit information on the areas of forest
biomass loss and gain, as shown in the area in Cali-
fornia (figure 9(b)). This provides extra informa-
tion that is not available from NFI plots alone, and
can be used for management purposes. One import-
ant area for future study is to therefore explore the
role of sampling density in the estimation of AGC
changes. Gains and losses by forests directly impact
carbon policies with quantitative requirements for
stock changes. Any systematic error in the estima-
tion of the carbon loss and gain will have impacts
on the national and regional carbon policies; espe-
cially in the era of Paris Agreement and the global
stock take.
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