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Abstract
The North American arctic and boreal regions (ABRs) are rapidly warming and experiencing
intensifying disturbances. Accurately quantifying aboveground biomass (AGB) is critical for
understanding the impacts of these changes on the carbon cycle and for designing climate change
mitigation strategies. Several AGB maps have been developed for the North American ABRs,
including recent contributions from National Aeronautics and Space Administration’s Arctic-
Boreal Vulnerability Experiment (ABoVE) campaign. However, these maps differ widely in train-
ing data, methodology, and resulting AGB density estimates. Presently, a comprehensive compar-
ative evaluation is lacking, making it difficult for users to select datasets suited to their research
or management needs. Here, we conducted a comparative analysis of nine AGB density datasets
across North American ABRs, specifically for Alaska and Canada. We (1) summarized AGB by eco-
region and Canadian provinces, (2) evaluated their accuracy against field-based measurements,
(3) analyzed spatial and temporal similarities among datasets, and (4) assessed their ability to cap-
ture disturbance (fire and harvest) impacts on AGB. We found substantial variation in regional
and local AGB estimates across datasets, with overall accuracy ranging from R2 = 0.25–0.62 and
Bias% from−47.8% to 69.9% when validated against field plots. Despite these differences, most
datasets have comparatively consistent spatial patterns in AGB (r > 0.8 for most cases). In contrast,
agreement on the temporal patterns of AGB change is generally low. We found datasets with spatial
resolutions⩽300 m are capable of capturing disturbance impacts on AGB dynamics, though sens-
itivity varies across products. Our findings and dataset summary provide guidance for selecting
appropriate AGB datasets for different applications within our study area. Our analysis also high-
lights the need to decrease map bias and increase capability to detect temporal change to decrease
uncertainty of AGB datasets potentially by using training data which is representative of major
plant functional types within the mapped area.
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1. Introduction

Biomass is a key indicator of ecosystem structure
and a central component of terrestrial carbon stock
estimates, which directly influence greenhouse gas
fluxes and, in turn, climate feedbacks (IPCC 2019).
Quantifying aboveground biomass (AGB) stocks is
thus essential to understand terrestrial carbon cycling,
inform sustainable forest management, and support
climate change mitigation efforts (Goetz et al 2009,
Pan et al 2011). International policy frameworks,
such as the United Nations’ Reducing Emissions from
Deforestation and Forest Degradation (REDD+),
and international treaties, such as the 2015 Paris
Agreement, have emphasized the need for robust
carbon accounting and spatially consistent biomass
estimates (UNFCCC 2015). These needs are espe-
cially urgent in high-latitude Arctic-boreal regions
(ABRs), where climate warming and disturbances are
rapidly increasing (Seidl et al 2017, Foster et al 2022,
Rantanen et al 2022).

The National Aeronautics and Space
Administration’s (NASA) Arctic-Boreal Vulnerability
Experiment (ABoVE) supported a decade-long field
campaign to study the rapidly changing ecosystems
of high-latitude North America (Miller et al 2019).
Throughout the campaign, researchers integrated
data from field and airborne platforms with space-
borne remote sensing technologies to develop a series
of AGB products for the ABRs from landscape to
biome scales (Wang et al 2021, Kraatz et al 2022,
Duncanson et al 2023, Liang et al 2025, Orndahl et al
2025). These datasets, with spatial resolution ranging
from 30 to 100 m, provide the scientific community
with an unprecedented view of biomass distribution,
dynamics, and associated uncertainties across the
ABRs of North America.

In addition to the AGB datasets developed
through theABoVE campaign, researchersworldwide
have developed multiple AGB datasets for the North
American ABRs at the regional-scale with 30 m res-
olution (Matasci et al 2018, Guindon et al 2023) and
at the global-scale with medium to coarse-resolution
(Liu et al 2015, Hu et al 2016, Spawn and Gibbs 2020,
Harris et al 2021, Santoro et al 2021, Xu et al 2021,
Yang et al 2023). Collectively, these efforts have sub-
stantially expanded the spatial and temporal coverage
of AGB products for ABRs.

However, despite the development of various
datasets, AGB estimates in ABRs from satellite data
remain highly uncertain. Persistent challenges include
field data availability, scaling mismatches between
field and remote sensing data, and short grow-

ing seasons that curtail satellite data availability at
high-latitudes (Metcalfe et al 2018, Gabarró et al
2023). Moreover, high-latitude forests are subject
to dynamic and spatially heterogeneous disturbance

regimes (e.g. fire, timber harvest), which further com-
plicate AGB estimation. These challenges increase the
uncertainty of AGB estimates in high latitude and
may make certain characteristics of datasets more
appealing to potential users, e.g. sensitivity to disturb-
ances. However, there still lacks a consensus or sys-
tematic evaluation that addresses the accuracy, spatial
and temporal consistency, and sensitivity of different
datasets to disturbance across the North American
ABRs. This makes it difficult for researchers, man-
agers, and policymakers to identify the datasets most
appropriate for their specific applications.

To address the absence of a comprehensive evalu-
ation of AGB products in the North American ABRs,
we present a meta-analysis of nine remote sensing
based datasets. Specifically, we (1) summarized the
methodologies used for mapping AGB, (2) quanti-
fied AGB density by ecoregion and jurisdiction, (3)
evaluated map accuracy, (4) analyzed the similarity
of estimated AGB density across space and, when
possible, through time, (5) evaluated the sensitivity
of AGB responses to disturbance, and (6) lastly we
summarized the products that are suitable for dif-
ferent applications. Conducted at the conclusion of
NASA’s ABoVE campaign, this analysis aims to sum-
marize the characteristics of existing datasets pro-
duced through ABoVE and other programs within
North American ABRs, specifically for Alaska and
Canada, identify their strengths and recommended
applications for user communities engaged in carbon
monitoring or accounting for North American ABRs,
and inform future biomass mapping initiatives.

2. Methods

2.1. Study area and datasets included
We limited our study to Alaska and Canada to focus
on the ABoVE domain and North America ABRs
(figure 1). Our study area includes tundra, boreal, and
temperate biomes, but we generally refer to our study
area as tundra, boreal, or ABRs for conciseness, as
81% of the study domain falls within these two bio-
mes (Olson et al 2001). We focused on datasets that
are publicly available, which cover a regional or larger
spatial scale for 2010 ormore recent years with spatial
resolution no coarser than 10 km. Consequently, we
included nine datasets with a range of study periods,
temporal and spatial coverage, and model calibration
approach (table 1). Note that this collection of data-
sets is not exhaustive, though it represents what we
believe most of the recent major releases relevant to
North American ABRs.

Among the nine datasets, three have global
extents, two cover specific biomes, and four are
regional or continental (table 1). AGB pools mapped
include live woody, total woody (live and dead), and
total live biomass (woody and non-woody), with

2



Environ. Res. Lett. 21 (2026) 054004 W Liang et al

Figure 1. Study area and distribution of ground plots used for map evaluation (n= 598). Definition of 2010 Boreal and 2020
Boreal is described in section 2.4.

woody AGB most common (table S1). Five datasets
provide a single-year AGBmap and four includemul-
tiple years, at resolutions ranging between 30 m and
10 km. Training data most often came from space-
borne lidar (e.g. ICESat-2), ground plots, or airborne
Lidar. Landsat is the primary source of predictors
and is used by all non-global datasets. More detailed
descriptions of dataset creation methods are in the
supplementary materials section 1. To efficiently ref-
erence each dataset, we used the first author’s last
name, except for the European Space Agency Climate
Change Initiative (ESA CCI) data, which we refer to
as ESA CCI 2010 or ESA CCI 2020 based on the year
ofmap analyzed. Table S2 summarized the analysis we
conducted for each dataset.

2.2. AGB density comparison and visualization
To analyze spatial variation of mapped AGB among
datasets, we derived the mean AGB by level II eco-
regions from EPA (U.S. Environmental Protection
Agency 2010) (figure S1) and Level 1 administrative
units of Canada (Government of Canada 2019). All
datasets were resampled to 30 m and were projected
to an equal area projection (ESRI:102001) for com-
parison.We also generated commonmasks for tundra
and boreal regions separately by identifying overlap-
ping spatial extents across datasets to ensure the same
areas were included across datasets for fair compar-
ison (figure S2). We then calculated mean AGB for

each dataset for the masked region selected based on
the dataset’s spatial extent. Formulti-year datasets, we
selected the most recent mapped year for Wang (i.e.
2014) and Xu (i.e. 2019), and used the 2020 map for
ESA CCI and Liang.

To visualize detailed differences among datasets,
we showed the mapped AGB at a landscape scale in
the Great Slave Lake (GSL). GSL has a wide range of
AGB (0–140Mg ha−1), and is a key region for numer-
ous ecosystem vulnerability and resiliency studies
(Kraatz et al 2022).

2.3. Accuracy evaluation with ground plots
Due to the limited number of ground plots that
overlap temporally with tundra AGB maps and are
independent from training data used by Liang and
Orndahl datasets (Berner et al 2024) (table S1), the
accuracy evaluation is only conducted for the boreal
region by using reference AGB from ground plots
from theMulti-Agency Ground Plot (MAGPlot) pro-
gram of Canada (MAGPlot 2024). Most plots are cir-
cular with a diameter of 22 m (equivalent to 0.04 ha).
We therefore excluded Xu dataset for this evaluation
due to its coarse spatial resolution (10 km) (table
S2). The Liang dataset was trained using the majority
of these plots (personal communication), so we only
included plots that were at least 1 km away from their
training data for this evaluation.
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Table 1. Summary of nine aboveground biomass (AGB) density datasets.

Dataset
Resolution,
timespan Domain AGB pool Training data

Source of
primary
predictors Modela Uncertainty map

ABoVE Datasets

Duncanson et al
(2023)

30 m, 2020 Circumpolar boreal
biome

Total woody ICESat-2 Lidar
plots

Harmonized
Landsat
Sentinel-2

DT; regional Yes

Liang et al (2025) 30 m, 1984–2022 Alaska and Canada Total woody
(boreal),
live total (tundra)

Ground plots,
airborne Lidar,
UAS

Synthetic Landsat DT; ecoregion

Orndahl et al
(2025)

30 m, 2020 Circumpolar tundra
biome

Live total and live woody Ground plots DT; global

Wang et al (2021) 30 m,
1984–2014

ABoVE core domain Live woody ICESat Lidar
plots

Canadian Forest Service Datasets

Guindon et al
(2023)

30 m, 2020 Canada non-tundra
region Woody

Photo plots Landsat and
Synthetic Landsat

kNN-RF; regional No

Matasci et al
(2018)

30 m, 2015 Canada forested
ecosystems

Airborne Lidar
plots

Landsat
composites

kNN-RF; global

Global Datasets

ESA CCI
(Santoro and
Cartus 2025)

100 m, 2007,
2010, 2015–2022

Global

Live woody ICESat, ICESat2,
and GEDI plots

SAR from
Sentinel, ALOS
PALSAR, Envisat
ASAR

NLR;
administrative or
ecological unit

Yes

Spawn and Gibbs
(2020)

300 m, 2010 Live total Multiple biomass maps and
models, land cover map,
and tree cover percentage

EMM

Xu et al (2021) 10 km,
2000–2019

Live woody Ground plots,
airborne Lidar,
ICESat, and
ALOS PALSAR

MODIS, Radar
from QuikSCAT

DT; global No

UAS: unoccupied aerial systems.
a Models are bucketed as decision tree (DT) family model, k-nearest neighbors-random forest (kNN-RF), non-linear regression (NLR), or ensemble of multiple maps/models (EMMs); and are categorized by which scale or unit the

model was calibrated. ‘Global’ means a single model was calibrated for the mapped area.
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For time-series maps, we used ground plots sur-
veyed in the same years as the mapped years. For
non-time-series maps, we used plots surveyed within
one year of the mapped year. We used live and total
woody AGB from ground plots to evaluate data-
sets representing live and total woody AGB, respect-
ively. As most ground plots lacked non-woody AGB
measurements, we applied ecoregion and land cover
(Hu et al 2025) specific correction factors (table S3)
derived from AGB estimates of different pools from
the Canadian National Forest Inventory plots (NFI
Canada 2021) (supplementary figure S3), to convert
live woody AGB to live total AGB for evaluating the
Spawn dataset.

Because of the various timeframes described
above, we categorized datasets into twomajor groups:
(1) 2010 Boreal including datasets from ESA CCI
2010, Spawn, and Liang, and (2) 2020 Boreal includ-
ing datasets from Duncanson, Guindon, Liang, and
ESA CCI 2020. The same ground plots were used to
evaluate datasets within each group (figure 1).

2.4. Dataset similarity analysis
To evaluate spatial and temporal similarity among
datasets, we conducted two evaluations using Pearson
correlation and % difference as evaluation metrics.
The first evaluation examined similarity of spatial
patterns and was conducted for boreal and tun-
dra regions separately. We randomly sampled 800
and 350 circular polygons across boreal and tundra
regions, respectively, and derived the mean AGB per
polygon to compare their similarity. To reconcile the
scale differences across datasets, i.e. 30 m–10 km,
we used a radius of 10 km for the circular polygon
(i.e. area∼300 km2).

The second evaluation was focused on the sim-
ilarity of the temporal pattern and was conducted
for time-series datasets and the boreal region using
the same polygons as described above. Due to differ-
ences in spatial and temporal coverage of datasets, we
derived the AGB change between 2010 and 2000maps
from Liang, Wang, and Xu for ABoVE core domain,
and the AGB change between 2019 and 2010 maps
fromESACCI, Liang, and Xu for the Canada domain.

2.5. Evaluation of sensitivity to harvest and fire
disturbances
We used ground plots with harvest disturbance pre-
dating the field measurement to evaluate the sensit-
ivity of different datasets to harvest. We used ground
plots surveyed in the same years as the mapped years
and within two years of the mapped year for time-
series and non time-series maps, respectively. Xu
and Wang datasets were excluded due to their coarse
spatial resolution and insufficient plots, respectively
(table S2). Similar to accuracy assessment, the same
plots were used for the same dataset groups.

To evaluate how different datasets capture the
impact of fire on AGB dynamics, we used fire

perimeter polygons from the National Burned Area
Composite of Canada (Natural Resource Canada
2024). Considering heterogeneity within the study
area may lead to potential difference of post-fire
recovery pattern, we conducted this evaluation by
each of the three biggest ecoregions (figure S4)
based on EPA Ecoregion Level 1 (U.S. Environmental
Protection Agency 2010): the Northwestern Forested
Mountains (NWFMs), Northern Forests (NFs), and
Taiga.

Different approaches were applied for time series
datasets with 2 or more decades of temporal cov-
erage (Group 1), including Liang, Xu, and Wang,
and other datasets covering boreal region (Group 2)
(figure 2). For Group 1, we used fire polygons dis-
turbed in 1985–1987 to evaluate Liang and Wang
datasets, and those disturbed in 2001–2003 to evalu-
ate Xu dataset. For each fire polygon, we tracked AGB
predictions from one year before disturbances to the
latest mapped year, assessing each dataset’s ability to
capture fire-related AGB loss and post-fire recovery.
For Group 2, we used the space-for-time approach.
We selected fire polygons disturbed between 1985 and
one year before the mapped year and derived pre-
dicted AGB. To estimate AGB loss from wildfire, we
created a paired control polygon (PCP), i.e. a 1 km
buffer around each fire polygon that was not signi-
ficantly affected by fire. The mean AGB difference
between PCP and fire polygon was used as an approx-
imation of fire-caused AGB loss. Additional details
on fire polygon selection are in supplementary 2.1.
Given their similar temporal and spatial coverage,
the Duncanson and Guindon datasets were evaluated
using the same fire polygons. Similarly, a same set of
fire polygons were used to evaluate ESACCI 2010 and
Spawn datasets.

3. Results

3.1. AGB density comparative summary and
visualization
Among datasets covering all tundra regions of North
America (figures 3 and S5), Liang, Orndahl, and
Spawn had similar AGB in the Northern Arctic
(∼1 Mg ha−1), higher than that from ESA CCI
(∼0 Mg ha−1) and significantly lower than that from
Xu (∼9 Mg ha−1). For the Southern Arctic, ESA CCI
also estimated the lowest mean AGB (∼1 Mg ha−1)
compared to the other four maps (∼4–5 Mg ha−1).

For datasets covering boreal regions, the major-
ity captured similar coarse AGB spatial pat-
terns (figure 3), i.e. highest in the southwestern
region and lowest in the northernmost region.
However, the mean AGB density varied signific-
antly among datasets. For non-tundra regions of
Canadian provinces (figures S6 and S7), the ESA
CCI dataset had the highest AGB across the area
(55.79 ± 69.87 Mg ha−1; mean and standard devi-
ation), followed by Liang (48.96 ± 63.24 Mg ha−1),
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Figure 2.Workflow for sensitivity evaluation of datasets to fire disturbance using fire perimeter polygons, i.e. fire polygons.

Spawn (46.06 ± 52.71 Mg ha−1), Guindon
(43.79 ± 58.68 Mg ha−1), Matasci (38.94 ± 65.78),
Xu (31.94 ± 25.67 Mg ha−1), and Duncanson
(30.26 ± 38.98 Mg ha−1). This ranking of predicted
AGB density by datasets at regional scale is consist-
ent with the AGB estimates at local scale in the GSL
region (figures 4 and S8), where the stand-level dif-
ferences among datasets could be visually seen. Most
datasets predicted higher AGB estimates in densely
vegetated areas. However, due to the coarse resolu-
tion, local-scale patterns in AGB were not clear in the
Xu dataset (figure 4).

3.2. Accuracy evaluation for boreal region
Accuracy varied widely among datasets (figure 5).
Within the 2020 dataset group (figures 5(a)–(d)),
Liang performed best with the highest R2 (0.52) and
lowest bias (−4.1%). Duncanson had a highR2 (0.42)
but also a high bias (−47.8%), while ESA CCI had
a relatively low R2 (0.25) and a high bias (69.9%).
Guindon showed moderate accuracy (R2 = 0.36,
bias = −17.5%). Among the 2010 boreal datasets
(figures 5(e)–(j)), Liang showed the highest accuracy
(R2 = 0.62, bias = −14.3%). Between the two global
datasets, ESA CCI had the similar R2 (0.41) as Spawn

(0.42) but a much higher bias (32.2% vs. −15.5%).
The Matasci dataset showed low R2 (0.26) and bias
(−16.6%), where many plots were predicted 0 due to
the use of a land cover map to assign 0 to non-forest
pixels. Lastly, the Wang dataset had a high R2 (0.46)
and a bias of−25.9%.

3.3. Similarity analysis
3.3.1. Tundra region
When aggregated to a common∼300 km2 scale,maps
covering the tundra region showed strong correla-
tions (r > 0.75) among Liang, Orndahl, and Spawn
datasets, withmeanAGBdensities of 1.9–2.2Mgha−1

mapped by all three datasets (figure 6(a)). In con-
trast, ESA CCI 2020 correlated strongly only with
Liang (r = 0.83) and estimated a mean density
of 1.1 Mg ha−1. The Xu dataset showed weak-to-
moderate correlations with others (r = 0.12–0.37)
and reported a mean AGB density of 5.5 Mg ha−1,
i.e. several times higher than other datasets.

3.3.2. Boreal region
For the boreal region, AGB estimates were highly cor-
related (r > 0.7) among all datasets, except for Xu
and Wang (r = 0.67) (figure 6(b)). Excluding the
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Figure 3.Mean AGB density (Mg ha−1) by dataset (and dataset publication year) across EPA Level II ecoregions (figure S1).
Figure S5 presents mean values by ecoregion.

Xu dataset, the correlation between any two dataset
was at least 0.83, indicating that most maps capture
similar broad spatial patterns of AGB density des-
pite the significant variability in the absolute value
(figures 6(b), S6 and S7).

However, the correlation of AGB temporal
changes among datasets was mostly weak to moder-
ate (r: −0.12–0.36) (figure S9). High correlation was
only observed between Liang and Wang (r = 0.74)
(figure S9(a)). The Liang and Wang datasets also had
high agreement on the AGB change sign (86.8%),
while agreement on change sign was generally low
(<65%) among other datasets (figure S9).

3.4. Evaluation of capability to capture
disturbance-caused AGB dynamics
3.4.1. Harvest disturbance
All evaluated datasets captured some degree of
recovery (figure 7). Among the 2020 boreal maps,
Liang and Guindon datasets correlated most strongly
with reference AGB (r = 0.57–0.64; table S4),
but both datasets showed overprediction of AGB
(Bias% > 35%). The Duncanson dataset also cap-
tured the recovery dynamics well (r = 0.47) with
much lower bias (5.1%, table S4). Matasci map
captured the overall recovery pattern (r = 0.55,
Bias% = −1.7%, table S4), but with considerable

noise in the first period. Despite coarser resolution,
global datasets ESA CCI (100 m) and Spawn (300 m)
also showed gradual recovery (figure 7). However,
both ESA CCI (Bias% ≈ 200%, table S4) and Spawn
& Gibbs (156.2%, table S4) severely overestimated
AGB.

3.4.2. Fire disturbance
All datasets showed sensitivity to fire (i.e. losing
substantial biomass following fire and slow post-
fire recovery), with the exception of the Xu dataset.
Therefore the Xu dataset was excluded from further
summarization in this section. All datasets showed a
U-shaped post-fire recovery curve in two or all eco-
regions, which might be explained by two processes:
(1) faster decomposition of dead AGB than regrowth
of live AGB right after fire (Seedre et al 2014) and
(2) continued postfire tree mortality after fire (Busby
et al 2024).

The time-series datasets from Liang and Wang
both showed the typical U-shape pattern across
all ecoregions, with Liang consistently estimating
higher AGB thanWang (figure 8(a)). Duncanson and
Guindon showed similar post-fire recovery inNWFM
and Taiga (figure 8(b)), while in NF Duncanson also
showed a U-shape while Guindon showed more of
a monotonic increase. Guindon indicated a much
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Figure 4. Comparison of mean AGB estimates (Mg ha−1) across datasets for the Great Slave Lake. RGB reference from the ESRI
satellite imagery basemap. Darker areas depict forest cover, while lighter areas depict wetlands and herbaceous cover. RGB is short
for red, green, and blue.

higher recovery rate 26–30 years post-fire compared
to both earlier periods in its ownmap and other data-
sets, which may not be realistic. ESA CCI (Santoro
andCartus 2025) and Spawn (Spawn andGibbs 2020)
showed similar recovery in NWFM and NF but differ
in magnitude (figure 8(b)). However, Spawn showed
much smaller AGB loss during 1–5 years post-fire
than all other datasets, suggesting possible overestim-
ation of AGB during that period. The Matasci dataset
showed a clearU-shape inNF, but weakly in Taiga and
not in NWFM (figure 8(b)).

4. Discussion

4.1. Dataset summary
For datasets covering tundra regions, the estim-
ated AGB patterns and density are similar among
Liang, Orndahl, and Spawn, while ESA CCI pre-
dicted lower AGB density and Xu predicted much
higher AGB density. For boreal regions, datasets from

Duncanson, ESA CCI 2010, Liang, Spawn, and Wang
well-represented the spatial patterns of AGB, evid-
enced by the relatively high R2 (0.41–0.69) between
reference and predicted AGB (figure 5). Datasets gen-
erally predicted similar spatial patterns of AGB when
upscaled to∼300 km2 scale (figure 6, r> 0.8 for most
cases). However, they differed significantly in abso-
lute AGB density. Based on the magnitude of mean
AGB density (figures 3, S6 and S7), datasets can be
ranked from high to low in the following order: ESA
CCI, Liang, Spawn, Guindon,Matasci,Wang, Xu, and
Duncanson.

The percent uncertainty of AGB estimates among
datasets (figure 9), calculated as the ratio of stand-
ard deviation to mean of AGB estimates from differ-
ent AGB datasets (details in table S1), is high in tun-
dra regions (i.e. 23.6%–130.3%) due to the low AGB
density. For non-tundra regions and excluding the
agriculture intensive regions in Prairies (figure S1),
percent uncertainty varied between 20.6% and 53.3%
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Figure 5.Mapped aboveground biomass (AGB) versus reference AGB for each dataset, and year of map used. The same validation
data were used for 2020 boreal maps in (a)–(d) (top row), and the same data were used for 2010 boreal maps in (e)–(j) (bottom
row). Blue lines indicate 1:1 lines, and the color scale from bright to black represents data density from high to low. MAE: mean
absolute error.

Figure 6. Similarity analysis among datasets, year of map covering the (a) entire Tundra region of North America and (b) boreal
region of study area. x and y in subplots represent means of x and y axis, respectively. For plot (b), all comparisons use the same
polygons from Canada, except the ones with Wang, which use polygons from the overlapping areas between Canada and ABoVE
core domain.
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Figure 7.Mean and 95% confidence interval of reference and mapped AGB for harvested plots from (a) 2020 Boreal dataset
group and (b) 2010 Boreal group+Matasci map for 2015. Within each group, datasets are ordered by correlation with reference
AGB; bars closer to the reference indicate higher correlation (table S4).

Figure 8.Mapped aboveground biomass (AGB) density for fire disturbance area from each dataset, mapped year, and ecoregion
for (a) time-series datasets and (b) single-year datasets using a space-for-time approach. The black bar indicates the standard
error of the mean mapped AGB per period.−1 means 1 year before fire, control: unburned control.

(figure 9). Within these regions, the percent uncer-
tainty is highest in Alaska boreal interior (i.e. 53.3%)
compared to other regions (i.e. 20%–34%), suggest-
ing extra effort might be needed for this region to
decrease uncertainty.

All included datasets with spatial resolution
⩽300 m and covering the boreal region can cap-
ture fire or harvest caused AGB dynamics, although
with different sensitivity (figures 7 and 8). Datasets
generally overestimate AGB density in areas affected
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Figure 9.Mean AGB density from different datasets and percent uncertainty (calculated as the ratio of standard deviation of AGB
estimates to mean of AGB estimates) by ecoregion level II.

by timber harvest 2–3 decades ago (figure 7), with
Duncanson showing the lowest bias (5.1%) and ESA
CCI 2020 the highest (178.9%). However, the similar-
ity of temporal AGB change patterns at decadal scale
were generally low across time-series datasets (figure
S9). The high variability in AGBdensity estimates and
low agreement on temporal trends suggest that care-
ful dataset selection and weighting might be needed
for readers interested in deriving ensemble products.

Understanding the appropriate applications of each
dataset, as discussed in section 4.2, could help guide
this process.

We emphasize that our evaluations are focused
on the ABRs of North America, and resulting find-
ings may not apply to the spatial domain outside of
our study area. For example, ESA CCI biomass maps
are produced globally andmay not exhibit overestim-
ations in other domains (ESA CCI Biomass 2024).
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Similarly, the Duncanson map is pan-boreal, and the
underestimations here are not apparent in Eurasia
where there is no country-level bias detected. The
product’s underestimation of total Canadian AGB of
30% is a relative outlier compared to other north-
ern country estimates, which is mainly caused by lim-
ited field plots used as training data from Canada
(more details in Duncanson et al 2025). Including
more Canadian data to decrease bias is noted as a key
target for future updates.

4.2. Suitability for North American ABRs
application
For user communities working with AGB products
in the North American ABRs, it is essential to select
datasets aligned with their specific research or man-
agement goals.We present recommendations for four
primary application areas pertinent to the ABRs.

Estimating AGB stocks: Maps with low bias can
provide AGB stock estimation without significant
overestimation or underestimation. Maps that char-
acterize uncertainty can be used to propagate uncer-
tainty to stock totals. For boreal regions, the Liang
dataset has the lowest bias followed by the Spawn and
Guindon datasets. For the tundra region, the Liang,
Orndahl, and Spawn datasets all give similar stock
estimates on total live AGB as suggested by similar
mean AGB density estimates (figure 6(a)).

Examining spatial patterns ofAGBat fine scales: For
analyzing AGB patterns at small spatial units (e.g.
fields or landscapes), relatively high-resolution data-
sets that show high R2 (e.g. R2 ⩾ 0.4) with reference
AGB can be preferred, which include Duncanson,
ESA CCI 2010, Liang, Spawn, and Wang datasets.
These datasets can be useful for evaluating AGB vari-
ation across ecotones or other complex landscapes.

Quantifying the impact of disturbances on AGB:
Most datasets detect fire disturbance, estimates of
fire-driven carbon loss and recovery rates vary widely
(figure 8), reflecting substantial uncertainty, partic-
ularly given limited ground-based reference data.
Datasets with relatively high-resolution (<100m) are
important for precisely overlapping AGB change with
disturbance occurrences, as disturbances are spatially
heterogeneous or occur in small patches. Time series
maps from Liang and Wang provide annual AGB
maps for more than 30 years thus have advantages as
one can directly derive AGB loss and recovery over
time. Nevertheless, using the space-for-time method,
other AGB datasets can provide valuable insights on
disturbance-caused AGB loss and recovery. For har-
vest disturbance, the Guindon and Liang datasets
better capture the AGB recovery trend (r ⩾ 0.57,
table S4) but with high overestimation (>35%), while
the Duncanson dataset captured the AGB recovery
dynamics with a much lower bias (∼5%). ESA CCI

can capture AGB recovery after harvest, but the estim-
ated AGB could be 1.5–2 times higher than ground
truth. Users may want to avoid Matasci dataset as
their map only has valid predictions for forest pixels,
thus may not capture early stage recovery where once
forested pixels appear non-forested.

Quantifying the sensitivity of AGB dynamics to
interannual weather variability: An important use
of these datasets is characterizing how large-scale
weather variability (e.g. heat waves or drought)
impact AGB change over time and over large regional
scales. In this sense, time series datasets from which
annual changes in AGB stocks can be estimated over
time are preferred, even when they may be spatially
coarse. However, finer scale datasets can be used to
identify and exclude areas experiencing disturbance
thus isolating the impact of weather variability.

4.3. Similarity in spatial pattern but divergence in
AGB density and temporal pattern
The majority of the boreal datasets find similar spa-
tial patterns of AGB density (r > 0.8 for most cases)
when upscaled to ∼300 km2 scale (figure 6(b)), sug-
gesting datasets are spatially consistent in identify-
ing areas of relatively low and high AGB. However,
the absolute AGB density varies significantly among
datasets, resulting in a significant variation of bias
compared to ground-based AGB, which further adds
uncertainty in carbon accounting and ESM bench-
marking. For example, the AGB density from ESA
CCI is nearly twice that estimated by Duncanson and
Xu (figures 6(b), S6 and S7). We found global or pan-
boreal datasets are generally good at capturing spatial
patterns of AGB (3 out of 4 cases), evidenced by relat-
ively high R2 (i.e.>0.4), but with high bias (i.e. abso-
lute bias >30%) (figures 5(a), (b) and (e), (j)). This
may suggest that their training data from spaceborne
LiDARand SAR can capture the 3D features of vegeta-
tion leading to model’s good sensitivity to AGB dens-
ity, but the training data were not well calibrated with
representative reference data for the model to build
realistic relationships between training features and
AGB density specifically for NA boreal regions.

Decadal patterns of change diverged among data
products (figure S9). In general, most products had
a weak to moderate correlation on temporal AGB
change. Similar low correlations were also observed
among four global AGBdatasets (Araza et al 2023). As
a result, considerable uncertainty remains in estim-
ating AGB decadal change. Yet, time series AGB
products are essential to understand how the high-
latitude carbon cycle is varying through time, and
having uncertain rates of AGB change is an impedi-
ment to this goal.

Therefore, we have identified two priority areas
for future AGB mapping, which include: (1) to
decrease the regional bias in training datasets and
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resulting AGB maps, and (2) to increase the cap-
ability of time-series datasets to capture temporal
change of AGB. One direction for addressing these
two challenges is to utilize both airborne lidar and
field measurements to generate training data that are
distributed realistically compared to the AGB distri-
bution in the study domain (e.g. matching distri-
butions in reference data of major plant functional
types or disturbance history within the study area).
This approach was used by the Liang dataset (Liang
et al 2025), which contributed to the accuracy of the
dataset.

4.4. The value of regional maps and dedicated field
campaigns
Advances in computational power and spaceborne
LiDAR and SAR technologies have enabled global-
scale AGB maps, providing insights into the car-
bon cycle under climate change and rising disturb-
ances. Our meta-analysis underscores the value of
regional and continental AGB maps, which gener-
ally offer greater detail and accuracy and lower bias
than global products. Beyond supporting accurate
carbon accounting and trend monitoring, high qual-
ity regional maps can serve as reference data or help
optimize algorithms for global AGBmapping (Spawn
et al 2020, Harris et al 2021, Santoro et al 2021).

We emphasize the critical role of national insti-
tutions and field campaigns in developing high qual-
ity carbon data products. For AGBmapping in North
American ABRs, the Canadian Forest Service (CFS,
Natural Resources Canada) has made major not-
able contributions: developing national AGB maps
(Matasci et al 2018, Guindon et al 2023), produ-
cing diverse forest and disturbance data products
(e.g. Hermosilla et al 2016), and enabling access
to extensive ground plots with high geospatial pre-
cision (MAGPlot 2024). CFS and other agencies
have also released large airborne LiDAR datasets,
enabling high-quality AGB mapping (Liang et al
2025). Rigorous accuracy assessments would not be
possible without such shared resources. Ensuring that
these programs continue to collect and share data is
essential to developing credible data products.

NASA’s decade-long ABoVE program has been
pivotal in developing multiple open-source, state-of-
the-art AGB datasets, including: (1) annual 30 m
maps spanning 30 years regionally (Wang et al
2021) and nearly 40 years continentally (Liang et al
2025); (2) a 30 m global boreal forest map for
2020 (Duncanson et al 2023); and (3) a 30 m
global Arctic–Tundra map for 2020, with time-series
products forthcoming (Orndahl et al 2025). ABoVE
also advanced integration of ground and satellite data
through extensive airborne sampling (Miller et al
2019), including airborne LiDAR flights (Hoy et al, in

review) and UAS surveys (Yang et al 2025), address-
ing the scale mismatch in Arctic tundra between plots
(<5 m) and satellites (>30 m) (Nelson et al 2022,
Yang et al 2022). The high quality datasets from
ABoVE can provide strong foundations for develop-
ing next-generation products using NASA’s NISAR
mission (Kraatz et al 2022, Siqueira et al 2025).

5. Conclusions

To guide potential user communities in selecting suit-
able AGB products for North American ABRs, we
summarized key information for nine datasets and
compared their accuracy, similarity, and sensitivity to
disturbances. For North American ABRs, the estim-
ated AGB density varies greatly across jurisdictions
and ecoregions; for example, ESA CCI estimates were
nearly double those from Duncanson and Xu, lead-
ing to large differences in plot-level accuracy. Despite
all maps capturing similar relative geographic variab-
ility, regional and continental maps generally showed
lower bias, and higher spatial or temporal resolution
than global products. The annual continental-scale
AGB dataset from Liang was appropriate for multiple
applications due to its high accuracy and spatiotem-
poral resolution. This dataset was made possible by
extensive ground plots and airborne LiDAR data and
the dedicated effort of ABoVE campaigns for North
American ABRs. These findings highlight the import-
ance of accessible ground and airborne data, along
with region- and domain-specific mapping efforts
led by forestry institutions and field campaigns, in
producing high-quality regional datasets. Such data-
sets are essential for accurate carbon accounting and
monitoring and serve as valuable inputs for develop-
ing robust global-scale products.
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