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Land cover data are commonly used to model the terrestrial carbon (C)
sink, yet these data have wide margins of error that significantly alter
estimates of global C storage. Here we demonstrate this data vulnerability in

grasslands, which are critical to C cycling but whose estimated distribution
has varied by >50 million km?(3.5-42% of the Earth’s terrestrial surface).
Comparing multiple high-resolution land cover products with expertly
annotated grassland data from six continents, we show sources of mapping
error and discuss Cimplications based on 2023 United Nations (UN) FAO
estimates. Past misidentification arose from inconsistent definitions on
grassland identity and classification flaws especially relating to woody
plant cover. Correcting these errors adjusted grassland coverage to 22.8%
of the terrestrial land base (30.1 million km?), elevating UN projections of
soil Cstocks t0155.02 Pg (0-30 cm depth). These findings underscore the
challenges of biome mapping for ecosystem accounting and policy, when
lacking field-validated remotely sensed data.

High-resolution spatial mapping of land cover is increasingly used
to quantify indicators of global sustainability including climate
solutions' . Recently developed high-resolution land use/land cover
(LULC) products such as World Cover (WC) by the European Space
Agency (ESA), Environmental Systems Research Institute (ESRI)’s Land
Cover (LC) and Dynamic World (DW) generated by Google helpimprove
long-standing limitations of mapping the spatial extent of global land
cover, with consistent and relatively affordable data available for all
regions of the Earth®°. While providing a substantially improved char-
acterization of the Earth’s land surface, these products still possess
large classification error despite their ability to map land features at
10 mresolution' ™. The main source of error centres on the absence
of systematic fine-scale expert knowledge necessary for validation,
with image interpretation typically conducted by remote sensing
experts lacking local knowledge of the terrestrial features that they are
attempting to map''*". Although fine-scale error is increasingly being
minimized, inconsistencies of even a few metres quickly compound
whenmodelling global-scale processes (Supplementary Fig.1). Thisis
especially problematic for quantification of the terrestrial carbon (C)
sink’, as discrepancies in estimates of land cover bias model outcomes
for C stocks and fluxes'®”. Given the importance of global C model-
ling for quantifying ecosystem-based ‘Natural Solutions’ to achieve

C neutrality by 2050 (for example, ‘per area’ estimation of C uptake
and storage'®"), we need to better understand the sources of error in
remotely sensed estimates of Earth-system processes™.

These challenges are especially pronounced in global grasslands.
Grasslands are critical for all facets of human sustainability given their
vast extent, importance for food production, direct support of the
livelihood of ~850 million people, vulnerability to anthropogenic dis-
turbances and provision of habitat for biodiversity including large num-
bers of endemic plants and many of the world’s at-risk megafauna'**,
Grasslands are also critical for global C dynamics, as their soils are
thought to contain ~20% of global C while contributing ~18% of the
yearly total for the terrestrial C sink (0.5 Pg C stored per year”). How-
ever, these C contributions canonly be viewed as broad approximations
because published estimates of total grassland area vary by tens of
millions of km? (Table1). These inconsistencies derive from a range of
sources, including variability in how grasslands are defined, potential
changes in global grassland area over the past several decades and
challenges in using remote images to accurately differentiate grassland
from other land cover types in the absence of local expertise'”*.

Such wide differences in estimated area matter for modelling the
contribution of grasslands to global C cycling. In the UN’s Food and
Agriculture Organization (FAO) 2023 report on global grassland storage
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Table 1| Published estimates of global grassland coverage, showing wide variation in total area

Authors Year % global coverage Km? (million) Source

Olson et al.*® 1983 428 55.5 Original®

Bai & Cotrufo™ 2022 405 52.5 *White et al.”’
Suttie et al.”® 2005 405 52.5 *White et al.”
White et al."* 2000 40.5 53.5 GLCCD 1998°°
Bardgett et al.*® 2021 ~40 *White et al.”
Sunetal.”’ 2022 ~40 *White et al.”
O’'Mara®® 2012 37 50 *Loveland et al.?®
Chang et al.*® 2021 37 481 IPCC 2019°%°
Loveland et al.”® 2000 35 51.3 GLCCD 1998
Whittaker & Likens®' 1973 40 Original®
Goldewijk et al.” 2007 33.4 Original®
Latham et al.®® 2014 315 Original
Arneth et al.% 2019 30 FAO 2018%
Lal® 2004 29.4 44.5 IPCC 2000%°
Schellburg et al.’ 2008 26 34.4 FAO 2008°%
Liu et al.®® 2019 ~25 *Lieth 19787
Lauenroth” 1979 25 33 Shantz 19547
Lieth™ 1975 24.3 Original®
Shantz’? 1954 24 20.3 Original’
Xiaetal.”® 2014 ~20 *Lieth 19787
Scurlock & Hall* 1998 ~20 22 *Lieth 19787
ESAWC 2020 24.3 321 Original
Google DW 2020 5.0 7.4 Original
ESRILC 2020 3.5 4.6 Original

*Indirect citation (citing a paper that cites an original derivation of grassland extent). 2Merges potential and existing vegetation maps: grassland totals pool grassland, tundra, pasture

and savanna. ®"Merges terrestrial maps including Vahl's climate and vegetation zones (1949), for savanna, grassland, tundra and shrubland. °Merged maps of ref. 28; Bartholomé et al.’*.
9GLC-SHARE: synthesis of the existing global information sources into a single database. °Merges potential and existing vegetation maps. ‘Merging of ‘best maps available’, excluding tundra
and shrubland (44.4 millionkm? with those added). These differences include both percent coverage (%) of the Earth’s terrestrial ice-free surface and total grassland areas, although this latter
total is not always mentioned (millions of km?). Divergence in estimated totals tends to derive from whether tree cover, shrub cover and/or tundra are included as ‘grassland’ (light grey, >30%
global coverage) or if estimates focus solely on ‘open grassland’ (dark grey, <30%). Variation within these two groupings can also be sizeable, with every 1% difference in land cover equivalent
to ~1.3millionkm?. *~’ refers to estimates where the authors acknowledge uncertainty, using terms such as ‘up to’, ‘over’ or ‘approximately’, without giving an exact total.

of carbon”, grasslands were estimated to store 63.5 Mt Cin 2010 based
on aland cover estimate of 17.9 million km? (CCI_LC [Climate Change
Initiative_Land Cover]; Envisat satellite, Supplementary Table 1). Yet
inthat same year of 2010, a different estimate derived using the Mod-
erate Resolution Imaging Spectroradiometer (MODIS) on board the
TERRA and AQUA satellite constellation, calculated grassland cover-
ageat 30.5 million km? (Supplementary Table1). Wide differences also
occur among WC, LC and DW, reflecting issues with how grasslands
aredefined and classified remotely (Table 1). If global land cover map-
ping is to become a dependable and authoritative source to quantify
large-scale environmental, economic and social indicators of sustain-
ability, including those derived from grasslands, then such measure-
ment shortcomings must be better addressed™ >,

Here we use high-resolution (10 m) globally distributed grassland
data from 504 sites on 6 continents (Fig. 1) to illustrate these issues.
We do this by cross-referencing 387,600 expert-validated pixels from
Google and Bing satellite imagery with WC, LC and DW estimates of
grassland coverage. Our comparisons allow us to isolate sources of
overestimation and underestimation error by the threeland cover prod-
ucts, approximate the most likely extent of the grassland biome and
explore theimplications of this updated approximation for grassland
impacts on C stocks and fluxes in relation to the most recent UN FAO
estimates”. The power of our analysis derives from our high-resolution
data validated by 157 grassland researchers in 60 countries, creating

a ‘reference classification”*" against which the performance of WC,
LC and DW can be assessed (Supplementary Fig. 2). This reference
classification derives from a definition of grassland extending from
>5% grassland vegetation in barrenland to forested grassland with
<75% woody plant cover, thereby capturing various grassland cover
types including savanna, shrubland, planted pasture and tundra (see
Methods). Our comparative approach mirrors the validation protocols
used by the world’s leading land cover products, where 1,000 s of sam-
pling units are visually assessed to test effectiveness and train mapping
protocols®*. Where our work differs is the direct on-the-ground famili-
arity of our sites and their surrounding area, allowing us to differentiate
grasslands even among fuzzy or cryptic coverage in ways otherwise
notpossible (Supplementary Fig.1). WC, for example, uses annotated
pixels from 141,000 locations globally extending across all biomes,
notjust grasslands, that are validated by visually assessing pixel iden-
tity but without local knowledge”®". DW and LC use near-identical
training and validation protocols based on 24,000 Sentinel 2 tiles
and 5 billion pixels, but again without field-verified accuracy'®". As
we will show, this lack of local knowledge results in significant error
(Supplementary Fig.1). Grasslands are especially difficult to remotely
classify because of their highly variable spectral signals relating to
phenological, edaphicand herbivore-related influences on biomass, as
well as challenges identifying ground cover under canopies of woody
plants or in sparsely vegetated barren lands. As a result, remotely

Nature Ecology & Evolution | Volume 10 | February 2026 | 246-257

247


http://www.nature.com/natecolevol

Article

https://doi.org/10.1038/s41559-025-02955-6

O'6rassland
M Forest
] Shrubland
[] Crops

[] Barrenland

Fig.1| Grassland ites of this study, in relation to the WCland cover map.
Most sites (indicated by the black dots) contain 11 reference grids (with some
exceptions, see Methods) with each grid composed of 10010 m x 10 m pixels
(Supplementary Fig. 2). We classified each pixel (387,600 pixelsin total) into 1 of

7 grassland types and 9 non-grassland land use classes (for example, settlement,
crops, forest; see Supplementary Table 3). We chose WC for this map, instead of
LC or DW, because it was the most accurate land cover product for grasslands (see
Supplementary Table 2). Photo credit: ESA WC project 2021".

sensed grassland distributions have had some of the lowest accuracies
so far among mapped biomes".

In addition, we classified each of the 387,600 pixelsinto10f16
cover types (Supplementary Table 2). Seven are forms of grassland,
while the remaining 9 are non-grassland features such as settlements,
crop fields and forest or shrubland lacking grassland understories.
These 16 classifications, in turn, allow us to detect and quantify the
underlying causal sources of estimation error for WC, LC and DW,
which can take two forms: user’s accuracy or ‘false positives’ where
a pixel is incorrectly classified as grassland when it is actually a
non-grassland cover type (also known as ‘errors of commission’ or
Type l error), and producer’s accuracy or ‘false negatives’ where a
grassland pixel is mistakenly labelled as something else such as for-
est or crop field (also known as ‘errors of omission” or Type Il error).
Our expert-validated data allow us to close the gap between remotely
sensed and on-the-ground classification, clarifying the benefits and
shortcomings of current high-resolution land cover products for
modelling Earth-system processes. Our work targets the grassland
biomebutisillustrative of the benefits and pitfalls of remotely sensed
ecosystem assessments generally.

Results and discussion
Our high-resolution analysis of grassland coverage reveals that even
the most accurate of remotely sensed land cover mapping possesses
substantial error, with over- or underestimation of grassland causing
misclassification of pixels at least 15% of the time depending on the
type of error and whichland cover productis being assessed (Fig. 2 and
Supplementary Table 3). Indeed, the estimated extent of grassland
among the three high-resolution land cover products differed by mil-
lions of km? (Table 1), despite all deriving from Sentinel-based satellite
imagery (see Methods). Such discrepancies reveal the sensitivity of land
cover estimates to how biome features are defined and classified with
satellite-derived data. They alsoindicate that estimates of the grassland
Csinkwill differ widely depending on which productis utilized. In total,
thiswork demonstrates that attempts to remotely generate sustainability
estimates must be clear on the high level of potential error that can be
involved andtheirreplaceableimportance of local field datatoimprove
accuracy no matter how detailed the land cover platforms may be.

As stated, product accuracy varied widely and was sensitive to
different forms of error. WC was more accurate for grassland mapping

than DW and LC, correctly identifying 240,266 of 281,735 pixels glob-
ally (80.3% user’s accuracy (false positives), 85.3% producer’s accuracy
(false negatives); Supplementary Table 3). Yet, WC was more likely to
misidentify non-grassland by labelling alocation as grassland when it
was not (Supplementary Table 3). WC only correctly identified 59,064
0f105,865 non-grassland pixels (53% user’s accuracy, 44.2% producer’s
accuracy). As a result, the combined WC accuracy for grassland and
non-grassland features was 74.1%. This inability of WC to correctly
classify ~25% of all pixels illustrates the high level of error associated
witheventhebest remotely sensed land cover products. For LCand DW,
their overall accuracy was even lower with mislabelling of 60% and 57%
of all pixels, respectively.

LC and DW were especially poor at detecting grassland. DW only
correctly identified 70,864 grassland pixels, with grassland often mis-
takenly labelled as anon-grassland attribute such as forest (86.8% user’s
accuracy, 25.2% producer’saccuracy). DW performed much better for
non-grassland features, correctly identifying 95,130 of 105,865 pixels,
withmosterrors being false positives (31.1% user’s accuracy and 89.1%
producer’s accuracy). LC had the lowest performance for grassland,
only correctly identifying 58,386 pixels, withmost error deriving from
false negatives (87% user’s accuracy, 20.7% producer’s accuracy). As
with DW, its classification accuracy for non-grassland features was
much better (30.3% user’s accuracy, 91.8% producer’s accuracy). The
tight correlationin performance by LC and DW (Supplementary Figs. 3
and 4) reflects their similar training data and classification schemes’
(Supplementary Tables 6 and 5). We see this correlation when exam-
ining the sensitivity of the three cover products to different environ-
mental parameters (Supplementary Figs. 3 and 4; see Methods). For
example, the performance of LC and DW was positively associated
with sites with higher annual precipitation (Supplementary Fig. 3). This
may be explained by the high accuracy of both products for detecting
planted pasture (Supplementary Table 3) compared to other grassland
types—planted pastures can be widespread in temperate regions with
higher rainfall that might otherwise support forest.

Taken collectively, the sources of error for estimating grassland
extent derived from two factors: the definitions of grassland (‘defini-
tionerror’) and the difficulty in remotely resolving certain cover types
as represented by the user’s and producer’s accuracies (‘classifica-
tion error’). Definition error occurred when areas that support grass-
land were excluded. This happened for logistical reasons, such as WC
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Fig. 2| Differences in accuracy for identifying grassland and non-grassland
land coverin10 m x 10 m pixels among three high-resolutionland cover
products. a, Percent differences in accuracy between the overall categories of
grassland and non-grassland cover. WC correctly identified grassland in 85%

0f 281,735 pixels but was the least accurate for non-grassland features such as
crop field and wetland. b, Number of correctly identified pixels per seven classes
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of grassland, as well as pixels incorrectly identified. Open grassland was the
most frequent cover type to be correctly identified by all products, followed by
tundra for WC and LC, and planted pasture for DW. The numbers of incorrectly
identified pixels are significantly higher for DW and LC than for WC (see
Supplementary Table 2).

defining grasslands as areas with <10% tree canopy given the difficulty
of remotely observing grassland understories below forest cover. This
decision resulted in the exclusion of grasslands with substantial tree
coverbutagrassland understory (thatis, ‘savanna’), includingin tropi-
cal, temperate and sub-Arctic regions (Supplementary Fig. 1). There
was also some suggestion of management-based sources of definition
error relating to the delineation of global ‘rangelands’. Rangelands,
often defined as areas that support domesticated or native livestock,
arecriticallyimportant for global food production and are often viewed
assynonymous withgrassland. However, grazing animals are not always
confinedtograssland, withmany shrublands and desert areas also being
used; as such, rangelands have a larger distribution than grasslands
globally®*~®, with an estimated area of at least 34 million km?”. Recog-
nizing this, LC recently merged ‘grassland’ with ‘shrubland’ to create a
broader category of ‘rangeland’ (see Supplementary Fig. 1), which they
assessed as covering 37% of the Earth’s ice-free surface. This shift now
meansthat LC no longer explicitly maps the occurrence of ‘grasslands’.

The other major source of land cover error derived from clas-
sificationinaccuracies, where one or more of the land cover products
incorrectly classified pixel identity. Such errors canrelatein part to how
grassland was defined but also occur due to technical issues relating to
spectral challenges associated with grassland detectionfrom space. For
example, we classified 30,166 pixels as ‘wooded grasslands’, which WC
onlyidentified as grassland 65% of the time, with the remainder being
incorrectly listed as ‘forest’ or ‘shrubland’ (Supplementary Table 3).
Cropland caused challenges, especially harvested grain fields (some-
times incorrectly classified as grassland) or long-established planted
pasture (sometimes incorrectly classified as crop field, despite not
being cultivated annually). Similarly, we were able to separate grass-
lands in settlements from uncultivated grassland, which also caused
confusion for LULC mapping. For example, WC incorrectly labelled
10,400 of17,533 heavily managed ‘artificial’ pixels as ‘grassland’ when
these tended to be lawnsin residential areas.

We used these assessments of mapping accuracy, combining
both over-and underestimation error for each land cover product, to

approximate acorrected total extent of grassland (see Methods). Inthe
absence of this correction, the coverage of grassland for WC, LC and
DW diverged substantially from 3.5%-24.4% (a gap of 27.5 million km?)
of the Earth’s ice-free terrestrial surface estimated at 131,319,290 km?
(Supplementary Table 5). After correcting for estimation error, these
totals converged somewhat especially for LC and DW. WC has an
adjusted total grassland coverage of 30.1 million km? (22.8% of the
terrestrial land surface), with LC at 19.5 million km? (14.2%) and DW
at 25.6 million km? (17.2%). Given the much higher user and producer
accuracy for WC, especially its ability to correctly identify actual grass-
land, we suggest that its adjusted total of 30.1 million km?is the most
accurate estimate of global grassland area especially since this total
corrects for WC’sinaccuracy at detecting savanna.

This corrected grassland total for WC is substantially lower than
commonly reported (Table1), including two of the most cited estimates:
ref.27 (40.5% global cover) and ref. 28 (35%) (Supplementary Table 4).
Althoughgrasslandloss insome global regions since 2000 could con-
tribute tothe larger estimates at that time, the more likely cause derives
from changes in the definition and classification of remotely sensed
grasslandimages. Indeed, bothrefs. 27,28 used much coarser-resolution
datathanavailable today (advanced very-high-resolution radiometer
(AVHRR) satellite data with a1km resolution). In terms of definition
error, ref. 27 combined grassland and shrubland together into asingle
‘grassland’ category, which would overinflate grassland occurrence
because not all shrublands have grassland understories. Similarly,
ref. 28 excluded tundrafromtheir ‘grassland’ category, which probably
explains why their estimateis 5% smaller than that of ref. 27, given that
tundracovers-~5-7% of the Earth’s surface (Supplementary Table 4). As
for higher coverage in 2000 being explained by subsequent grassland
loss, both CCI_LC (1992-2020) and MODIS (2001-2022) show that
grasslandtotals haveincreased over the past several decades (+1.5% and
+6.8% respectively; Supplementary Table 1), which we assume torelate
tofactorssuch forest clearance for pasture or farmland abandonment.
Nevertheless, these two products differ substantially in estimating
total area, with MODIS having an average of 51% more grassland than
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CCl between 2001-2022, representing a gap of at least 11 million km?
(Supplementary Table 1). We see these same large discrepanciesin cur-
rent high-resolution WC, LC and DW land cover products, despite their
much higher spatial precision compared with earlier satellite imagery
(Supplementary Table1).Intotal, theseissuesillustrate the challenges
that have inhibited the accurate reporting of grassland distribution.
Unfortunately, an on-going reliance on older estimates tends to inad-
vertently reinforce, and sometimes conflate, the reporting of grassland
coverage (that is, the ‘scientific telephone’ effect?’). Some estimates
have attempted to reduce this risk by being highly conservative (see
Table 1), but these are not necessarily better because they tend to
strictly emphasize opengrassland while excluding savannaor tundra.

In turn, the wide spectrum of cited grassland cover estimates
(Table 1) biases the modelling of global C stocks and their expected
sequestration potential. In short, C stocks derive from the combina-
tionof area (for example, Gt C km™) and volume (for example, g C cm™
of soil), with both shaped by contextual factors such as climate, soil
nutrients and past land use that affect C losses and gains'®*°., For area,
a major challenge for projecting the global grassland C sink is that
high-resolution mapping products differ so widely in their estimates.
Indeed, the mislabelling of cover type will have large impacts on the
spatial modelling of C as biomes tend to process and store C differently,
especially forests versus grasslands, given their differences in annual
primary production, nutrient cyclingand fire frequency**~**. Because of
these challenges, past estimates of grassland contributions to the ter-
restrial C pool need to be viewed with caution. In one of the most widely
cited projections, ref. 35 relied on previously created biome maps to
estimate grassland coverage at 44.5 million km? including tropical
grassland and savanna, tundra, and temperate grassland and scrub-
lands. On the basis of these totals, grassland soils were determined
to support 32.04% of the world’s soil organic carbon pool based on a
grassland C pool of 552 billion tonnes to 1 m depth and a total global
C pool size of 1.72 trillion tonnes™. Our analysis here suggests that
44.5 million km?is an overestimation, at least compared to our adjusted
WC estimate of ~30.1 million km?, We see the same sensitivity to per area
estimates in the 2023 UN FAO report on grassland C storage”, which
relied on grassland performance in 2010 using CCI_LC land base pro-
jections for thatyear. Adjusting their projections of grassland C stocks
at 51.5t C ha™ to 30 cm depth with our corrected estimate increases
the size of the soil C pool by 68% t0155.02 billion tonnes. Such adjust-
ments are critical for better estimating the magnitude of the grassland
C sink and for demonstrating the large role that grasslands can play
in providing Natural Solutions to global C capture and storage until
anthropogenic CO, emissions begin to drop.

There are several caveats to our analysis. Our assessment criteria
were shaped by our own definition of grassland, which we set from
>5% coverage of grassland vegetation to <75% canopy cover of trees or
shrubs. Changestoeither of these boundaries would alter our grassland
totals, although the range we used represents commonly described
parameters for defining ‘grassland’***. It should be noted that our
grassland definition is more encompassing than sometimes used to
estimate grassland, especially our inclusion of woodland canopy cover,
and yet we still found far lower totals than are commonly reported
(Table1).Inaddition, there was somelevel of regional clustering of our
sites despite our efforts to sample all grassland areas globally (Fig. 1).
Indeed, our sampling grids span all continents but more occurinNorth
America (1,222100 x 100 m grids) and Europe (968 grids), compared
to 526 in Asia, 458 in South America, 361in Africaand 209 in Oceania.
We tested for spatial clustering using nearest-neighbour analysis,
but found our sites to be spatially dispersed (Z=4.62, p <0.0001,
nearest-neighbour ratio 1.13). Similarly, we investigated potential
bioclimatic patterns of disagreement in our expert classification
data but found none (for example, Supplementary Fig. 5). Finally,
most past efforts to assess the accuracy of remote global biome map-
ping have used randomized approaches targeting all cover types'*".

Our approach was non-random as it strictly targeted grasslands. Fur-
ther, our reliance onlocal expert knowledge meant that many locations
supported some form of active research or management including
conservation, thereby creating possible bias towards certain forms of
grassland. We accounted for this by randomly assigning the locations
of-91% of all pixels within 5 km radius of most locations, which resulted
in 27% of all pixels being non-grassland (see Methods).

In summary, our findings illustrate the shortcomings of using
high-resolution remotely resolved products in the absence of cor-
roborating field data, whether to assess biome distribution or infer
benefit relating to ecosystem services and sustainability such as C
accounting®". Our corrected estimate for grassland coverage 0f22.8%
of the terrestrial land surface or 30.1 million km? deviates from many
widely cited totals, which are often much larger and continue to serve
asintegral components of global models for terrestrial C dynamics. As
we show, coverage errors derive from arange of sources centering on
how grasslands are defined and classified. Definitional choices such as
excluding grassland with >10% woody plant cover are understandable
as this reduces false positive error, given the challenges of remotely
differentiating non-grassland forest versus heavily treed grassland
savanna. However, this choice magnifies the misclassification of a
form of grassland that covers large areas of the planet®***. There are
alsoincreasing concerns over value-based definition error relating to
the assumed socio-economic importance of grasslands, especially
when they are classified as ‘wasteland’ despite the unique ecosystem
services that grasslands provide®**°. Although we saw no evidence
of this in our analysis, an extreme example is when Natural Climate
Solution programmes target afforestation of areas with long legacies
of grassland occurrence, justified by the often-incorrect assumption
that forests sequester more C than grassland***~,

The unique value of our analysisis the creation of a high-accuracy
collaborative fine-scale reference classification, which allowed us
to assess product performance in ways typically not possible'*>. A
lack of local data is the main reason why remotely sensed products
are widely valued when attempting to quantify Sustainable Develop-
ment Goals (SGDs’), but an absence of corroborating reference data
remains a major threat to generalizability, policy performance and
credibility’******, Our work is one example of an attempt to bridge
two disciplines undergoing rapid logistical and technical advance-
ments that show great promise for assessment accuracy of SDGs:
high-resolution remote sensingimagery for Earth-system modelling® ™
and global-level collaborative ecosystem research targeting anthropo-
genic change* . Here we created a validation dataset relying onlocal
knowledge that, in turn, served to calibrate high-resolution mapping
products with alevel of detail and spatial extent that no field researcher
could ever mimic. Going forward, resolving mapping error will be
increasingly important for quantifying grassland distribution and
the contribution of grasslands towards environmental, social and
economic sustainability”******>, There is an urgency to this work, as
grasslands are one of the most transformed and at-risk biomes on
the planet, with potentially large future shifts in occurrence from
both losses to increased crop production, urban expansion, deser-
tification and shrubification, and gains from deforestation and land
retirement”**°,

Methods

Analysed land cover products

We focused our analysis on the three LULC datasets with the highest
resolution available at 10 m x 10 m pixels: World Cover (WC)’, ESRI's
Land Cover (LC)®and Dynamic World (DW) generated by GoogleDW™.
Each dataset was accessed through the Google Earth Engine (GEE).
As has been described", each product derives from Sentinel satellite
imagery bututilizesitin different ways; for example, LCand DW share
the same training dataset and are based on deep learning models, while
WC is based on its own training data and random-forest modelling.
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DW is updated in near-real-time with new sentinel imagery, while LC
is intended to be updated annually, and WC was meant to be a stan-
dalone 2020 map but received an updated version in 2021. Given this
latterissue, we directly compared the LULC productsto each other for
2020-2021, thelast year all three products were updated. Much of the
dataprocessing was, unless mentioned otherwise, scripted inaPython
APlviascripts runninginjupyter Notebooks using GEEmap software’".
All metadata for this paper can be found in Supplementary Table 3.
These served as the basis for all the results relating to error estimation
forthethree cover products. All coding used in the analysesis available
via GitHub at https://github.com/B-vanzant/The-global-extent-of-the-
grassland-biome-and-implications-for-the-terrestrial-carbon-sink.

Researcher contact

We used acommunity-based effort to validate fine-scale 10-m resolu-
tion GEE pixels organized in primary sampling unit grids spanning
the grassland biome (Fig. 1). Starting in June 2023, we made an open
call for participation to validate grassland sites. All participants were
grassland field ecologists or from related fields relating to land man-
agement, each of whom possessed local site-level knowledge of one or
more grasslands such that they could validate the identity of different
grassland and non-grassland cover types using remote sensing imagery.
As shown in Supplementary Fig. 1, local knowledge is irreplaceable
for validating image identity at high resolution, especially to distin-
guish among different types of grassland, or between grassland and
non-grassland features such as recently harvested wheat fields, lawns
or barren lands. This outreach resulted in a validation team of 157
expertswho provided the coordinates of their ownresearchsites, total-
ling to 504 unique grassland research locations spanning 60 countries
across 6 continents including Greenland but excluding Antarctica
(Supplementary Fig. 1). Collaborators were initially identified via the
Nutrient Network (www.nutnet.org), DRAGnet (www.nutnet.org/
dragnet) and DroughtNet (www.droughtnet.weebly.com), subse-
quently from mailing lists such as ECOLOG-L and OIKOS, using social
mediaand word of mouth among researchers in the field of study. We
also proactively contacted researchers in continents and geographic
areas that were initially underrepresented (for example, eastern
Europe, Africa, parts of Asia, South Americaand the Arctic).

The primary focus of the outreach was to create a geographically
and bioclimatically representative distribution of locations across the
grassland biome. As such, we did not emphasize grassland type (for
example, tundra, savanna, opengrassland) or any other type of attribute
(for example, grazed/ungrazed, invaded by plants or uninvaded) when
selecting our sites; the only requirement was that they be some form of
grassland. Data submission was closed on31January 2024. As discussed
below, our selection criteria for sites sought to balance estimationaccu-
racy with the necessary practical constraints of findinglocal collaborators
fromallregions of thegrassland biome'. Ourinclusive acceptancecriteria
of any form of grassland—no matter the size, management history (for
example, grazed/ungrazed, planted pasture), cover type (for example,
invaded, uninvaded) or location—was one step of several that we utilized
to minimize bias towards any specific cover type feature. The minimiza-
tion of selection bias in these ways is an important requirement in both
our assessment of classificationaccuracy by WC, LC and DW, and for our
projected estimate of the most likely extent of the grassland biome™. It
was also necessary because true randomsite selectionfor all of the Earth’s
terrestrial surface would disproportionately occurin non-grassland areas
(because only -22.8% of the Earth supports grassland) or select grassland
inareas where local experts could not be identified.

Selection of sampling units

Our evaluation centred on validating the LULC identity versus our
‘reference classification’ for 10 m x 10 m secondary sampling unit (SSU)
pixelslocated withinal00 m x 100 m primary sampling unit (PSU) grid
(SupplementaryFig.2). We took multiple steps to ensure that all pixels

fromour reference classification and the three LULC products werein
full spatial agreement (that is, thus preventing geolocation error)™. We
began by aligning the three LULC datasets (WC, LC and DW) through
reprojection to EPSG:4326. Althoughin theory there could be shifting
of pixel footprints, we assumed this not to be the case given that each
LULC product derives from similar Sentinel imagery. For each of the
504 unique ‘core’ locations, the coordinates were added to a CSV file
and then imported to GEE. Then, the PSU grids were overlaid on top
of each provided grassland coordinate using the GEE covering grid
tool, aligned directly with the pixels of the 10 m x 10 m LULC datasets.

Once we received the coordinates from the 504 coresites (that s,
the main site where the researcher worked and/or was most familiar
with), we randomly located an additional 10 sites within a 5-km radius
(a78-km*area) of each corelocation (with a few exceptions, see below).
This distance was chosen after a preliminary trial runat the NutNet con-
ferenceinthe summer of 2023, whereresearchers decided thata 5-km
radius provided the best spread of PSUs while still occurring in famil-
iar geography. This was most critical in mountainous regions where
large changes in vegetation type could occur over short distances
with increasing altitude. In the end, this selection of additional grids
resulted in 11 total PSU grids of 100 SSU pixels (1,100 pixels per site).
The only times we did not generate the additional 10 grids per site were
for locations where researchers provided large numbers of core sites
withinrelatively small geographic regions; thisinvolved five cases from
three continents: Western Asia [Turkey (21 sites), Republic of Georgia
and Armenia (21sites)], North America [the state of Montana (31 west-
ern sites, 62 eastern sites)] and South America [Argentina (29 sites)].
These site clusterings closely resembled the PSU/SSU model that we
used at all other sites, so we utilized these groupings in the same way.

ThelOadditional grids had one selection criteria other than occur-
ring with 5 km: they needed to have at least 1oftheir 100 pixels (1/100°)
overlapping with a pixel identified as ‘grassland’ by the LULC dataset
with the highest global coverage (WC). This removed non-relevant
grid placements (for example, grids placed entirely within other land
classes such as bodies of water, cities or forests), while still allow-
ing for placements where grids would have one or more grassland
pixels. We selected WC for our ‘1/100’ selection rule following a pre-
liminary scan of grassland mapping by the three products, given that
WC identified more than double their mapped estimates (-24.4%) as
grassland (Supplementary Table 5) compared with LW and DW; the WC
value was closest to the previously reported ranges for global grass-
land coverage (Table 1). In cases where some of the randomized PSU
grids overlapped, the centroid coordinate that was last randomized
was re-randomized (for example, if grids 4 and 7 were overlapping,
7 would be re-randomized) and relocated. The spatial constraints of
this selection (within 5 km of the core site) meant that the site expert
would probably be familiar with the vegetation characteristics of that
location. We acknowledge that the relative proximity to the original
coordinate could generate some degree of autocorrelation of the input
values —neither our grassland nor grid selection protocols are truly
randomized (see below). However, this approach allowed us to maxi-
mize the expert knowledge of local researchers, with the assumption
that they would be sufficiently familiar with the local areato provide a
qualified judgement for the additional randomized sites.

An important reason for adding these additional grids was to
decrease bias by increasing the area sampled per location so that we
could better test variability in mapping accuracy within and among
sites. This was especially important given that some core sites were
small and atypical compared to the surrounding landscape. The best
example was when the core site was a conservation area or research
management stationembedded withinalandscape dominated by crop
fields, planted pasture, managed natural grassland, regenerating forest
and/or settlement. The randomization of 10 PSUs surrounding the core
site thus captured far more grassland and non-grassland cover types
(27% of all pixels were non-grassland; Supplementary Table 3) within
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regions of the Earth capable of supporting some type of grassland. This
‘supporting some form of grassland’ includes persistent anthropogenic
grasslands within areas that might otherwise succeed to forest in the
absence of human activity; such grasslands are common especially
within many temperate regions of the world, and indeed ‘pasture’
constituted 9.1% (25,563/281,735) of all expert-identified grassland
pixels (Supplementary Table 3).

Image creation and sharing

Wedistributed images (png format) of the 11 PSU grids that were under-
lain with satellite imagery of very-high resolution (typically -0.5-1 m;
see ‘Additional Methods’ in Supplementary Information) to enable
expert classification of grasslands (Supplementary Fig. 2). Imagery
used was either taken from the Qgis Google satellite basemap or the
Qgis Bing satellite basemap depending on the quality of imagery. The
Bing basemap was used as a backup when the Google basemap was
unusable based on one or more of the following criteria: (1) imagery
was not sufficiently high resolution so that SSU pixels have discern-
ible land cover, (2) ground cover was generally not visible (for exam-
ple, heavy snow/cloud/shadow cover), or (3) artefacts and errors
in basemap cover were present (for example, imagery warping or
distortion in the basemap). In cases where researchers were unable
to label the type of coverage for a given pixel with full confidence,
they classified them either as ‘U’ for ‘unfilled’ or as ‘7’ in cases where
they knew the coverage was grassland but were unsure of the correct
label (Supplementary Table 2), the latter applied to 4% of our SSUs.
In cases where only a portion of the area within 5 km of the core site
contained usable imagery, PSU grids were re-randomized until they
fell within an area with suitable basemap coverage. This variability in
basemap suitability is often an unappreciated and underestimated
constraint when attempting to assemble global land cover basemaps
using remote sensing; some regions of the Earth are comprehensively
represented by multiple forms of remote images (for example, satellite-
and airplane-derived) but others are not, especially in highly remote
regions with low human population densities. In cases where both
basemaps were unusable across the entire area of interest, these loca-
tions were removed from the study. This occurred rarely, with only 21
locations that signed up for the project being excluded due to unusable
basemap data (leaving us with 504 locations).

Oncethegrids were finalized, images were exported from QGIS as
PNGimages at ascale of 1:1,900 for visualization while using the WGS84
pseudo-Mercator (EPSG: 4326) projection to aid inimage visualization
inhigherlatitudes. Finally, we sent each of our 157 researchers an overall
regional map that showcased therelative locations of the core grid and
the10 additional grids within the 78 km?area. This helped participants
to contextualize the location of the randomized sites relative to their
provided research site to aid the annotation of the grids. The scale of
these images depended on the distribution of the randomized grids
within the area of interest and therefore was zoomed-in to the extent
ofallllgridsrather thanstandardized ataspecific scale. The provided
‘core’ research location was highlighted in the centre of each image,
witheach ofthe 10 additional randomized locations labelled with their
assigned numeric value.

Allsiteimages and associated grids were hosted in ashared Google
Drive where each researcher was given their own folder. There were
12 images per folder: the 11 grids plus the coarser-scale regional map.
Thebreaking apart ofimages into 12 smaller-sized files was critical for
co-principalinvestigators who lacked sufficient computation power or
internet connection to download larger-sized image files.

Site annotation and data cleaning

Along withthe11PSUgrid images and the 1regional map image, aspread-
sheet was provided to each researcher explaining the evaluation cri-
teria (Supplementary Fig. 2 and Table 2). The spreadsheets contained
highlighted data-entry grids, which corresponded in orientation to the

11providedsitegrids. Also provided was atext-entry box for theresearcher
todescribe their familiarity with the selected gridin case of extenuating
circumstances that needed to be revisited (for example, uncertainty on
pixel cover-typeidentity for whatever reason). One example might centre
onuncertaintyin the classification oflawns, which we subsequently classi-
fiedas ‘A =artificial’. Each of the grids was annotated by the corresponding
researcher(s) through the criteria outlined in Supplementary Table 2.
Spreadsheets were submitted through Dropbox in either a .xIsx or .csv
fileonce completed by theresearchers. The expert datawere next cleaned
using R, with errors standardized to our criteria on the basis of context
clues (for example, a grid full of 1s, accidentally having 12’ inputted for
apixel, would be corrected to ‘1’) and supporting comments.

LULC area calculation

Theareaofeach LULC dataset was calculatedin GEE viathe sumreducer,
usingascale of 500 m due to computational limitations within the GEE
platform. The 500-m pixel count for each dataset was converted to km?
through simple division to give an approximate total area (for example,
the coverage values for each platform givenin Table 1).

LULC datavalidation

Each labelled SSU-pixel score was extracted from the submitted
spreadsheets into a standalone CSV file. It was then joined to the cor-
responding PSU grid raster files on the basis of the unique alphanu-
meric identifiers for each pixel (A1-J10; Supplementary Fig. 2) and its
provided site name using QGIS Python scripting. The final CSV file of
extracted expert annotations included 387,600 individually labelled
SSU pixels, with ‘U’ (unfilled) cells only being attributed to fully unfilled
PSUsintwo cases. Each PSU grid was then used to extract the mapped
values from the three LULC datasets for each unique correspond-
ing SSU pixel. These data were then processed into three categories:
(1) the cleaned data values from each dataset and the expert valida-
tion; (2) abinary dataset representing grassland and non-grassland
pixels for each of the datasets; and (3) the expert ‘reference classifi-
cation’ dataset and the LULC datasets simplified into one cohesive
classification scheme following ref. 11 (see Supplementary Fig. 3 and
Supplementary Table 6). The datawere then directly compared (pixel
identity in the reference classification versus pixel identity by each
product) in R using the Kappa package. This allowed us to determine
accuracy (user’s and producer’s accuracies for over-and underestima-
tion) atthree scales: PSU, location and overall. The PSU values represent
theamount of agreement between the LULC datasets and the expertly
labelled data for all pixels within each individual grid; the location scale
values represent the agreement between the LULC and expert data
across all 11 grids within a location; and the overall values represent
the agreement betweenthe LULC and expert dataacross allannotated
grids (for example, Supplementary Table 3 and Fig. 2).

Inferring corrected totals for global grassland area

‘Confusion matrices’ (thatis, adata or ‘error’ matrix depicting accuracy
based onthe comparison of predicted versus our ‘reference’ classifica-
tion) were next calculated both for overall grassland accuracy and for
the16 cover classes (see Supplementary Table 3). Apart from serving to
demonstrate accuracy withinand among LULC products, we sought to
use these matrices to parameterize an adjusted estimate of actual grass-
land coverage following ref. 14 (‘Good practices for estimating areaand
assessing accuracy of land change’), although with some modifications
given that the true total area for grassland is unknown. Our calcula-
tions for total global grassland area thus centered on the accuracy of
each LULC product (thatis, differences in proportionality between the
expert-validated pixels and the pixels classified as grassland in the LULC
maps) and the area of global grassland that each depicts:

Corrected global grassland area = LULC estimated area x

(Validation proportion of pixels/Map proportion of pixels)
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Spatial distribution of site locations

Anearest-neighbour analysis was conducted to explore the degree of
spatial clustering of our sites. We tested whether our 504 sites were
clustered, dispersed or fully random on the basis of the average dis-
tances amongsites, the distance to the nearest neighbouring sites and
the expected mean distanceif site locations within the grassland biome
were fully random. Although one or more of our sites occur on most
areasofthe Earthsupporting grassland, there are stillsome regions that
appear tobe undersampled or missed based on the WC grassland map
(the yellow areas lacking dots in Fig. 1). Further, there was some clus-
tering of researcher involvement despite our best efforts, especially
towards North America(1,222100 x100 mgrids) and Europe (968 grids)
comparedto 526 gridsin Asia, 458 gridsin South America, 361 gridsin
Africaand 209 grids in Oceania. Both factors could create potential
bias, which could affect our estimated calculation of total grassland
area after adjusting for over- and underestimation error. We based
our calculations on the WC total for grasslands at 30.1 million km?,
given that we had determined its accuracy to be highest. Distances
among research sites were calculated using the great circle tool from
geopy (https://geopy.readthedocs.io/en/stable/), which calculates the
shortest distance onthe surface of anellipsoidal model of the Earth. We
found our sitesto be dispersed, with alarger mean minimum distance
of171.51 km compared with an expected distance 0of 151.84 km (Z=4.62,
s.e.=4.26; p < 0.0001; nearest-neighbour ratio 1.13). Thus, our sites
showatendency tobe further apart than expected rather than the mean
minimum distances expected of random or clustered distributions.

We also tested whether our sites were aligned with any underly-
ing environmental parameters. We might expect this given that global
grasslands are not randomly distributed butinstead fall within abroad
tensionzone defined by areas too dry for forests but too wet for deserts,
with the capacity to maintain disturbance regimes (for example, graz-
ing, fire) that drive grassland persistence?**>*°, Further, environmental
factors can shape site accessibility by researchers, which could create
biasinsitedistribution. Finally, there may be pronounced differencesin
the sensitivity of the different LULC products to environmental factors
that might help clarify their wide differences in performance (that is,
Supplementary Table 3). We thus tested whether accuracy by cover-type
product was associated with factorsincluding climate, slope, elevation,
latitude and remotely estimated maximum biomass (NDVI).

To do this, we conducted regression analyses using R v.4.4.1. We
accounted for the nesting of the 11 grids within each site by using mixed
effects models (MEMs) fit with the Imer functioninthe Ime4 Rlibrary,
withsiteincluded as arandom effect. To account for correlation among
the covariates (for example, climate, elevation, latitude), we used a
multimodel approach to model selection using the dredge and model.
avgfunctionsinthe MuMInR library, because there could be multiple
models with similar Akaike information criterion (AIC) values. We
examined the suite of models within 4 AIC corrected (AICc) units of
the top model (lowest AICc), and we standardized the input variables
using theRarmlibrary. For our data, we used:

« Average temperature (°C) over 30 years and average yearly total
precipitation (mm) over 30 years extracted from WorldClim
(http://worldclim.org)*

Elevation as distance above sea level (m) extracted from ALOS
DSM: Global 30 mv.3.2

Site aspect as the direction of hillslope (degrees: 0-360), while
slope as the overall hillslope of land area (degrees: 0-90); both
derived from ALOS DSM: Global 30 m v.3.2.(https://developers.
google.com/earth-engine/datasets/catalog/
JAXA_ALOS_AW3D30 V3 2)

Normalized difference vegetation index (NDVI) extracted from
MOD13A1.061 Terra Vegetation Indices 16-Day Global 500 m
(https://developers.google.com/earth-engine/datasets/catalog/
MODIS_061_MOD13A1)

Finally, we visually depicted our distribution of grids relative to
temperature and precipitation data by creating Whittaker biomes plots
using the PlotBiomes package (Supplementary Fig.5). The goal was to
assess whether certain biomes might be underrepresented, which we
found not to be the case on the basis of visual assessment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data and materials used in the analysis are available from the cor-
responding authors onrequest.
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