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ABSTRACT

The Arctic is warming faster than anywhere else on Earth, placing tundra ecosystems at the forefront of global
climate change. Plant biomass is a fundamental ecosystem attribute that is sensitive to changes in climate, closely
tied to ecological function, and crucial for constraining ecosystem carbon dynamics. However, the amount,
functional composition, and distribution of plant biomass are only coarsely quantified across the Arctic.
Therefore, we developed the first moderate resolution (30 m) maps of live aboveground plant biomass (g m_z)
and woody plant dominance (%) for the Arctic tundra biome, including the mountainous Oro Arctic. We modeled
biomass for the year 2020 using a new synthesis dataset of field biomass harvest measurements, Landsat satellite
seasonal synthetic composites, ancillary geospatial data, and machine learning models. Additionally, we quan-
tified pixel-wise uncertainty in biomass predictions using Monte Carlo simulations and validated the models
using a robust, spatially blocked and nested cross-validation procedure. Observed plant and woody plant biomass
values ranged from 0 to ~6000 g m~2 (mean ~ 350 g m™~2), while predicted values ranged from 0 to ~4000 g
m 2 (mean ~ 275 g m_z), resulting in model validation root-mean-squared-error (RMSE) ~ 400 g m~2and R? ~
0.6. Our maps not only capture large-scale patterns of plant biomass and woody plant dominance across the
Arctic that are linked to climatic variation (e.g., thawing degree days), but also illustrate how fine-scale patterns
are shaped by local surface hydrology, topography, and past disturbance. By providing data on plant biomass
across Arctic tundra ecosystems at the highest resolution to date, our maps can significantly advance research
and inform decision-making on topics ranging from Arctic vegetation monitoring and wildlife conservation to

carbon accounting and land surface modeling.

1. Introduction

Aboveground plant biomass and its functional composition (e.g.,
woody vs. non-woody plants) affect land-atmosphere feedbacks (Chapin
et al., 2005; Pearson et al., 2013), wildlife habitat (Skarin et al., 2020;
Tape et al., 2018) and land use (Cuerrier et al., 2015), yet our under-
standing of these climate-sensitive ecosystem attributes remains limited
across the rapidly warming Arctic. During the past five decades, the
Arctic warmed over three times faster than the rest of the planet
(Rantanen et al., 2022), in part due to reductions in spring sea ice and
snow cover extent (Serreze and Barry, 2011). Long-term field and sat-
ellite measurements indicate warmer and longer growing seasons
enabled woody plants (i.e., shrubs and trees) to expand in tundra eco-
systems (Dial et al., 2022; Mekonnen et al., 2021), while also widely
increasing plant productivity and biomass (Bjorkman et al., 2020;
Elmendorf et al., 2012; Epstein et al., 2012; Myers-Smith et al., 2020).
These changes signify more carbon storage in plant biomass, with longer
carbon residence times in woody plants (DeMarco et al., 2014b; Shaver
and Chapin, 1991). However, expansion of taller woody plants over
lower-stature plants substantially reduces surface albedo, leading to
overall amplification of climate warming (Loranty et al., 2011; Sturm,
2005). Additionally, woody plant expansion is enabling moose (Alces
alces) and beaver (Castor canadensis) to colonize tundra ecosystems
(Tape et al., 2018; Tape et al., 2016), while also impacting land use (e.g.,
hunting, berry picking) in some northern Indigenous communities
(Brinkman et al., 2016; Cuerrier et al., 2015). Changes in aboveground
plant biomass and woody plant dominance can further alter snow dy-
namics (Sturm et al., 2001), nutrient cycling (Cahoon et al., 2012;
DeMarco et al., 2014a), permafrost stability (Heijmans et al., 2022) and
wildfire regimes (Hu et al., 2015). Hence, it is crucial to understand the
status of these ecosystem attributes across the Arctic tundra biome.

Aboveground plant biomass has been mapped at moderate to coarse
resolution across the entire Arctic; however, additional efforts are
needed using more field data and finer spatial resolution satellite data.
In seminal work, plant biomass was mapped across the entire Arctic at
coarse resolution (8 km) by linking field data from 13 sites with mea-
surements of the Normalized Difference Vegetation Index (NDVI) from
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the Advanced Very High Resolution Radiometer (AVHRR) satellites
(Raynolds et al., 2012). This was the first Arctic-wide map of plant
biomass to be derived using satellite data. More recently, Spawn et al.
(2020) developed a harmonized global plant biomass dataset that
involved mapping plant biomass across the Arctic at moderate resolu-
tion (300 m) using Moderate Resolution Imaging Spectroradiometer
(MODIS) NDVI and field data from 24 sites in northwestern North
American (Berner et al., 2018). These products revealed previously
unresolved spatial variability in plant biomass across far northern lands
yet had high uncertainty due to limited field data and reliance on coarse
resolution satellite measurements of NDVI that are unable to resolve
many landscape features (e.g. topographic gradients) and suffer from
spectral mixing (e.g., blending terrestrial and aquatic ecosystems in a
single pixel). Tundra landscapes are heterogeneous over fine spatial
scales with vegetation distribution strongly influenced by topography,
hydrology, and permafrost (Frost et al., 2014; Walker et al., 2008),
making higher-resolution imagery necessary to accurately capture
variation in plant biomass (Lara et al., 2020; Siewert and Olofsson,
2020). Consequently, higher resolution satellites and uncrewed aerial
vehicles have been used to map tundra plant biomass at regional (30 m
resolution; Berner et al., 2018; Johansen and Tgmmervik, 2014; Orndahl
et al., 2022b), landscape (2 m - 30 m resolution; Rasanen et al., 2018;
Riihimaki et al., 2019; Siewert et al., 2015; Villoslada et al., 2024), and
local scales (< 1 cm - 2 cm resolution; Alonzo et al., 2020; Cunliffe et al.,
2022; Orndahl et al., 2022a). However, higher-resolution mapping for
the entire biome has been constrained by computing and remote sensing
capabilities. To better inform ecological analyses, ecosystem modeling,
and land management, further efforts are needed to map plant biomass
and its functional composition across the entire Arctic at finer spatial
resolutions that can resolve landscape heterogeneity.

Several recent advancements have enabled the development of the
next generation of plant biomass maps for the Arctic tundra biome.
Continued improvement of computing capabilities (e.g. Google Earth
Engine; Gorelick et al., 2017) and processing algorithms (e.g., Zhu and
Woodcock, 2014) are making it feasible to map global land surface
properties at 30 m resolution using Landsat data (e.g., Pekel et al.,
2016). Landsat data span the entire Arctic and have revealed the
importance of regional climate gradients, surface hydrology, and past
disturbances on plant biomass (Berner et al., 2018; Orndahl et al.,
2022b). In addition, measurements of plant biomass were recently
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compiled and harmonized by functional type (e.g., shrub) for 636 sites
in the Arctic and Sub Arctic (Berner et al., 2024b; Berner et al., 2024a).
This is the largest collection of field biomass harvest data compiled to
date for the Arctic and will help reduce prior modeling limitations
related to sparse field data. A clear opportunity now exists to more
accurately quantify plant biomass across the Arctic tundra biome.

Our primary objective was to create maps of live aboveground plant
biomass, woody plant biomass and woody plant dominance at 30 m spatial
resolution, as well as spatially explicit uncertainty estimates, across the
Arctic tundra biome for the year 2020 using field, satellite, and geo-
spatial data linked with machine learning. Henceforth, we use the term
plant biomass to mean the sum of all live, oven-dried aboveground
biomass of bryophytes, forbs, graminoids, shrubs, and trees per square
meter of ground surface (g m~2). Similarly, woody plant biomass is
defined as the sum of all live, aboveground shrub and tree biomass (g
m~2). Woody plant dominance (%) describes the percentage of above-
ground plant biomass that is made up of shrub and tree biomass and is
derived by dividing estimates of woody plant biomass by estimates of
plant biomass. Our secondary objectives were to:

1) quantify how these ecosystem attributes varied with bioclimate
zone, vegetation community type, and long-term growing season air
temperatures (thawing degree days) across the Arctic;

2) generate first-order estimates of belowground plant biomass and
carbon stocks for the Arctic;

3) explore the effects of topography, historic wildfire and current
permafrost thaw on plant biomass distribution using select case
studies.

2. Methods
2.1. Study domain

Our study domain spanned the entire Arctic tundra biome, with a

| High Arctic Il Low Arctic [l Oro Arctic

180°

Fig. 1. Pan Arctic study area, divided by bioclimate zone. Field data from the
Arctic Plant Aboveground Biomass Synthesis Dataset (Berner et al., 2024a,
2024b) are shown as black dots (n = 256 field sites). User-created vegetation
absence data (verified using high-resolution Google Earth satellite imagery) are
shown as white dots (n = 218 points). Not all field sites are fully visible due to
overplotting.

Remote Sensing of Environment 323 (2025) 114717

land area of ~8.5 million km? (including permanent ice) which com-
prises ~5.7 % of Earth’s total land area (Fig. 1). It includes the High and
Low Arctic (henceforth Polar Arctic) and the Oro Arctic, which are
treeless alpine areas at high latitudes outside the Polar Arctic (Virtanen
et al., 2016). The High Arctic includes bioclimate subzones A, B and C as
defined by the Panarctic Flora initiative (PAF, Elvebakk et al., 1999) and
has open, very low-stature vegetation and mean July temperatures <
7 °C. The Low Arctic includes subzones D and E and has mostly closed
vegetation and mean July temperatures > 8 and < 12 °C (Walker et al.,
2005). The mountainous Oro Arctic extends south of the Polar Arctic and
has milder, snowier winters (Virtanen et al., 2016). We delineated this
domain using tundra ecoregions from the RESOLVE ecoregions dataset
(Dinerstein et al., 2017), combined with treeline as defined by the
Circumpolar Arctic Vegetation Map (CAVM; CAVM Team, 2003).
Although our maps were restricted to Arctic tundra, the coarse delin-
eation of this biome meant some forested areas were included in our
study domain. We masked out ocean and inland water using the Joint
Research Centre Global Surface Water layer (Pekel et al., 2016), the
OpenStreetMap water layer (Yamazaki et al., 2019), and the World-
Cover v200 global land cover product (Zanaga et al., 2022); and per-
manent snow and ice using the Landsat CFMask algorithm and the ice
mask product from the Greenland Ice Mapping Project (Howat, 2017;
Howat et al., 2014).

2.2. Landsat data pre-processing

To produce spectral predictors for modeling biomass, we first created
model fits using the Continuous Change Detection and Classification
algorithm (CCDC; Zhu and Woodcock, 2014), implemented on Google
Earth Engine (GEE, Gorelick et al., 2017). The CCDC algorithm fits
harmonic regression models to a time series of reflectance data. The
fitted models can then be used to predict reflectance for any date within
the time period covered by the input imagery, thus reducing the impact
of time series gaps and unreliable shoulder season observations. We fit
CCDC models to all usable Landsat 5, 7 and 8 collection 2, tier 1, level 2
data (30 m spatial resolution, henceforth “30 m resolution”) from 1984
to 2023. A long time series was necessary to produce reflectance data
coincident with field data collection. Before fitting the models, we
filtered out Landsat images with extensive cloud cover (> 60 %) and low
sun angles (peak sun elevation angle < 40° in spring and < 25° in
autumn), as well as far northern images with divergent overpass times
(worldwide reference system row > 35), resulting in over 200,000
unique images and over 10 trillion multi-band surface reflectance pixel
measurements. After filtering images, measurements affected by clouds,
cloud shadows, snow, or ice were masked using the CFMask flags, and
radiometrically-saturated measurements were masked using the QA_R-
ADSAT band (Foga et al., 2017). Spectral bands and select indices
(Table S1) were cross-calibrated across sensors using polynomial
regression models that were derived for the Arctic using the LandsatTS
package for R (Berner et al., 2023). Cross-calibration reduced the ab-
solute mean bias between sensors from 5.7 % + 4.9 % to less than 0.6 %
+ 0.6 % (Table S2, S3). All pre-processing steps are listed in Table S4.
After pre-processing, the CCDC algorithm was applied to the Landsat
data, producing CCDC model fits for each pixel across the study area
(Zhu and Woodcock, 2014).

2.3. Modeled seasonal reflectance predictor data

We used the phenological signal from the Landsat data and CCDC
model fits to determine pixel-wise days-of-year for each of five seasonal
stages: start of the snowfree season, early summer, peak summer, late
summer, and end of the snowfree season (Table S5). A time series of all
usable Landsat images was sorted by day-of-year, then used to delineate
the start of the snowfree season (3rd percentile day-of-year) and the end
of the snowfree season (97th percentile day-of-year) for each pixel
(Fig. S1). Because snow-covered pixels were masked, these seasons
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roughly correspond with the start and end of the snowfree season. To
determine days-of-year for peak summer, we used the CCDC model fits
to produce modeled NDVI values for each day between June 15th and
August 31st, for the years 1985, 1990, 1995, 2000, 2005, 2010, 2015
and 2020. Using the full Landsat time series resulted in better con-
strained model fits than using only current era data. We then created a
pixel-wise maximum NDVI composite for each year, retaining the cor-
responding day-of-year for each pixel. Finally, we took a median com-
posite of the annual maximum NDVI day-of-year composites and defined
this as peak summer (Fig. S2). Early summer was defined as the day-of-
year halfway between start of the snowfree season and peak summer,
and late summer was defined as the day-of-year halfway between peak
summer and end of the snowfree season. These seasonal day-of-year
composites allowed us to model reflectance for each seasonal stage
using the CCDC model fits (Fig. S3, Fig. S4). We produced Pan Arctic
seasonal modeled reflectance images for six Landsat bands (red, green,
blue, near infrared (NIR), shortwave infrared 1 (SWIR1) and shortwave
infrared 2 (SWIR2)) and five spectral indices (Normalized Difference
Moisture Index (NDMI), Normalized Difference Vegetation Index
(NDVI), Normalized Difference Wetness Index (NDWI), Enhanced
Vegetation Index — 2 band (EVI2b) and Normalized Burn Ratio (NBR);
Table S1, S5, S6) for the year 2020 (n = 55). For each Landsat band and
spectral index, we also calculated a series of annual characteristics
including the annual mean, median, and range, and the rate of change
between each of the five seasons (n = 77, Table S6). To complement the
Landsat seasonal reflectance data, our modeling included supplemen-
tary predictors such as NDVI texture, permafrost index, ecoregion,
latitude, longitude, bioclimate zone, ecosystem type, tree cover and
presence, and a series of predictors related to topography (n = 15,
Table S6).

2.4. Post-hoc topographic correction

Satellite measurements of surface reflectance are influenced by dif-
ferences in illumination caused by topographic slope and aspect.
Topographic correction can compensate for these differences but is
typically applied directly to individual Landsat images (Sola et al., 2016)
which becomes computationally challenging when using tens of thou-
sands of overlapping images. To reduce computational demands, we
developed and applied a ‘post-hoc topographic correction’ that applies
the sun-canopy-sensor+C (SCS + C) method (Soenen et al., 2005) to the
modeled reflectance imagery output by the CCDC, rather than to the
individual input Landsat images. The SCS + C method corrects for
terrain effects on illumination by accounting for the interaction between
vegetation canopy and topography, with an additional correction to
account for diffuse or low-angle sunlight. This method was developed
primarily for forested areas but has been used successfully across a va-
riety of ecosystem types (Moreira and Valeriano, 2014; Yin et al., 2018).
Although this method has not, to our knowledge, been tested in Arctic
tundra, it performed well across alpine tundra (rocky and grassland
areas) in the Spanish Pyrenees (Sola et al., 2016). Further details are
provided in the Supplementary Materials (Text S1, Fig. S5).

2.5. Training and validation data

We obtained training and validation data on plant biomass from the
Arctic Plant Aboveground Biomass Synthesis Dataset (henceforth ‘syn-
thesis dataset’; (Berner et al., 2024a, 2024b)). This harmonized dataset
includes measurements of aboveground plant biomass for 636 field sites
across the Arctic. Each field site included multiple plots where plant
biomass was harvested and partitioned by functional type or, for some
tall shrubs and trees, was quantified using stem inventories and allo-
metric models. For each plot, we combined requisite plant functional
type biomass to calculate plant (bryophyte, forb, graminoid, shrub, and
trees) and woody plant (shrub and tree) biomass density as grams of
oven-dried live aboveground biomass per square meter of ground
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surface (g m~2). The synthesis dataset includes measurements of lichen
biomass; however, we excluded lichens from the plant biomass dataset
since they are predominately fungal (Allen and Lendemer, 2022),
increasingly recognized as a ‘complex ecosystem’ (Hawksworth and
Grube, 2020), and have a different spectral signal from plants (Nelson
et al., 2022). For biomass mapping we created two training/validation
datasets: one with only plots where all plant biomass was measured, and
a second with only plots where all woody plant biomass was measured.
The former excluded some plots where, for instance, bryophytes and/or
trees were not measured.

The synthesis dataset included very few plots (< 2 %) from unve-
getated areas. Therefore, we compiled an additional set of observations
with zero biomass (0 g m™2) by generating random points in areas
classified as ‘Bare/sparse vegetation,” ‘Snow and ice’ or ‘Permanent
water bodies’ by the 10 m resolution WorldCover v200 global land cover
product (Zanaga et al., 2022). To ensure these points were truly unve-
getated, we visually examined each using very high-resolution satellite
imagery in Google Earth (Google Earth 9.194.0.0 [WWW Document],
2023) and discarded points where vegetation was evident. We addi-
tionally checked each ‘Bare/sparse vegetation’ site for signs of plant
phenology by producing NDVI time series using the LandsatTS R package
(Berner et al., 2023).

Next, we extracted predictor data at each of the plots and unvege-
tated observations. For Landsat data, seasonal modeled reflectance
values were generated based on the exact date of data collection for each
plot. Predictor values and biomass were then averaged across plots to
aggregate data at the site level (Fig. S6). We assigned site biomass
presence/absence using a threshold of 10 g m™2 since very sparse
amounts of vegetation were unlikely to be detectable in 30 m resolution
imagery.

To ensure only the highest quality data were used for model fitting,
we performed a series of filtering steps on the calibration/validation
data (Table S7). After filtering, our datasets included 223 site-level
aboveground plant biomass observations and 256 site-level woody
plant aboveground plant biomass observations (Table S8). We retained
218 user-created non-vegetated observations, roughly equivalent to the
number of vegetated observations. This allowed for balanced class sizes
in our presence/absence classification (see below). The final sample
sizes for our modeling effort were n = 441 (plant) and n = 474 (woody
plant).

2.6. Modeling plant biomass

We leveraged random forest models to separately predict above-
ground plant biomass (tree, shrub, graminoid, forb and bryophyte
biomass) and aboveground woody plant biomass (tree and shrub
biomass) using field data for training/validation, and Landsat modeled
seasonal reflectance imagery and supplementary spatial data as pre-
dictors (Table S6). When modeling vegetation attributes (e.g., biomass,
cover), regression models often predict near zero values instead of true
zeros (Macander et al., 2022; Orndahl et al., 2022b). Therefore, our
modeling framework consisted of two steps: (1) model the presence/
absence of plant or woody plant biomass using random forest proba-
bility models, and (2) predict plant or woody plant biomass density
using random forest regression models. We tested other classification
and regression models, including linear regression, support vector ma-
chines (SVMs) (Cristianini and Shawe-Taylor, 2000), and gradient
boosted models (XGBoost, LightGBM) (Chen and Guestrin, 2016; Ke
et al., 2017), but chose random forest (RF) models (Breiman, 2001)
based on their overall performance. Models were fitted using the tidy-
models framework (Kuhn and Wickham, 2022) in R v4.2.0 (R Core
Team, 2020). Further modeling details are found in the Supplementary
Materials (Text S2, Tables S9-S14).

Spatial autocorrelation can inflate the perceived accuracy of models
(Legendre et al., 2002). To reduce this bias, we spatially blocked the
field data when training and evaluating the models. First, we divided the
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study area into 100 km x 100 km blocks. This was the spatial autocor-
relation sill identified by Macander et al. (2022) for a similar vegetation
cover modeling effort that leveraged an order of magnitude more field
data (for further details, see Text S3). Then, field data were assigned a
spatial block ID corresponding to the block in which they fell (Fig. S6).
The spatial blocks (n = 226 plant, n = 237 woody plant) were used as
groups during cross-validation such that data from the same block were
never split across training and validation sets. Model accuracy was
assessed in a nested leave-one-spatial-block-out cross-validation using
ten inner folds.

Feature selection and hyperparameter tuning were performed within
the nested cross-validation using the minimum redundancy maximum
relevance (MRMR) algorithm (Ding and Peng, 2005) and a Latin hy-
percube parameter grid (McKay et al., 1979), respectively. Classification
models were optimized using area under the receiver operating char-
acteristic curve (ROC AUC) (Hand and Till, 2001), and regression
models were optimized using the root-mean-square-error (RMSE). The
threshold value for the MRMR algorithm was also tuned within the
cross-validation, as was the threshold probability for predicting pres-
ences in the presence/absence model. The threshold probability was
chosen by optimizing the J-Index (Youden, 1950). We assessed model
predictor importance using permutation importance, which permutes
random values and quantifies the change in model accuracy (Altmann
et al., 2010). Final model performance was assessed using overall ac-
curacy, F-Score (Christen and Hand, 2023) and J-Index (Youden, 1950)
for classification models and RMSE, mean-absolute error (MAE) and
pseudo-R? (calculated as the squared correlation between observed and
predicted values; hereafter R?) for regression models. To facilitate model
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comparison, we also calculated relative RMSE and MAE, which capture
RMSE and MAE as a proportion of mean observed biomass.

The tuned models were fitted on the full datasets, imported into GEE
using a custom script to convert the R based model fits to GEE readable
code (Orndahl and Burns, 2024), and applied across the study area. To
combine the classification and regression results, we multiplied results
from the presence/absence and regression models. Maps of woody plant
dominance were then derived by dividing final mapped estimates of
woody plant biomass by plant biomass. Details on the modeling process
can be found in Fig. 2.

2.7. Uncertainty analysis

We quantified uncertainty in our map products using Monte Carlo
simulations (n = 100) (Berner et al., 2018; Orndahl et al., 2022b). For
each simulation, we: (1) randomly sampled with replacement plots/
pixels within a site to account for site-level sampling error, (2) randomly
sampled with replacement sites within the dataset to account for study
area-level sampling error, and (3) permuted modeled seasonal reflec-
tance data using the RMSE from the CCDC model fits to account for error
in the Landsat spectral data. We fit models on each permuted dataset
following the inner cross-validation procedure in Section 2.6. Feature
selection and hyperparameter tuning were performed separately for
each Monte Carlo iteration. Each unique model fit was then used to
produce a permuted biomass map. For each pixel, we considered the
best-estimate of biomass to be the median (50th percentile) across
simulations and calculated lower (2.5th percentile) and upper (97.5th
percentile) bounds of a 95 % uncertainty interval, as well as relative
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Fig. 2. Flow chart of methodology used to create Pan Arctic biomass maps. The top row (orange) details steps taken to produce seasonal modeled reflectance imagery
using Landsat data and the CCDC algorithm. The bottom row (green) details modeling methodology. For each subcategory (shaded boxes), more detailed information
can be found in the figures, tables or sections listed. The chart is read clockwise. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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2.8. Analysis of plant biomass spatial distribution

We analyzed how the spatial distribution of plant biomass varied
geographically and with biological and climatic conditions across the
Arctic. To ensure our analysis focused on tundra ecosystems with few
trees, we masked out areas with vegetation canopy height > 5 m using a
high resolution (1 m) global canopy height map (Meta, World Resources
Institute, 2023; Tolan et al., 2024). We chose this threshold for its ability
to visually delineate tall shrubs from forest at locations across the study
domain and because 5 m is the minimum tree height at maturity for
forests used by the United Nations Framework Convention on Climate
Change, Convention on Biological Diversity and Global Forest Resources
Assessment (FAO, 2002).

After masking out forests, we quantified how total aboveground
plant biomass (Tg), average aboveground plant biomass density (g m™2),
and woody plant dominance (%) varied across bioclimate zones (Walker
et al., 2005) and vegetation community types (Raynolds et al., 2019).
When calculating biomass density, we excluded water, ice, permanent
snow and other masked areas though included other areas with zero
predicted biomass such as rock and bare soil (henceforth “unvege-
tated”). Furthermore, for these summaries, we calculated woody plant
dominance for (1) all vegetated areas using the ratio of total (summed)
woody plant to plant biomass across each region, and (2) all land areas (i.
e., vegetated and unvegetated) by averaging pixel-wise woody plant
dominance across each region, with non-vegetated areas treated as 0 %
woody plant dominance.

To better constrain large-scale estimates of aboveground and
belowground plant biomass, and associated carbon stocks, we con-
ducted several analyses. First, we compared our aboveground plant
biomass map to existing coarser resolution maps across the Polar Arctic
(Raynolds et al., 2012 [8 km]; Spawn and Gibbs, 2020, Spawn et al.,
2020) [300 m]). We restricted this comparison to the Polar Arctic (i.e.,
High + Low Arctic) because Raynolds et al. (2012) did not include the
Oro Arctic. Second, we estimated total belowground biomass for the Pan
Arctic using our new aboveground biomass map and an assumed
belowground: aboveground biomass ratio of 3.7: 1 (Wang et al., 2016).
Lastly, we estimated total (belowground + aboveground) plant biomass
and its associated carbon stock for the Pan Arctic assuming a biomass
carbon content of 0.47 (Paustian et al., 2006).

To illustrate that our new maps capture fine-scale variation in plant
biomass across landscapes, including legacies of disturbance, we present
several case studies. Specifically, we examined the variation in plant
biomass across a historic fire perimeter in Alaska (Jones et al., 2013),
active permafrost thaw slumps in Canada (Nitze et al., 2021), and a
toposequence in Siberia.

As a first step to evaluating how plant biomass is constrained by
climate, we assessed the spatial relationship between plant biomass
density and thawing degree days (TDD; O °C base). This involved
binning the 1 km CHELSA TDD dataset (Karger et al., 2018; Karger et al.,
2017) into 10 degree day bins and calculating (1) mean plant and woody
plant biomass density and their 95 % uncertainty intervals within each
bin and (2) mean woody plant dominance across all land area within the
bin. The highest TDD bins represented very little area and were thus
susceptible to influence from spurious values and noise in the data. We
used the pathviewr (Baliga et al., 2021) package in R to find the elbow in
the plotted relationship between TDD bin and area covered, then
excluded TDD bins above this elbow. Furthermore, to explore how the
relationship between biomass and climate varied among categorical
vegetation community types, we calculated the mean plant biomass and
mean TDD for each CAVM vegetation community type (Raynolds et al.,
2019).
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3. Results
3.1. Model accuracy

Field measurements of plant biomass density ranged from 0 to 6260
g m~? (mean: 368 g m~2) and woody plant biomass density ranged from
0 to 6186 g m~2 (mean: 252 g m~2). User-created unvegetated points
showed little signs of plant phenology and had low mean (+ 1 SD)
growing season NDVI; 0.11 (0.06) (Fig. S7). We combined presence/
absence classification results (accuracy > 95 % for both plant and woody
plant biomass, Fig. S8) with regression modeling results to produce final
predictions of biomass density. Compared to the field data, the range of
predicted values was smaller (0-3886 g m 2 for both plant and woody
plant biomass), while mean predicted values were similar (plant
biomass: 338 g m~2, woody plant biomass: 269 g m~2). Plant and woody
plant biomass modeling performed similarly with R? = 0.64, RMSE =
437 g m~2, MAE = 187 g m~2; and R? = 0.62, RMSE = 405 g m~2, MAE
=164 g m~2, respectively (Fig. 3a, b). When user created absences were
removed from model accuracy assessment, accuracy was reduced to R
=0.52, RMSE = 610 g m~2, MAE = 365 g m 2 for plant biomass and R?
= 0.57, RMSE = 548 g m~2, MAE = 300 g m 2 for woody plant biomass
(Table S15). To better assess model performance for low biomass ob-
servations, we also calculated accuracy metrics after applying log
transformations to the observed data and modeling results. For this
assessment, R% was heavily influenced by the inclusion of user created
absence observations, but RMSE and MAE were relatively stable
(Table S15). Plant biomass predictions generally had lower relative
RMSE/MAE than woody plant biomass predictions. Topographic
correction modestly improved model accuracy (uncorrected results are
shown in Fig. S9). For classification models, tree presence, bioclimate
zone, and predictors derived from the Normalized Difference Water
Index (NDWI) and 2-band Enhanced Vegetation Index (EVI2b) were
among the top performers. Regression model top predictors included
those derived from NDVI and EVI2b, as well as tree cover and presence,
bioclimate zone, ecosystem type and permafrost zonation index
(Figs. 10, S11).

3.2. Plant biomass in the Arctic

In 2020, the Arctic tundra biome had 3703 [2159, 6043; 95 % CI] Tg
of aboveground plant biomass, with ~72 % of this biomass in woody
plants (i.e., shrubs and scattered trees; Table 1, Fig. 4). Across all Arctic
land areas, including unvegetated areas, woody plant dominance aver-
aged 41 %. Mean plant and woody plant biomass densities were ~508 g
m~2 and ~362 g m~2. However, the amount and composition of plant
biomass varied markedly among bioclimate zones (Table 1). Most of the
plant biomass in the Arctic tundra biome was in the Oro Arctic (~60 %),
followed by the Low Arctic (~35 %) and High Arctic (~5 %), with a
similar pattern for woody plant biomass (68 % vs. 29 % vs. 3 %). The Oro
(38 %) and Low Arctic (39 %) accounted for similar proportions of total
Arctic land area, with the High Arctic constituting slightly less (23 %).
Therefore, differences in total biomass across bioclimate zones were
primarily driven by differences in mean biomass density. For example,
mean plant biomass density was ~7 times higher in the Oro Arctic than
the High Arctic (~818 g m~2 vs. ~115 g m~2), while mean woody plant
biomass density was ~15 times higher (~659 g m™2 vs. ~45 g m 2,
Table 1). Our maps also include 2.7 million km? of water, ice and per-
manent snow that was masked out during the modeling process and
assumed to have zero plant and woody plant biomass. Compared to
coarser resolution maps, our estimate of total plant biomass for the Polar
Arctic was only ~19 % lower than Raynolds et al. (2012); 8 km) and ~ 6
% lower than Spawn and Gibbs, 2020, Spawn et al., 2020); 300 m;
Table 2), while pixel-by-pixel comparisons showed decent correspon-
dence (R2 ~ 0.5; Fig. S12).

As a rough approximation for the Arctic tundra biome, we estimate
total belowground biomass is ~14 [8.0, 22] Pg. Since total aboveground
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Fig. 3. Comparison of predicted (x-axis) and observed (y-axis) live aboveground biomass for plants (a) and woody plants (b). To better assess predictions for low
biomass observations, data were log-log transformed (c, d). All data is plotted, including user created non-vegetated observations. Regression lines (solid black) are
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predicted values and is thus a ‘pseudo- R2’ To facilitate comparison, relative RMSE (rRMSE) and relative MAE (rMAE) are also reported as

Table 1

Aboveground biomass summaries across bioclimate zones. 95 % confidence intervals are shown in brackets. For area and summed biomass totals, the percent of total
Pan Arctic area/biomass represented by each bioclimate zone is also listed. Woody dominance is presented as a percentage of both vegetated area and of total land area
(% Veg / Land). Water and permanent ice are masked out and not included in area or biomass totals. To exclude forests, areas with canopy height > 5 m are masked out
using the Meta Forest Global Canopy Height product (1 m resolution, Meta, World Resources Institute, 2023; Tolan et al., 2024).

Plant Woody plant
Zone Area (km?) % Summed Biomass % Biomass Density Summed Biomass (Tg) % Biomass Density Woody % Veg / Land
(Tg) (gm™?) (gm™?)
High Arctic 1,875,418 23 168 5 115 65 3 45 39/11
[88, 295] [60, 202] [31, 216] [22, 148]
Low Arctic 3,181,389 39 1296 35 418 769 29 258 59 /38
[790, 2081] [255, 671] [397, 1735] [128, 560]
Oro Arctic 3,053,800 38 2239 60 818 1804 68 659 81 /59
[1281, 36671 [468, 1339] [924, 3503] [338, 1280]
Pan Arctic 8,110,607 100 3703 100 508 2639 100 362 71/ 41
[2159, 6043] [296, 828] [1353, 5454] [185, 748]
biomass was estimated as 3.7 [2.2, 6.0] Pg, total plant biomass (i.e., density was mostly similar among these broad CAVM vegetation com-
aboveground + belowground) may be ~17 [10, 28] Pg. This translates munity types (400-500 g m~2), except barrens (80 g m~2). However,
to ~8.2 [4.8, 13] Pg of carbon (C) stored in plant biomass across the there were notable differences in mean plant biomass density and woody
biome. plant dominance when vegetation community types were split into finer

categories (Fig. 5, Table S17). For instance, the southernmost shrub
tundras are dominated by shrubs > 40 cm tall and had ~10 times higher
mean plant biomass density (~1037 g m~2, CAVM unit S2) than the
northernmost shrub tundras which are dominated by prostrate dwarf
shrubs (~99 g m~2, CAVM unit P1). Similarly, the southernmost gra-
minoid tundras are composed of tussock sedges, dwarf-shrubs, and

3.3. Differences in plant biomass among vegetation community types

Shrub and graminoid tundra each accounted for about 40 % of all
plant biomass in the Polar Arctic, with the remaining plant biomass in
wetlands (8 %) and barrens (7 %; Fig. 5, Table S16). Mean plant biomass
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Fig. 4. Aboveground plant biomass (a) and aboveground woody plant (i.e., shrub and tree) biomass (b) mapped across the Pan Arctic. Maps of relative uncertainty

(95% uncertainty interval
median

mosses and had about four times higher mean plant biomass density
(~507 g m_z, CAVM unit G4) than the northernmost graminoid tundras
that are composed of low-growing grasses, rushes, forbs and cryptogams
(~119¢g m’z, CAVM unit G1). Within both shrub and graminoid tun-
dras, woody plant dominance decreased from the most to the least
productive vegetation community types, with low shrub tundra (S2)
having the highest mean plant biomass density and woody plant
dominance of any non-forest vegetation community type.

) are provided for plant biomass (c¢) and woody plant biomass (d). Woody dominance (

woody plant biomass

olant biomass X 100) is shown in (e).

3.4. Spatial patterns of plant biomass across the Arctic

Plant biomass hotspots were prevalent in the Oro Arctic, which
included some heavily forested and/or Sub Arctic areas due to coarse
delineation of the Arctic biome boundaries. Outside the Oro Arctic,
higher biomass areas included western Alaska (Seward Peninsula,
Yukon-Kuskokwim Delta), the Mackenzie River delta of Canada, and the
Nenets region of Russia. These hotspots corresponded with areas of high
woody dominance. Uncertainty was highest across the Canadian Shield
and the Canadian Arctic Archipelago, and lowest across interior
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Table 2

Aboveground biomass summaries comparing the current biomass map product (30 m resolution) to the only other existing Pan Arctic biomass map product from
Raynolds et al. (2012); circa 2010, 8 km resolution), and a global biomass map from Spawn and Gibbs, 2020, Spawn et al., 2020; circa 2010, 300 m resolution) across
identical areas. 95% confidence intervals are shown in brackets and percentages. For summed biomass totals, the percent of total Pan Arctic biomass represented by
each bioclimate zone is also listed. Water and permanent ice are masked out and not included in biomass totals. To exclude forests, areas with canopy height > 5 m are
masked out using the Meta Forest Global Canopy Height product (1 m resolution, Meta, World Resources Institute, 2023; Tolan et al., 2024).

Orndahl (30 m) Spawn (300 m) Raynolds (8 km)

Zone Sum % Density Sum (Tg) % Density (gm~2) Sum % Density (gm~2)
(13) (gm (Tg)
High Arctic 168 [88, 295] 11 115 [60, 202] 199 13 142 322 18 241
Low Arctic 1296 [790, 2081] 89 418 [255, 671] 1365 87 467 1488 82 506
Pan Arctic 1464 [877, 2375] 100 321 [193, 521] 1564 100 362 1809 100 423
[] Plant ] Woody Plant
Barrens
Cryptogam, herb barren (B1) I< 38%
Cryptogam, barren complex (B2) m—< 34%
Non-carbonate mountain complex (B3) w 47%
Carbonate mountain complex (B4) H—< 43%
Cryptogam, barren, dwarf-shrub complex (B5) “’—< 54%
Wetlands
Sedge/grass, moss wetland complex (W1) 53%
Sedge, moss, dwarf-shrub wetland complex (W2) 48%
Sedge, moss, low-shrub wetland complex (W3) 62%
Graminoid tundras
Graminoid, forb, cryptogam tundra (G1) E—< 31%
Graminoid, prostrate dwarf-shrub, forb, moss tundra (G2) z l—|—< 40%
Non-tussock sedge, dwarf-shrub, moss tundra (G3) % /ﬂ i—'—< 549,
Tussock-sedge, dwarf-shrub, moss tundra (G4) %E—* 56%
Shrub tundras
Prostrate dwarf-shrub, herb, lichen tundra (P1) .—< 44%
Prostrate/hemi-prostrate dwarf-shrub, lichen tundra (P2) -—< 41 %
Erect dwarf-shrub, moss tundra (S1) _—< 64%
Low-shrub, moss tundra (S2) E 78%

o

500 1000
Biomass (g m'2)

1500

Fig. 5. Average predicted aboveground biomass density within CAVM vegetation community types (Raynolds et al., 2019) across the High and Low Arctic, grouped
by broad vegetation category. Woody plant biomass (i.e., shrub and tree) is indicated by hatching, and percent woody plant biomass is displayed to the right of bars.
Error bars for plant biomass represent 95% CIs derived from Monte Carlo simulations. Tabular summaries for each vegetation community type are provided
in Table S16.

Fennoscandian uplands, Alaska’s Seward Peninsula, the Nenets region
of Russia, and some areas of interior Yukon Territory and Northwest
Territories, Canada (Fig. 4).

While capturing broad differences in plant biomass among bio-
climate zones and vegetation community types, our new maps also
reveal how plant biomass varies markedly within landscapes, partially
due to local topography, surface hydrology and prior disturbances. For

instance, pronounced increases in plant biomass and woody plant
dominance are evident when transitioning from dry hill tops with
minimal vegetation to wet riparian corridors with shrub thickets
(Fig. 6). Our new maps also show there is little to no plant biomass in
recent permafrost thaw slumps compared to nearby unaffected areas
along the Horton River delta, Northwest Territories, Canada (Fig. 7).
Conversely, plant biomass and woody plant dominance are
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Fig. 6. Spatial patterns of aboveground plant biomass in high-resolution sat-
ellite imagery (a), our new 30 m plant biomass map (b), an existing 300 m
resolution global plant biomass map (Spawn and Gibbs, 2020, Spawn et al.,
2020; ¢), and an existing 8 km resolution Pan Arctic plant biomass map
(Raynolds et al., 2012; d) for an area near the Polar Ural Mountains, Russia.
Areas with zero biomass are colored dark grey, and the colour ramp starts at
near zero values. Inset (e) shows high-resolution imagery and our 30 m plant
biomass map for a focal area with a topographic gradient from lowland riparian
corridor to higher elevation ridge top. A transect (pink) laid across this area
showed a general decrease in plant biomass as elevation increased, as shown by
the plot in the top-right. The high-resolution Google satellite imagery (© 2024
TerraMetrics) was accessed through QGIS (Open Source Geospatial Foundation
Project, 2024). (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

conspicuously higher inside versus outside the perimeter of a historic
fire on the Alaskan North Slope (Fig. 7). These types of spatial variability
in plant biomass were not captured in prior plant biomass maps due to
their much coarser (300 m - 8 km) spatial resolutions (Fig. 6; Raynolds
et al., 2012; Spawn and Gibbs, 2020; Spawn et al., 2020).

3.5. Relationship between plant biomass and growing season temperatures

Mean plant biomass and woody plant biomass increased mono-
tonically with thawing degree days (TDD) across the Arctic (Spearman
correlations > 0.9; Fig. 8). Mean plant biomass density increased from <
50 g m~2 in the coolest areas (TDD < 150 °C) to ~1200 g m 2 in the
warmest areas (TDD > 1500 °C), while mean woody plant biomass
increased from < 15 g m~2 to ~1000 g m~2 and woody plant dominance
increased from ~2 % to ~85 %. Plant biomass density increased more
rapidly once TDD surpassed ~600 °C. A departure from the monotonic
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increase occurred at ~1600 °C TDD (Fig. 8a), which corresponded pri-
marily with warm but low biomass wetlands in southwestern Alaska.
TDD bins > 1810 °C were excluded from analysis, as they represented
extreme observations with little spatial coverage that were susceptible
to influence from spurious values. The excluded bins constituted < 1 %
of total Arctic land area. There was also a positive relationship between
average plant biomass density and TDD across CAVM vegetation com-
munity types. Shrub tundras had the largest difference in average plant
biomass density from the coolest to the warmest regions, whereas wet-
lands had the smallest range (Fig. 8b).

4. Discussion
4.1. Plant biomass in the Arctic

We mapped plant biomass, woody plant biomass, and woody plant
dominance at 30 m resolution across the Arctic tundra biome for the
year 2020 using an extensive field dataset, novel satellite remote
sensing, and modern machine learning. To create our maps, we used
10-20 times more field data and 100 to > 70,000 times higher spatial
resolution satellite data than prior Pan Arctic mapping efforts (Raynolds
et al., 2012; Spawn and Gibbs, 2020, Spawn et al., 2020). Furthermore,
we provide the first maps of woody plant biomass and woody plant
dominance for this biome. Our new maps thus provide unprecedented
information on the amount, functional composition, and distribution of
plant biomass across the Arctic tundra biome, making them uniquely
suited for ecological monitoring and analyses.

The general correspondence between plant biomass quantity/func-
tional composition mapped at 30 m resolution and previously mapped
categorical vegetation community types (CAVM Team, 2003; Raynolds
et al.,, 2019) provides confidence that both products are capturing
ecologically meaningful patterns despite large discrepancies in spatial
and taxonomic resolution. However, the striking similarity in plant
biomass density across coarse vegetation community types, despite
significant variation within these types, suggests categories such as
‘shrub tundra’ may be too broad to be ecologically meaningful. For
example, ‘shrub tundra’ includes ‘Prostrate dwarf-shrub, herb, lichen
tundra’ which had some of the lowest biomass densities reported, but
also ‘Low-shrub, moss tundra’ which had the highest biomass densities
reported.

Across the Polar Arctic, our estimates of total biomass and biomass
density were similar to those tabulated from coarser resolution biomass
maps, despite substantial differences in modeling approaches, satellite
imagery, and amount of training data. While both prior estimates of total
plant biomass fell within our 95 % uncertainty interval, several factors
likely explain why our estimate was slightly lower, particularly when
compared to Raynolds et al. (2012). First, lichen biomass was included
in the two earlier studies, while we excluded it due to its substantial
fungal composition and spectral dissimilarity with other plant functional
types. The total amount of lichen biomass across the Arctic is unknown,
but it comprised an average of 14 % (range: < 1 % to 36 %) of all
aboveground biomass at the field sites used by Raynolds et al. (2012)
(see Walker et al., 2012). Second, the biomass — NDVI regression model
used by Raynolds et al. (2012) did not include training data from
unvegetated sites and consequently may have predicted small amounts
of biomass across unvegetated area. On the other hand, our two-stage
modeling approach and much finer-resolution satellite data helped
ensure unvegetated lands were predicted to have zero biomass. Third,
the biomass — NDVI regression model used by Raynolds et al. (2012)
relied on biomass measurements from field sites with homogenous
‘zonal’ vegetation and may not extrapolate well where coarse-resolution
AVHRR grid cells encompass heterogeneous land cover types. Further
comparisons revealed that across the most productive areas of the Polar
Arctic, our maps predicted higher plant biomass than Raynolds et al.
(2012) but lower plant biomass than Spawn et al. (2020). Raynolds et al.
(2012) never predicted plant biomass over 1000 g m~2, possibly due to a
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Fig. 7. New 30 m plant biomass maps capture the legacy of disturbances (delimited by pink lines) in the Arctic. The Meade River fire (Jones et al., 2013; a) burned
the Alaska North Slope in the late 1800s and shows increased plant biomass (c) and woody plant dominance (e) relative to the surrounding area. Conversely, active
thaw slumps along the Horton River delta, Northwest Territories, Canada (Nitze et al., 2021; b) show little to no plant biomass (d). Areas with zero biomass or woody
plant dominance are colored grey. The biomass colour ramp starts at near zero values, the woody plant dominance colour ramp starts at 30 %. High resolution
imagery was sourced from (a) Bing Maps (© 2024 Microsoft, TomTom, Earthstar Geographics SIO) and (b) ESRI World Imagery (© 2019 Maxar) and was accessed
through QGIS (Open Source Geospatial Foundation Project 2024). (For interpretation of the references to colour in this figure legend, the reader is referred to the web

version of this article.)

lack of training data in tall shrubs or sparsely treed vegetation com-
munities, whereas Spawn et al. (2020) predicted plant biomass > 5000
g m~2 in some instances. Conversely, our maps predicted less biomass
across low productivity areas of the Polar Arctic, compared to Raynolds
et al. (2012). Overall, it is reassuring that estimates of total plant
biomass for the Polar Arctic are broadly consistent among these three
datasets.

At the regional level, our maps capture patterns of plant biomass
distribution influenced by large-scale processes. For example, high
biomass density and woody plant dominance were observed across
Fennoscandia which is more temperate than similar latitudes due to the
Atlantic meridional overturning circulation, and thus home to more
productive vegetation communities (Broecker, 1987). Conversely,
biomass density and woody plant dominance were low across the Ca-
nadian High Arctic Archipelago, likely due to its relatively recent
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deglaciation and young landscape age (Raynolds and Walker, 2009).
These spatial biomass patterns align with those found in coarser reso-
lution maps from Raynolds et al. (2012) and Spawn et al. (2020).

At the landscape level, our new moderate-resolution maps captured
spatial patterns in plant biomass that were not evident in coarser-
resolution maps (Raynolds et al., 2012; Spawn and Gibbs, 2020;
Spawn et al., 2020). For instance, we found particularly high plant
biomass and woody plant dominance in shrub thickets adjacent to rivers,
streams, and lakes, as well as hillside gullies and subsurface water
channels (i.e., water tracks). Water flow can lead to deeper permafrost
thaw depths and higher nutrient availability that support more pro-
ductive and sometimes shrubbier vegetation in drainages compared
with adjacent tundra (Chapin et al., 1988; Curasi et al., 2016; Lamarque
etal., 2023; Myers-Smith et al., 2019). These types of landscape features
have been hotspots of shrub expansion in recent decades (Naito and
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Fig. 8. Average plant biomass density, woody plant biomass density and
woody plant dominance increase with thawing degree days along a spatial
gradient across the Arctic (a). Thawing degree days (TDD) represent the annual
heat sum of all days above 0 °C and are averaged over the period 1981-2010.
The TDD data were binned into 10 degree day increments and mean plant and
woody plant biomass were calculated for grid cells in each temperature bin
(solid lines), as were the 95% confidence intervals across Monte Carlo simu-
lations (shaded ribbons). Pearson correlation coefficients (p) between mean
TDD and biomass are shown in the upper left. Woody dominance is calculated
as a percent of land area by averaging pixel-wise woody dominance values
within each bin, with non-vegetated areas treated as 0 % woody dominance.
TDD bins > 1800 degree days are excluded as these bins encompassed very
little area (< 1 %) and were prone to influence from spurious values. Average
plant biomass density increased with TDD across CAVM vegetation community
types (b). Colors represent broad vegetation categories where green = shrub
tundras, blue = wetlands, orange = graminoid tundras, and grey = barrens.
Labels represent vegetation community type codes (Table S16) and error bars
show 95% confidence intervals across Monte Carlo simulations. Total area
covered per TDD bin roughly followed a normal distribution, although signif-
icant area was found in the lowest TDD bin (c). The TDD data are from the 1 km
resolution CHELSA Bioclim dataset (Karger et al., 2018, 2017; c). (For inter-
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

Cairns, 2011; Tape et al., 2012). Shrubs can also influence local hy-
drology by trapping snow, which insulates soils in winter and may in-
crease nutrient cycling (Sturm et al., 2001). The scale at which these
interactions play out can be small (10s of meters) with complex spatial
patterns that require high- or moderate-resolution imagery to resolve
(Siewert and Olofsson, 2020; Villoslada et al., 2024). Therefore, our
maps could be used to guide field monitoring of shrub expansion and the
combined impacts of vegetation height and topography on local hy-
drologic regimes and snow dynamics (Bennett et al., 2022).

Our new maps also capture the legacies of disturbances on plant
biomass in tundra ecosystems. Thaw slumps can develop when ice-rich
permafrost thaws on sloping terrain, leading to vegetation loss and a
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downslope flow of mud that can continue for decades before stabilizing
(Kokelj et al., 2013). Accordingly, our new maps show little to no plant
biomass in active thaw slumps in the Horton River delta, Canada (Nitze
et al., 2021). Wildfires typically occur over much shorter periods and
larger areas than thaw slumps (Foster et al., 2022). However, both dis-
turbances initially decrease plant biomass, followed by a series of suc-
cessional stages as regrowth occurs. In some cases, disturbance can alter
successional trajectories and lead to long-term plant biomass increases,
partially due to shrub expansion on exposed mineral soils (Gaglioti et al.,
2021; Lantz et al., 2009). Our new maps show conspicuously higher
plant biomass and woody plant dominance inside versus outside a
~100-year-old fire boundary on the Alaskan North Slope. This is
consistent with field surveys that found vegetation communities were
taller and shrubbier in that burned area compared to nearby unburned
tundra (Jones et al., 2013). Permafrost degradation, wildfires, and other
disturbances (e.g., industrial development) are becoming increasingly
common as the Arctic warms (Descals et al., 2022; Forbes et al., 2009;
Jorgenson et al., 2006; Lewkowicz and Way, 2019), making it important
to understand their short- and long-term impacts on tundra ecosystems.
These examples highlight the potential for future analyses of disturbance
impacts on plant biomass in tundra ecosystems throughout the Arctic.

We focused our mapping effort on tundra ecosystems. Therefore, our
woody plant biomass maps capture predominantly shrub biomass.
However, some trees are included along the southern margins of the Low
Arctic and at lower elevations in the Oro Arctic due to the relatively
coarse delineation of the biome, the complex patchwork of vegetation
community types, and the difficulty in applying a precise and consistent
definition of forest. While not focused on forests, our training and
validation dataset did include some sites with moderate tree biomass,
thus our models can capture the biomass of the scattered trees across the
Arctic. For instance, some of the world’s northernmost trees (Larix
gmelinii and cajanderi) grow within the Russian Low Arctic (Alexander
et al,, 2012; Kharuk et al., 2023), and these open larch stands are
captured by our map as having much higher woody plant biomass
(1000-2000 g m’z) than adjacent tundra (< 200 g m’z). However,
densely forested areas were outside the scope of our modeling effort. We
lacked field data from such areas and therefore likely underestimated
their tree biomass and its associated uncertainty. To maintain focus on
tundra ecosystems, we masked areas with canopy height > 5 m (Meta,
World Resources Institute, 2023; Tolan et al., 2024) when summarizing
biomass across the Arctic. Tree masking comes with tradeoffs, however,
as no remotely sensed product is perfect. In particular, trees and tall
shrubs can be difficult to differentiate, and thus tree masks might
inadvertently remove treeless shrublands or other high biomass areas.
For this reason, the publicly available map products we provide are
unmasked. Users should consider masking forests when working with
our plant biomass maps, with careful consideration of which products
and thresholds are best for their project goals. To provide consistent
estimates of woody plant biomass across high northern latitudes, our
map for the Arctic could potentially be harmonized with similar maps
for the boreal forest (e.g., Duncanson et al., 2023; Matasci et al., 2018;
Wang et al., 2021). Ideally, future mapping would focus on coordinated,
collaborative efforts to model the full range of biomass across the Arctic-
Boreal domain.

4.2. Novel modeling approaches

Our novel modeling approach leveraged the rich Landsat time series
(1984-2023), custom sensor cross-calibration, and a new post-hoc
topographic correction. Using the CCDC algorithm to model seasonal
reflectance allowed us to fill gaps in the Landsat record (e.g. due to
short, cloudy growing seasons and acquisition lapses over Alaska and
eastern Siberia during the 1990s; Wulder et al., 2016) and produce
robust estimates of shoulder season reflectance. To ensure our Landsat
time-series was appropriately standardized, we used cross-sensor cali-
bration models that were specifically developed for the Arctic (Berner
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et al., 2023). Finally, we developed a topographic correction method
that substantially reduced computational demands while still reducing
topographically influenced reflectance artifacts (Fig. S13) and modestly
improving the accuracy of biomass models (Fig. S9). Our post-hoc
method reduced processing time by approximately 12x compared to
applying topographic correction individually to each Landsat image,
based on script run-times in Google Earth Engine. Together, these ad-
vances in remote sensing enabled us to robustly quantify the amount,
functional composition, and distribution of plant biomass at moderate
spatial resolution across the Arctic tundra biome.

4.3. Model assessment

Predictors related to modeled seasonal reflectance emerged as highly
important according to the permutation importance metric. Seasonal
NDWI predictors were most important for biomass presence/absence
classification, likely because they differentiate water from other land
cover types. Conversely, seasonal NDVI predictors were most important
for biomass regression, which is unsurprising given the tight link be-
tween NDVI and plant primary productivity (Berner and Goetz, 2022;
Tucker and Sellers, 1986). Other predictors with high importance
included tree presence and cover and bioclimate zone.

Our models tended to underpredict high biomass observations (e.g.
shrub thickets), likely due to limited training data across high biomass
areas, and because random forest models cannot extrapolate beyond the
response range seen in the training data. At the low biomass end, there
were limited instances where moderate biomass was predicted where
none was observed. This was likely due to mixed pixels where rock, ice
or water was located near higher biomass areas (e.g. lakeside vegeta-
tion). Conversely, there were instances where near zero biomass was
predicted for areas of relatively high observed biomass (> 1000 g m™2).
This was most prevalent for sites from the Canadian Shield with
exceptionally high moss biomass, particularly grey-green mats of
Racomitrium spp. that are likely spectrally similar to rock and bare
ground (Gaspard and Boudreau, 2024). This model limitation was
further evident in high relative uncertainty across the Canadian Shield
and Arctic Archipelago. In general, high latitude and sparsely vegetated
areas had high uncertainty, possibly because small patches of mosses
and low growing shrubs are difficult to detect in moderate-resolution
imagery or are spectrally confused with unvegetated areas.

Unsurprisingly, uncertainty was highest in areas with scarce field
and remotely sensed data, such as Western and Eastern Siberia and the
Canadian High Arctic, and lowest in areas with abundant data, such as
Alaska, Scandinavia and the Nenets region of Russia. Geographic biases
in ecological field sampling have caused large portions of Arctic land to
be underrepresented, including some of the most rapidly warming re-
gions (Metcalfe et al., 2018; Virkkala et al., 2019). The Arctic Plant
Aboveground Biomass Synthesis Dataset (Berner et al., 2024a, 2024b),
which formed the basis of our training data, is an important step towards
aggregating biomass harvest data across the entire Arctic. However, to
further reduce bias in the interpretations drawn from Arctic research,
more work is needed to standardize field sampling methods and increase
sampling efforts in underrepresented areas.

We aimed to model uncertainty according to best practices
(Duncanson et al., 2021), but acknowledge that not all sources of un-
certainty are captured here. For example, we were unable to find esti-
mates of error inherent in the biomass harvest and drying processes,
although we suspect this error is significant. The intermixing of dwarf
shrubs, lichens and mosses makes it difficult to successfully separate and
harvest all biomass at a plot. Furthermore, errors can arise from the
accidental inclusion of dead biomass, belowground biomass, and/or
biomass from outside the plot. There is also error inherent in remotely
sensed data. We captured some of this error using the RMSE from the
CCDC model fits but recognize there is error in the Landsat imagery and
other remotely sensed predictors for which we do not account. In
addition, scaling from very small harvest plots (typically < 1 m?) to
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moderate-resolution satellite imagery (30 m) can introduce biases that
influence model results (Siewert and Olofsson, 2020). As advances in
computation continue to facilitate mapping efforts, thorough and
transparent uncertainty assessment will be crucial to product compa-
rability (Duncanson et al., 2021).

4.4. Belowground biomass and carbon stocks

We focused on aboveground biomass; yet belowground biomass
tends to account for most of the plant biomass in tundra ecosystems
(Iversen et al., 2015; Shaver and Chapin, 1991). However, mapping
belowground biomass is challenging because optical satellites cannot
directly measure belowground characteristics, and there are limited
field data. We estimate Arctic belowground biomass totals roughly 14
[8.0, 22] Pg. This translates to roughly 17 [10, 28] Pg of total plant
biomass (aboveground + belowground), and roughly 8.2 [4.8, 13] Pg of
plant carbon (C). Surface soil organic matter (0-30 cm depth) stores
~53 Pg C in this biome (Poggio et al., 2021), suggesting total ecosystem
carbon stocks are ~61 Pg C, with ~13 % in plant biomass, though these
estimates do not include forested areas or the large soil carbon stocks
deeper than 30 cm (Schuur et al., 2022). For the Polar Arctic, our esti-
mates are surprisingly consistent with Spawn et al. (2020) for total
belowground biomass (~5.4 [3.2, 8.8] Pg vs ~5.7 Pg) and total plant
biomass (~6.9 [4.1, 11] Pg vs. ~7.3 Pg). Despite this agreement, there is
substantial uncertainty in estimates of total plant biomass and its
belowground component across the Arctic as evidenced by the wide
uncertainty intervals and large range of estimates historically provided
for belowground to aboveground biomass ratios (Jackson et al., 1996;
Mokany et al., 2006; Wang et al., 2016). It may be possible to derive
more rigorous estimates by using our maps to partition aboveground
biomass for woody versus non-woody plants and then applying below-
ground to aboveground biomass ratios for these broad plant functional
types (Iversen et al., 2015). Alternatively, our aboveground biomass
maps could be combined with information on the spatial distribution of
vegetation community types (e.g., Raynolds et al., 2019) and their
respective belowground to aboveground biomass ratios. Improved un-
derstanding of belowground biomass is important not only for fuller
accounting of carbon stocks, but also because the belowground growing
season is often much longer than the aboveground growing season
(Blume-Werry et al., 2016), with implications for nutrient acquisition
and plant responses to a changing climate (Riley et al., 2021).

4.5. Relationship between biomass and climate

Plant and woody plant biomass increased with thawing degree days
(TDD), consistent with decades of research tying Arctic warming with
enhanced vegetation greenness and productivity (Berner et al., 2020;
Elmendorf et al., 2012; Myers-Smith et al., 2015; Myneni et al., 1997).
However, inflection points were evident around 600 °C TDD, possibly as
functional composition shifts towards woody plants, and again around
1250 °C TDD, suggesting possible saturation points in either vegetation
responses to warming temperatures (Elmendorf and Hollister, 2023;
Piao et al., 2014) or model predictions in productive areas. The range of
biomass across the TDD gradient was considerable, from cold areas with
limited vascular plant growth, to coastal areas where warm ocean cur-
rents support a temperate climate and high plant productivity (Broecker,
1987). In the warmest areas of the Arctic, mean plant biomass was
dominated almost entirely by shrubs and scattered trees. As the Arctic
warms, the distribution of Arctic land area will likely shift towards
higher TDD bins, with probable increases in woody plant dominance
(Mekonnen et al., 2018; Pearson et al., 2013). Across vegetation com-
munity types, shrub tundra plant biomass was an order of magnitude
higher in the warmest Arctic regions (> 1000 g m~2 in low-shrub tun-
dra) versus the coolest regions (~100 g m™~2 in prostrate dwarf-shrub
tundra, Fig. 8c). This suggests a tight link between growing season
temperature and shrub growth (Elmendorf et al., 2012) and highlights
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the shortcomings of coarse vegetation classes e.g. ‘shrub tundra’ which
are frequently utilized to map and summarize Arctic vegetation (Coops
and Wulder, 2019; Cushman et al., 2010). In contrast, wetlands had
similar amounts of plant biomass regardless of TDD, suggesting wetland
productivity may be governed by factors besides growing season tem-
perature (but see Gauthier et al., 2013) or our models may not be well
constrained for predicting wetland biomass.

4.6. Potential applications

Biogeochemistry and ecosystem models are important tools for un-
derstanding climate change impacts in the Arctic (Mekonnen et al.,
2021; Yu et al., 2017). As such, there is a pressing need to evaluate
models against observational datasets related to plant biomass (Fisher
etal., 2018; Sulman et al., 2021). Our new biomass maps are well-suited
for model evaluation, since we quantified uncertainty for each grid cell.
Additionally, our maps provide detailed information that could be
invaluable as model inputs. Well constrained spatial biomass estimates
could improve future carbon flux models (Virkkala et al., 2021), while
detailed data on woody plant distribution could facilitate wildlife
habitat modeling. For example, moose (Alces alces), beaver (Castor
canadensis), and canopy arthropods rely on tall shrubs (Sweet et al.,
2015; Tape et al., 2018; Zhou et al., 2020), while caribou (Rangifer
tarandus) might avoid them because they impede movement, hide
predators, and outcompete preferred forage such as lichens (Fauchald
et al., 2017; Rickbeil et al., 2018). Altogether, the moderate spatial
resolution and carefully constrained uncertainty of our maps make them
useful for myriad ecological applications.

5. Conclusion

We benchmarked aboveground plant biomass and woody plant
dominance across the Arctic for the year 2020 at 30 m spatial resolution
using field, satellite, and ancillary spatial data linked with machine
learning in a cloud-computing environment. These new maps reveal
local (e.g., topography, disturbance) and regional (e.g., climate) factors
shaping the amount, composition, and distribution of plant biomass
across the Arctic, making them well suited for further ecological ana-
lyses and an important step forward. Nevertheless, future efforts will be
needed to further improve characterization of plant biomass across the
Arctic, including by using more extensive and better standardized field
data, and advanced airborne and satellite remote sensing. The modeling
framework we developed could additionally be leveraged to assess
changes across the four-decade Landsat record and provide real-time
insights into tundra ecosystem attributes. Sustained efforts will be
necessary to map and assess ongoing transformation of tundra ecosys-
tems as continued warming drives further permafrost thaw, wildfires,
and shrub and tree expansion.
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