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ABSTRACT

Transparent, consistent, and statistically reliable land use/ land cover area estimates are needed to assess land
use change and greenhouse gas emissions associated with biofuel production and other land uses that are
influenced by policy. As relevant studies have increased rapidly during past decades, the methods used to
combine data extracted from land use land cover (LULC) surveys and remote sensing-based products and track or
report sources of uncertainty vary notably. This paper reviews six data sources that are most commonly used to
investigate LULC and change in the contiguous U.S. by highlighting the main characteristics, strengths and
weaknesses and considering how uncertainty is assessed by the June Area Survey (JAS), the Census of Agri-
culture (COA), the Farm Survey Agency (FSA) acreage, the National Resources Inventory (NRI), the National
Wetlands Inventory (NWI), and the Forest Inventory and Analysis (FIA); and two remote sensing-based data
products, the Cropland Data Layer (CDL) and the National Land Cover Database (NLCD). The summary and
conclusion identify important research gaps or challenges limiting current land use/land cover and change
studies (e.g., lack of high-quality reference data and uncertainty quantification, etc.) and opportunities and
emerging techniques (data fusion and machine learning) that will improve reliability of land use/land cover
assessments and associated policies. Blended approaches that marry high quality ground truth data that are more
finely resolved than data supplied by government surveys with multitemporal imagery are needed track use of
non-agricultural lands vulnerable to agricultural expansion. These considerations are notably important as the U.
S. considers the renewal and possibly revision of its Renewable Fuel Standard, which includes provisions that
require monitoring of agricultural land expansion.

1. Introduction

natural lands such as forests, grasslands, and wetlands around the globe
(Searchinger et al., 2008). Similar concerns have arisen in the devel-

In the U.S., efforts to develop low carbon fuels and reduce green-
house gas (GHG) emissions from transportation have formalized the role
of biofuels in the United States’ Renewable Fuel Standard (RFS) and
state-level programs including California’s Low Carbon Fuel Standard
(LCFS) (Lepitzki and Axsen, 2018; Souza et al., 2017). As these policies
took shape and demand for corn and other biofuel feedstocks grew, so
did concern about the potential for agricultural land to expand into
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opment of the Carbon Offsetting and Reduction Scheme for Interna-
tional Aviation (International Civil Aviation Organization, 2019).
Quantification of land use change (LUC) stemming from renewable fuel
policies is both difficult and contentious because it can cause changes in
carbon stocks and, on net, produce GHG emissions that would reduce or
even negate biofuels’ promise to stem transportation GHG emissions
(Malins et al., 2020). Beyond the potential to generate GHG emissions,
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losses of natural lands to agriculture also can negatively influence
biodiversity among other important ecosystem services (Behrman et al.,
2015). To preemptively minimize agricultural land expansion in
response to the RFS, the policy excluded biofuels produced from feed-
stocks grown on “virgin agricultural lands cleared or cultivated after
December 19, 2007.” The policy permits feedstock production on
pastureland, rangeland, and land in the conservation reserve program
(CRP). Along with this important designation, the RFS also requires the
U.S. Environmental Protection Agency (EPA) to track and characterize
agricultural expansion (Souza et al., 2017). This review considers
whether and how existing and evolving data sources can allow the
agency to fulfill this requirement with sufficient accuracy. This question
is very important currently, as the RFS2 will be replaced or revised in
2022 (Congressional Research Service, 2020). Calls to repeal or revise
the legislation justify review of many aspects of the legislation, including
the requirements used to evaluate agricultural land expansion.

Foundational data sources that have been available for evaluating
agricultural expansion since the RFS’ inception (2007): the Cropland
Data Layer (CDL), the National Land Cover Database (NLCD), U.S. Forest
Service (USFS) data products, and several U.S. Department of Agricul-
ture (USDA) data sources including the Census of Agriculture (COA).
Estimates of land under grassland cover or wetlands must be drawn from
other sources (e.g., (Hoekman and Broch, 2018; Morefield et al., 2016;
Wright et al., 2017). The challenges associated with using these data
sources to evaluate agricultural expansion have become clear as efforts
to quantify it have grown (Copenhaver et al., 2021).

For example, Lark et al.’s (2015) estimate of LUC between 2008 and
2012 relied primarily on the CDL. These authors noted that satellite
revisit time used to make comparisons could vary by season, and that
changing classification methodologies could create a false impression of
change where land normally rotates into and out of crop production over
several years. The US EPA’s 2018 Triennial Report to Congress has
provided national guidance on LUC assessment by encouraging
harmonization of methods to address our current inability to accurately
quantify LUC that is in part caused by differences in the definitions and
methodologies used by important sources used to classify land. That
report also noted how evolving data features and techniques influence
LUC estimates. For example, improvements in methodology in the COA
and the USFS data products caused an increase in grassland area and a
decrease in forest area on paper that did not actually occur on-the-
ground. Lark et al. (2017) also showed that crop area underestimation
needs to be accounted for and corrected when calculating changes to
crop and cropland areas using the CDL along with other sources. They
also acknowledged how methodological differences among studies,
including their use of different reference data, complicates comparison
of results. These observations underline the need to track and document
methodological changes over time to provide accurate estimates of LUC.
While noting there is not a national set of recommended guidelines for
use of remote sensing data in LUC studies, Lark et al. proposed a set of
good practices for post-classification LUC estimation that are relevant to
any remotely sensed land cover dataset including the NLCD, Moderate
Resolution Imaging Spectroradiometer (MODIS)-based land cover
products, as well as other land use/land cover (LULC) classification
maps.

In addition to the fact that data resources used in LUC analyses differ
in classification, methods, reporting frequency and goals (Falcone,
2015), the analytical methods used can differ widely in approach. A very
important difference among LUC studies is whether they address un-
certainty, which is uncommon (Ayele et al., 2018). If uncertainty is
addressed, methods to quantify it differ. Recommendations for best
practices for uncertainty (e.g., making sure the reference classification is
of higher quality; using more rigorous sampling strategy to collect
reference classification; using unbiased area and accuracy estimators,
etc. Olofsson et al. (2014) often do not consider critical spatial differ-
ences (Wickham et al., 2018).

Clearly, a better understanding of data sources used in LUC analyses
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and their associated uncertainties is essential for policy makers and re-
searchers who investigate the benefits and drawbacks of biofuels. This
understanding could inform policy choices about how we use our land
and enable analysts to draw more transparent and defensible conclu-
sions. Now is the time to have this discussion and allow for tailoring of
the RFS or a follow-up policy so that natural lands are protected as the U.
S. pursues renewable fuels to help address climate change (Rogers et al.,
2017).

Accordingly, this review summarizes the strengths, weaknesses, and
differences among dominant LUC analysis data sources, for analysts,
policy makers and the broader sustainability community interested in
biofuels and GHG emissions associated with land use by considering the
key characteristics of methodology, classification schemes, reporting
scale and frequency, and error quantification used by survey and remote
sensing data sources and products. Next, we examine differences in re-
ported area of land categories among data sources, provide an in-depth
consideration of how data sources differ in their treatment of grasslands,
and quantify the error associated with different types of land by state
and region. We conclude by highlighting emerging data and analytical
capabilities that could enable the next stages of RFS implementation to
better evaluate agricultural expansion. It is possible that data and
methods have caught up to the needs of biofuels policies to monitor the
agricultural expansion they may trigger.

2. Survey and remote sensing data sources and data products

Important characteristics of the most influential field survey and RS
data products used to assess LUC in the continental U.S. (CONUS) are
summarized in Table 1.

2.1. Federal field survey data sources

Among the USDA’s numerous surveys and resulting datasets, four
(JAS, COA, FSA-crop acreage, NRI) are commonly used to estimate
agricultural land expansion in the context of biofuel policies. We expand
on important characteristics of these products and key complementary
datasets (NWI and FIA) in the following sub sections.

2.1.1. NASS statistics (JAS and COA)

Arguably the two most important surveys of agricultural land use are
USDA’s JAS and COA. While both surveys offer national coverage and
are administered by the National Agricultural Statistics Service (NASS),
their objectives, collection frequency and methods differ (Table 1). The
JAS data provide direct crop-specific acreage estimates for major U.S.
crops annually for each state in the U.S. except Alaska (Abreu et al.,
2018). Data are aggregated to protect producers’ privacy and then
published in every late June to support crop forecasting (USDA-NASS,
2019a). Due to its frequency, use of a national area sampling frame
(Table 1), and the fact that the data are collected at the field-level, the
JAS is widely viewed to be of high accuracy and so it is commonly used
as reference data to train and validate cropland area estimates produced
by other sources, such as the CDL (Table 1) (Boryan et al., 2011).

The COA is also unique because it is legally mandated and provides
the longest historical record of land use of any source. Producers must
share information about harvested cropland acres, land use, ownership,
operator characteristics, production practices, income, and expenditures
(Lamas et al., 2007; USDA-NASS, 2020). As with the JAS, farm-specific
data and farm number are also collected at finer scale but aggregated
and reported at the state-level (USDA, 2019b).

2.1.2. USDA administrative statistics (FSA acreage data)

The crop reporting statistics provided by NASS are complimented by
the Farm Service Agency (FSA) and USDA Risk Management Agency
(RMA) data. These entities administer U.S. conservation, farm com-
modity and disaster programs including the Agriculture Risk Coverage
program. Unlike the COA and the JAS, the FSA does not follow any
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Table 1
Commonly Used Datasets in Land Use Change Research. Spatial and temporal coverage, reporting frequency, land use types or categories of land cover tracked,
methods used by LULC survey sources and remote sensing data products commonly used in the U.S.

Dataset and Source Frequency Sampling method/ scale Coverage Accuracy

June Area Survey 1 year (1975- Area sampling frame (ASF) divided Provided at the state level for ~ Varies by crops. The relative standard

(JAS) USDA current) among land use types before all states except for Alaska error from the 2019 survey are 1.2%,
systematic sampling to generate 1.3%, 9.8%, 3.0%, 8.6%,4.1%, and
classes with similar proportions of 2.2% for corn, soybeans, barley,
cropland use that are divided into cotton, sorghum, spring wheat, and
primary sampling units (PSU= 1 mi?®) winter wheat.

from which a subset are randomly
selected for enumeration by interview
of all farm operator within its

boundaries.
Census of Agriculture 10 years Farms are defined as area producing Provided at the county level If the data are measured using the
* (COA), USDA (1840-1920)5 $1000 worth of ag products during a for all 50 states Census response rate:71.8% for 2017
National Ag Statistics years census year. Based on list containing census74.6% for 2012 census78.2%
Service (NASS) (1920-2017) all known and potential farms. The for 2007 census

area frame from JAS is then used to
account for the under-coverage of the

list.
National Field ~ Crop Acreage Data, 1 year (2007- Based on self-reporting from farm Provided at county for all land A 90% confidence interval with a
Data USDA Farm Service current) operators at local administrative office  enrolled in the USDA tolerance of three meters from ground
Agency for planted, failed, or prevented for programs unless CLUs for land  features visible on the photography is
fields within a Common Land Unit use type are too few to obscure  used during digitization of the CLU
(CLU) delineated by a permanent, identity of producer tract and field boundaries based on
contiguous boundary, a common land photography;

cover and land management, a
common owner and a common
producer in agricultural land
associated with USDA farm programs.

National Resources 5 years Longitudinal sample based on a two- Provide at the state level for
Inventory (NRI), (1977-2015) stage stratified area sample with the all states except for Alaska
USDA-NRCS primary sampling units (PSUs) being

segments of townships within each
county. Segments are first randomly
sampled by stratum (typically are two
by six square miles) before three
sample points are selected for data

collection.
Forest Inventory and
Analysis (FIA), FSA
National Wetlands Data are collected at county and sub- CONUS plus territories and 35%
Inventory (NWI) county level followed the U.S. Army Alaska**
Corps of Enigineers (ACOE)
methodology.
1 year (mid-1980 s-presen
open-source Cropland Data Layer 1 year 30m Certain states (1997-2007)At Varies by states and years, and changes
products (CDL) (1997-2018) state level for CONUS annually. E.g. 2009 CDLs have overall
derived (2008-2018) accuracy of 85% — 95% for major
from RS crops
data National Land Cover 2 or 3 years 30 m CONUS Overall agreement: 71~97%
Database (NLCD) (2001-2016)
GlobeLand30 2000, 2010 30 m Global (1) ~ 80% (overall accuracy) with

150, 000 validation sites;
(2) ~ 84% for entire China (Wang
et al., 2018);
(3) ~ 78% for entire Iran (Arsanjani
et al., 2016);

Notes: JAS = June Area Survey; COA = Census of Agriculture; FSA = Farm Service Agency; CLU = Common Land Unit; CDL = Cropland Data Layer; NLCD = National
Land Cover Database; INHS =
Notes:
a Principal crops included are corn, sorghum, oats, barley, rye, winter wheat, durum wheat, other spring wheat, rice, soybeans, peanuts, sunflower, cotton, dry edible
beans, potatoes, sugar beets, canola, and proso millet.
b Specified Crops include 1) a variety of field crops, e.g. corn, cotton, soybean, etc.; 2) field and grass seeds, forage, and hay; and 3) other specified crops. For more
details of which specific crop is being included, refer to the Table 35 in the 2017 COA full report.
¢ Grasslands in the data from the FSA include 1) grassland in farms; 2) grassland enrolled in USDA’s Conservation Reserve Program (CRP) and Grassland Reserve
Program (GRP); and 3) land used as emergency watershed/floodplain. In addition, Shrubs/forbs and Kochia (Prostrata) are also included in the Grasslands categories
used for data comparison analysis in this paper.
d During the NRI sampling, the land of a county is divided by township (usually are six-miles square areas), then the land of each township is subdivided into "section"
(commonly defined as 1-mile square area). Each stratum contains 12 such sections and a quarter of a section is considered as a segment.

" Collection of data is mandatory and required by law.

" No data quality information provided.
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specific sampling methods for crop acreage estimates or attempt to
report total area sums. Instead, the local FSA office collects cropland use
information including area planted, planted but failed to yield, and
unplanted or abandoned for common land units (CLUs). Information is
gathered annually from producers participating in government pro-
grams tied to social insurance, subsidies, and taxation (Carfagna and
Carfagna, 2010). Due to their comprehensive coverage, FSA data are
unique and considered to be complete and highly trustworthy (Mueller
et al., 2009). This makes them invaluable for ground truthing other data
products. Unfortunately, as with other USDA data sources, FSA infor-
mation is only available to the public in aggregate at either the county or
state level (USDA-NRCS, 2020). Since 2010, data for selected crop sec-
tors are released and updated throughout the year after new information
is received (Good, 2014).

2.1.3. NRCS statistics (NRI)

Information about non-agricultural lands such as forests, wetlands
and grasslands, which is not covered by the agriculturally focused sur-
veys previously reviewed, is provided by the National Resources In-
ventory (NRI) (USDA-NRCS, 2020). A strength of this key resource is
that it contains longitudinal data collected annually with consistent
methodology from a subsample of fixed, non-Federal sampling sites that
are revisited over time. Since 1977, the resulting data are summarized
and reported every five years at the state level but more resolved data
can be obtained upon request (USDA-NRCS, 2020). The NRI provides the
longest history (1982-2015) for examining non-agricultural use trends
at the national scale. Unfortunately, very little information is given for
points on federal lands covered by the inventory.

2.1.4. U.S. Fish and Wildlife Service and the Forest Service statistics (NWI
and FIA)

Both the National Wetlands Inventory (NWI), which is administered
by U.S. Fish and Wildlife Service (USFWS or FWS) Agency, and the
Forest Inventory and Analysis (FIA) program, administered by the U.S.
Forest Service (USFS), provide more in-depth survey data covering the
nation’s wetlands and forestry resources. Both sources provide broad
temporal coverage and rely on periodic resampling of plots. The FWS
shares the Wetlands Data Layer for the National Spatial Data Infra-
structure (NSDI), which is compiled using information provided by 160
organizations that collect state and regional inventory data following
established data standards (Stout, 2007). The FIA data covers federal
and non-federal lands by drawing on a combination of remote sensing
imagery and field survey carried out by the USFS.

2.2. Remote sensing data products

Successful efforts to use RS imagery to generate unbiased statistical
estimates of crop area at the state and county levels provide an impor-
tant way to reduce variance and uncertainty in acreage estimates ob-
tained from farmer reported surveys (Craig and Atkinson, 2013).
Remote sensing based products offer greater spatial and temporal
coverage and higher resolution than national surveys including the CDL
and the National Land Cover Database (NLCD) which are both federally
produced and the most frequently used for national LULC assessment.

2.2.1. The CDL and NLCD

The CDL program produces crop-specific thematic maps using a
combination of FSA CLU data and RS imagery (Boryan et al., 2011). It
also relies on some ancillary data sets including the USGS’ National
Elevation Data, forest canopy and the NLCD (Boryan et al., 2011).
Multiple data foundations for the CDL include Landsat imagery,
Sentinel, and the MODIS among others. The supplementary information
(SI) provides more detail about imagery used for producing the CDL
(Appendix A). Data are translated into CDL’s thematic classes using a
decision tree classifier that ground-truths categories. NASS used JAS
data as ground truth from 1997 to 2005, before shifting to rely primarily
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upon FSA’s CLUs for classifier training and testing purposes (Boryan
et al., 2011). Ancillary ground truth data varies by State. Both the res-
olution, which increased from 56 m to 30 m in 2010 and, methods to
develop the CDL have improved over time. These improvements can
cause inaccurate estimates of change when historical CDL maps are
compared with newer maps. Several efforts using the CDL data set in
LUC studies (e.g., Lark et al., 2015; Wright and Wimberly, 2013; Wright
et al., 2017) encountered this problem after applying the CDL outside of
its” intended use, which is to provide accurate, timely, and useful agri-
cultural information for major crops of a year. Updated versions of
historical maps are needed to enable more accurate temporal LUC
analyses.

The NLCD is a land cover product of the Multi-Resolution Land
Characteristic Consortium that tracks trends in all lands and provides
detailed categorical land cover information for 16 modernized Anderson
Level II classifications covering the entire U.S. (https://www.mrlc.gov).
In this resource, cropland is combined into a single category of culti-
vated crops. Data are generated at 30 m ground resolution using Landsat
imagery and reported every five years (Homer et al., 2015, 2004).
Beginning in 2006, NLCD added national scale LULC information and in
doing so pioneered change estimate methodologies (Wickham et al.,
2013). Newly developed products are released as updates of previous
versions that are shared along with original data (Wickham et al., 2017).
The newly released NLCD 2016 not only updates all previous versions of
NLCD 2001, 2006, and 2013, but also offers four additional land cover
versions for years 2003, 2008, 2013 and 2016 (https://www.mrlc.
gov/). By updating versions of the dataset, NLCD allows for repeatable
multi-temporal LULC change estimates at 2-3-year intervals between
2001 and 2016 (Wang and Atkinson, 2018). These data are invaluable
and so widely used to assess wetland loss caused by cropland expansion
(e.g., Johnston, 2013) and changes in crop rotation (Stern et al., 2012).

3. Uncertainty an—d LULC data sources
3.1. Error sources

All of the data sets we include in this review contain error and
associated uncertainty. Understanding the origin of uncertainty in sur-
vey, administrative, and RS data can improve understanding of error
inherent in LUC analyses that use them.

The types of error contributing to uncertainty vary by source.
Survey-based error is generally derived from sampling and non-
sampling processes while errors in remotely sensed data originate
from positional and thematic/classification errors (SI Table B1). Other
sources of error and discrepancies among surveys result from differences
in statistical design (Table 1). Survey-based results also contain non-
sampling errors that represent the difference between data collected
and their ground truth values resulting from data gathering, processing,
and recording. Response rates are one source of non-sampling error.
Declining response rates for agricultural surveys have been observed for
decades with no sign of trend reversal (Johansson et al., 2017). Other
examples of non-sampling error including enumerator error and data
processing error are explored in Appendix B. When remote sensing data
are turned into a map product, errors can occur in many steps from
imagery acquisition, processing, analysis and assessment as well as vi-
sual presentation.

Using RS products for LUC analyses introduces additional error
beyond the error inherent in thematic maps themselves. To detect
change in land cover based on bi- and multi-temporal RS imagery error
must consider differences that come from the change in detection al-
gorithms as well as the classification schemes used to produce the maps.
Both the quality, alignment of the imagery (Faiza et al., 2012) and the
classification scheme may differ between RS products for the start and
end years of an LUC analysis. Spectral heterogeneity within land cover
classes can also add uncertainty (Gomez-Chova et al., 2015). All these
types of error are introduced and propagated into the change estimates
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in an unknown way. These issues can contribute to false positives in the
change map and thus may significantly “devalue” the use of remote
sensing in LUC monitoring unless corrected (Lark et al., 2017; Wang and
Atkinson, 2018). Efforts to update the CDL and NLCD to draw upon
improving imagery provide examples of corrected data sources that in-
crease confidence in LUC assessments.

Other changes in methods or norms can improve the quality of data
sources used for LUC assessments. Spatial summaries of LULC or RS
products that draw upon multiple sources of information must overcome
challenges in data’s scale of resolution. Valuable information is lost
when finer-scale data are combined with resources reported at a coarser
scale. These limitations are commonly overcome using data fusion to
gap fill and improve and validate data sources. For example, improve-
ments are made to make final official cropland use area estimates based
on the CDL using the JAS data to calibrate and adjust the area estimates
obtained by regressing against pixels on CDL maps. Optimal statistical
methods vary with crop and map scale (Butler et al., 2018). Map error
based on remote-sensing data can and will also improve with reference
data quality (ground-truth data collected through field survey or
extracted from higher quality imagery) (Congalton, 2001; Khatami
et al., 2017). Ground-based field surveys commonly suffer from infre-
quent reporting and inconsistent or incomplete coverage (Larsen et al.,
2015). In addition to increasing the frequency and intensity of sampling,
investigators can note sampling design used to collect ground truth data
and use well-document accuracy assessment techniques to improve the
quality, transparency, and reproducibility of efforts (Olofsson et al.,
2013; Stehman, 2013; Wickham et al., 2021).
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3.2. Importance of quantifying uncertainty in LULC data

As previously noted, the goals, methods, and accuracy of agricultural
survey data and remote sensing data sources vary. To illustrate how
these variations influence estimates of land area by type (cropland,
grassland, wetland, woodland) among the data sources, we conducted a
cross-source comparison of these estimates(Fig. 1). One of the most
important differences among these data sources is how they define and
treat each land category. Appendix C, Table Clprovides a detailed
summary of JAS, COA, FSA, NRI, CDL, and NLCD land category defini-
tions and how they were combined into broad groups summarized in
Fig. 1. Methods used to calculate the error associated with categories
reported by each data source are described in Appendix B.

3.2.1. Croplands, forests and wetland discrepancies

There are some important differences in coverage of cropland by the
data sets we have described, which is driven in part by the methodolo-
gies used to develop them. For example, even though the FSA covers
~95% of croplands based on farmer reporting,.it often misses small or
specialty crops that aren’t subject to government benefits. On the other
hand, the JAS is a statistical-based survey that uses a list frame method
to cover all U.S. croplands without as detailed spatial information as the
FSA contains. Because the FSA does not cover all croplands, it estimates
a lower cropland area than the COA and JAS (Fig. 1, S:Table C2) even
though the FSA CLU is more comprehensive. In addition, whereas the
COA and FSA include unplanted or non-harvested areas within their
cropland estimates, the JAS does not account for failed or non-harvested
areas. The treatment of idle lands is also important because these lands
regularly flip in and out of agricultural use. Additionally, what is
considered idle varies among sources. For example, FSA treats non

Croplands Grasslands

Wetlands Woodlands

900

800 4

700

600 -

500

4004
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Land Area (in million acres)

200

100 1

Corn

Soybean

Small grains
Hay/harvested grass
Other cropland
Natural grass

Other grass
Wetlands
Woodlands

H N EEEN

Croplands

Fig. 1. Cropland refers to harvested area for JAS, COA, and NRI, planted area excluding failed ha for FSA, and mapped area for CDL and NLCD excluding idle/fallow

categories. See SI: Appendix C; Table C2 for more details.

(a) Summary of estimated and reported land-use/land-cover (LULC) area and associated error for the June Area Survey (JAS), Census of Agriculture (COA), Farm
Services Agency (FSA), Forest Service Inventory (FIA) National Resources Inventory (NRI), Cropland Data Layer (CDL), and National Land Cover Database (NLCD))
using records for or as near as possible for 2017 that are separated into major categories including croplands, grasslands, wetlands, and woodlands (left to right). (b)
Where possible, the margin of error (MOE) was computed for these four major classes along with several sub-classes after reclassification of original source categories

using population statistics reported by JAS.
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harvested crops including cover crops as idle land but NASS counts this
area as cropland (USDA-NASS, 2020). Despite this, we found FSA esti-
mates of fallow or idle acreage are about one fifth (~5 M ha) the amount
estimated by the COA (~25 M ha) (SI:Table C2) due to differences in
sources’ focus. Comparisons among estimates suggest NASS survey es-
timates overestimate 1 ~ 7 M ha of cropland due to double counting of
idle/cover cropped acres that may be planted but unharvested (SI:
Table C2).

Data sources can also differ in wetlands and woodlands estimates
because of classification discrepancies (SI:Table C1). Area estimates for
wetlands are quite similar for CDL (40.8 M ha), NRI (44.8 M ha) and
NLCD (47.1 M ha) (Table C2). But, despite consistent use of the Cow-
ardin classification system (Dahl et al., 2020) by both the NWI and NRI,
these sources differ slightly in their estimates of wetland area due to
different legislative mandates, sampling methodology, data collection
and estimation procedures (USDA-NRCS, 2018; https://www.fws.
gov/wetlands/). Estimates of woodland area vary more widely — from
197.4 (NLCD) to 331.4 (FIA) M ha - than estimates of wetland area.
Inclusion of shrublands within woody grassland (176 M ha shrub/scrub)
within “other” grassland may only partially explain why NLCD wood-
land area estimates are only ~60% of the area reported by the FIA
(Fig. 1). Additionally, whereas the FIA uses a relatively broad woodlands
definition and prioritizes woodland tracking, the NLCD uses a narrow
woodlands definition, classifying woodlands as areas with at least 20%
vegetation with trees taller than 5 m (Homer et al., 2012).

Interrelationships between data sources should also be recognized.
The CDL relies heavily on the NLCD to map natural lands (Boryan et al.,
2011). Even though NASS surveys that are used to supplement the CDL
completely cover the CONUS, not all land use types are covered equally.
Accordingly, the NLCD data have been used since 2006 with FSA-CLU
data to assess the mapping accuracy for non-agriculture lands in the
CDL (e.g. forest, water, grass, cities) (Boryan et al., 2011).

3.2.2. Estimates of grassland area vary widely

Inconsistent use of terms used to classify and track grasslands, which
include any land on which grasses are the dominant vegetation, may be
the most pronounced and consequential for LUC assessments. While a
strictly land cover-based definition includes meadows, rangeland,
prairies, and tundra, grasslands must be subdivided according to man-
agement and cover to properly account for land use (Sanderson et al.,
2009). Grasslands managed for silage, pasture, and hay all need to be
defined from a land-use perspective. Surveys are nearly uniquely posi-
tioned to provide information about grassland use and management that
remote sensing products struggle to capture.

Variability in classification of natural and native grasslands and
confusion about where to place intermittently or sparsely managed
grasslands hinders studies of agriculturally driven grassland loss. For
example, the COA subdivides grasslands that are considered working
lands within its ‘other’ and ‘cropland’ subclasses into 10 subclasses
based on survey responses gathered by FSA. It defines areas in perma-
nent pasture (any enclosed area of land that is for grazing and not
suitable for cropland or woodland pasture) and rangeland as ‘grasslands’
(USDA-NASS, 2019b). Similarly, both pasture (uncultivated) and ran-
geland terms are classified as grassland categories by the NRI, but these
are defined in a slightly different way than done by the COA
(USDA-NRCS, 2018). The NRI reports rangeland and uncultivated
pastureland as grassland. It also introduces the term “grass” in its defi-
nition of hayland, which is a subcategory of non-cultivated cropland and
is part of the broader category of cropland. In this example, the
complication deepens when considering that the NRI considers hayland
and pastureland that are in rotation with row crops to be cultivated
cropland. In contrast to the COA and NRI, the JAS records non-harvested
areas as broad land use categories (wetland, woods, pasture/rangeland)
in some states (e.g., Illinois) but does not report these areas given the
nature of that survey (Gerling et al., 2015). Survey-based estimates thus
range from 158.6 M ha in the FSA to 220.1 M ha in the NRI.
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Differences among survey-based estimates were small compared to
difference between survey- and RS- based estimates. The latter suggest
as much as twice as much area under grass depending on the comparison
(Fig. 1). Area estimates for grasslands vary greatly from 158.6 M ha to
338.6 M ha (SI: Table C1) with RS-based sources reporting much larger
overall areas (> 100 M ha) in permanent grass (Fig. 2). For example, the
CDL estimates 319.3 M ha grasslands, with a high level of uncertainty
(~ 20% misclassification), while the FSA reports 158.5 M ha (SL:
Table C1). The RS products offer less grassland detail than the COA and
NRI, even though they include a broader range of grassland types.
Neither the NLCD nor the CDL distinguish among uses of grasslands (e.
g., for grazing versus CRP) or provide grassland classifications like
permanent pasture (Fig. 2). The NLCD only reports three grassland
subclasses (Fig. 2; SL:Table C2). The CDL collapsed three historical cat-
egories: “Pasture/Grass”, “Grassland/Herbaceous”, and “Pasture/Hay”
in 2014, limiting analysts’ ability to ascertain changes in the area of
these different types of grassland. The CDL is the only national data
source updated annually that includes both agricultural and non-
agricultural lands. Its’ reliance on less-frequent NLCD for non-
agricultural land data of course introduces inaccuracies.

Extremely large differences between the NRI and RS-based CDL and
NLCD (SI: Table C4) reflect differences in the definitions of grassland
used by survey and satellite imagery classifications and the purpose of
the resource. Complicating LUC analyses of grasslands is the fact that
‘natural’ and ‘other’ grassland categories account for a substantial pro-
portion of non-agricultural lands described by the NRI, CDL, and NLCD
(SL:Table C4). Based on these examples of differences among data
sources discussed in this section, users of multiple sources for compar-
ison of grassland area within and across years must equate categories or
generate aggregate classes that may lead to contradictory findings and
add uncertainty.

The treatment of CRP lands which, like idle lands, can move into and
out of agricultural use deserves special attention. Despite their impor-
tance for assessments of agricultural expansion, only the COA, FSA, and
NRI consider them specifically (Fig. 2). All three surveys reporting CRP
lands rely on aggregate information provided by USDA’s FSA, and
NRCS. This broad category includes areas enrolled in continuous CRP
and Conservation Reserve Enhancement Program (CREP) that target the
most vulnerable areas and account for about a quarter of the area
enrolled in conservation contracts and, lands enrolled through the
general the CRP or other initiatives (e.g., Farmable Wetland Program
(FWP) and State Acreage for Wildlife Enhancement (SAFE) initiatives),
that commonly enroll whole fields. While both managed and idle
grasslands and CRP lands are counted as cropland in EPA’s RFS (US EPA,
2010), we categorized them as grassland rather than cropland because
of previously noted discrepancies among the data sources’ idle land’s
classification schemes. Even though these land categories account for
only a small share of all land (< 2% based on the FSA, CDL, NRI) and
cropland (~6%) (SL:Table C3), fluctuations in program size that result in
reversion to cropland can result in substantial losses of carbon and
ecosystem services (Li et al., 2017).

3.2.3. Regional variability

We conducted a reanalysis of the CDL data to explore how accuracy
varies across the CONUS and found that uncertainty, based on proba-
bility of misclassified pixels, declines as area covered by a land use
category increase (Fig. 3). When the share of total land in any land
category within a state exceeds 10%, error rapidly declines with its share
of total land and then levels off (Fig. 4). For example, the error is rela-
tively small for corn area in IL (4%) and IA (2%) where corn is a
dominant crop. The error for corn area reaches 29% in NM, where corn
accounts for just 0.1% of the state (Fig. 4).

In general, major crops such as corn, soybean and small grains tend
to have smaller errors than non-agricultural lands regardless of domi-
nance in the landscape. For example, soybean error exceeds 25% in only
five states (CO, GA, MT, OR, and WA) (Fig. 4). Hay/harvested grass also
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has a relatively low error across all states though it only occupies less 9%
of any state’s total land area. In contrast, map error for total-, natural-
and other- grasslands is much higher and does not decline below ~25%
until it occupies ~40% of land area in a state (Fig. 4). This error in-
creases markedly in the Midwest and eastern regions, with rates
exceeding 50% for most states in those regions (Fig. 3). Trends are
similar for wetlands and woodlands, where the commission error re-
mains greater than 25% in many states. This high error holds even when
these classes occupy a large proportion of area because these non-
agricultural land categories are not CDL’s mapping focus.

4. Summary and conclusions

Mitigating agricultural expansion that increased demand for biofuels
could trigger is a core component of the RFS. As we reach an inflection
point punctuated by calls for repeal or reform of the RFS and how it is
implemented, the need for a common understanding among policy
makers, analysts, and other stakeholders of the strengths and
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weaknesses of data sources frequently used to evaluate agricultural
expansion becomes clear. Numerous spatial and temporal factors,
including the nomenclature used to separate LULC categories,
contribute to variability. Blended products, like the CDL and NLCD, that
combine different types of data and consider both agricultural and non-
agricultural land are critical resources. The CDL and NLCD in particular
have been subject to evolving and improving methods with older data
sets being revised with updated methodologies. Improvements have
reduced discrepancies among estimates of agricultural land that arise
from comparisons of thematic maps of different vintage. As new data
and techniques emerge, the ability to identify land by cover type
(cropland, wetland, grassland, woodland) will improve and bring
quantitative accuracy to levels that bring quantitative accuracy
espoused by policy within reach. While at present the accuracy associ-
ated with cropland identification is relatively high, there is an urgent
need for improved accuracy in improving tracking of marginal lands
classified as grassland-other, or CRP and wetlands, that are vulnerable to
agricultural expansion. Improving and emerging data sources can help
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achieve that objective.

Since the inception of the RFS, we have entered an era of big data.
Increased volumes and quantities of data offer new opportunities and
resources to substantiate sustainability claims for biofuels and other
land use categories (Calvin et al., 2021). For example, products such as
the National Agriculture Imagery Program (NAIP), GlobeLand30 and
Sentinel-2 are evolving and improving rapidly in terms of spatial reso-
lution, revisit time, and sensor capability to enhance identification of
land by type (Drusch et al., 2012; Knight and Kvaran, 2014; Maxwell
et al., 2017). Studies from recent years show the importance of NAIP in
tracking wetlands (Wu et al., 2017; Xie et al., 2019) and also demon-
strate the potential of the Sentinel-2 data in mapping and detecting
grassland (Griffiths et al., 2019b; Kolecka et al., 2018; Rapinel et al.,
2019b), wetlands (Araya-Lopez et al., 2018; Arroyo-Mora et al., 2018;
Ludwig et al., 2019; Rapinel et al., 2019a), and cropland (Defourny
et al.,, 2019; Griffiths et al., 2019a). Of course, sensors with higher
spatial resolution like those in Sentinel-2 can increase image processing
and computational resource demand which is a factor that must be
considered.

Beyond these public sector initiatives, the private sector is also
expanding rapidly to provide high-quality LULC data. The Satellite Im-
aging Corporation’s RapidEye (5-m resolution, revisit time between 1
and 5.5 days) and WorldView-2 (2-m resolution, revisit time 1 day)
satellites are two important examples of higher resolution data (Updike
and Comp, 2010). Worldview-2 has great potential in mapping wetlands
(Tarantino et al., 2016) and to identify grassland changes (Tarantino
et al., 2012). While powerful, these high-resolution data have draw-
backs including cost and their relative short archive which may limit
their use for studying historical agricultural expansion over large
geographical areas (Defourny et al., 2019).

High quality ground truth data that are vital to assess the accuracy of
RS and other data products are also evolving rapidly. Application-
specific, open-source products such as very fine field or sub-field level
data obtained from individualized input using handheld devices or
laptops have great potential to replace crude aggregated agricultural
survey data. For example, phones and tablets collect geolocation data,
planted and harvested areas by crop type, irrigation amounts, fertilizer
application rates, and tillage practices. These data can be combined to
create a shared, crowd-sourced resource (Laso Bayas et al., 2017). Some
claim that these methods provide information as or more accurate than
data in RS products (Estes et al., 2016). Some researchers seek to miti-
gate concerns about data reliability by offering monetary rewards and
alternatives including of authorship scientific papers to encourage data
contributors to provide data of sufficient quality and frequency (Laso
Bayas et al., 2017). Similar platforms can leverage individual input on
land use in the form of citizen science (Deguines et al., 2012; Walter
et al., 2018). In addition, synergistic efforts are also drawing upon un-
manned Aerial Vehicles and robot platforms to cover small areas and
complement satellite data. Though they have limited spatial coverage,
they do in fact offer revisit flexibility and the potential for high temporal
resolution and can offer very fine-scale data (e.g., field and even
plant-specific details). In programs to audit claims that biofuel feedstock
production is not inducing agricultural expansion, in Europe but also
globally, field-specific data is often collected. These efforts could pro-
vide a template to follow in the United States. While all of these
emerging data sources offer the potential to contribute to studies of
agricultural expansion as, at a minimum, one type of ground truth, their
value will depend upon the extent to which data are compiled and
shared using transparent and consistent methodologies. To make full use
of these data both the high costs of ground truth measurement and
privacy concerns must be addressed.

The rapid growth in data availability for LULC and change studies
call for advanced data analysis techniques and encourage the use of
powerful data processing, computing techniques and storage tools.
These include but not limited to data fusion, machine learning tech-
niques, high performance computer cloud computing, Google Earth
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Engine, and so on. Examples include fusion of Sentinel-2, the RapidEye,
and Landsat-8 OLI to help detect LULC and associated change (Amani
et al.,, 2018); combination of LiDAR data with multispectral Earth
Observation data to improve wetland mapping accuracy (Rapinel et al.,
2019). Integration of ground-based field survey and RS derived data
(land cover maps) can improve the mapping reliability and detail
(Henrys and Jarvis, 2019). The FSA data are used in this way to enhance
the CDL (Craig, 2005). Furthermore, advances in RS increasingly look to
automatization of algorithms used to map LULC and identify LUC. ML
approaches, such as Support Vector Machine and Random Forest (RF),
decision trees, etc., are often combined with fusion algorithms to
enhance performance (Debolini et al., 2015; Weiss et al., 2020). For
example, by combining multispectral Landsat and corresponding NDVI
data, Huang et al. (2017) use Google Earth Engine cloud calculations to
find major land types including wetlands. Similar techniques could be
applied in the US.

All in all, data products that can inform our understanding of agri-
cultural expansion and the corresponding loss of grasslands, wetlands,
and forests have come a long way since the RFS’ inception. It is now
possible to conduct detailed, frequent, and high-accuracy evaluation of
agricultural expansion that is needed to support biofuels policy. As the
RFS evolves, it would be advisable to consider how advances that have
been made and ‘best practices’ that have been observed can be incor-
porated into new policies to make full use of the above-described
sources. There will still be a need, however, to grapple with these
sources’ differences in spatial and temporal coverage, taxonomy and
uncertainty.

There are several high-priority needs to foster further advance. In
particular, to overcome significant shortcomings in grassland charac-
terization, analysts will need to track lands enrolled in conservation
programs or of similar quality that are reported in average by surveys
due to privacy laws. RS and crowd-sourcing that combine survey,
remote sensing, and high-resolution aerial imagery data can provide
higher accuracy techniques to identify CRP and grasslands or wetlands
at risk of succumbing to agricultural expansion. Relatedly, finer-scale
data are needed that go beyond land cover but also indicate land man-
agement pertaining to grasslands. These types of data can clarify the
status of grasslands and whether they are managed, unmanaged, or in
transition. Second, the role of multi-temporal imagery, especially in
hotspots, should be evaluated. Existing public high-resolution imagery
sources, like NAIP, are produced infrequently and can’t provide insights
into agricultural expansion into grasslands and wetlands on policy-
relevant timescales. Another high priority is continued development of
techniques that apply big data and computing power to the growing
volumes of large imagery and RS datasets. Deploying artificial intelli-
gence and machine learning can speed data interpretation and subse-
quent action.
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