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Abstract. In the United States, county-level estimates of crop yield, pro-
duction, and acreage published by the United States Department of Agricul-
ture’s National Agricultural Statistics Service (USDA NASS) play an im-
portant role in determining the value of payments allotted to farmers and
ranchers enrolled in several federal programs. Given the importance of these
official county-level crop estimates, NASS continually strives to improve its
crops county estimates program in terms of accuracy, reliability and cover-
age. In 2015, NASS engaged a panel of experts convened under the auspices
of the National Academies of Sciences, Engineering, and Medicine Commit-
tee on National Statistics (CNSTAT) for guidance on implementing models
that may synthesize multiple sources of information into a single estimate,
provide defensible measures of uncertainty, and potentially increase the num-
ber of publishable county estimates. The final report titled Improving Crop
Estimates by Integrating Multiple Data Sources was released in 2017. This
paper discusses several needs and requirements for NASS county-level crop
estimates that were illuminated during the activities of the CNSTAT panel.
A motivating example of planted acreage estimation in Illinois illustrates sev-
eral challenges that NASS faces as it considers adopting any explicit model
for official crops county estimates.
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1. INTRODUCTION

The United States Department of Agriculture
(USDA) has been involved in producing county-level
agricultural estimates since 1917 (Iwig, 1996).
Presently, county-level agricultural estimates of crop
acreage, production and yield published by the
USDA’s National Agricultural Statistics Service
(NASS) inform many crop insurance and agricultural
support programs administered by other USDA agen-
cies. Two such USDA agencies include the Farm Ser-
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vice Agency (FSA), and the Risk Management Agency
(RMA), which manages the Federal Crop Insurance
Corporation. (A list of frequently used abbreviations is
provided in the Appendix.) While both FSA and RMA
have relied upon NASS crops county estimates as im-
portant inputs into decision-making processes as they
oversee their respective agricultural programs, recent
policy changes legislated in the Agricultural Act of
2014 (the 2014 Farm Bill) introduced a revenue loss
protection program at the county level (called the Agri-
cultural Risk Coverage County Option, or ARC-CO)
that couples price estimates with yield estimates at
the county level to determine a threshold revenue that
triggers payment for covered commodities within the
county. In the context of this recent program, NASS’s
published crops county estimates may now be a deter-
mining factor of the magnitude of disbursements in-
dividual farmers receive. If NASS suppresses county-
level crops estimates for any reason, FSA must derive
the corresponding quantity information by other means
in order to administer its mandated programs.

Motivated in part by the need to incorporate a variety
of existing and potential data sources, NASS has re-
newed its interest in small area estimation and model-
based approaches to combining survey data with other
auxiliary information. In particular, NASS convened
an expert panel under the auspices of the National
Academies of Sciences, Engineering and Medicine
Committee on National Statistics (CNSTAT) to review
its crops county estimates program and to advise on
the possible role model-based estimates could serve
in the production of official statistics of acreage, pro-
duction and yield at the sub-state level. The report, ti-
tled Improving Crop Estimates by Integrating Multi-
ple Data Sources, became publicly available in 2017
(National Academies of Sciences Engineering, and
Medicine, 2017). This paper discusses some of the par-
ticular needs and challenges of the NASS crops county
estimates program that were elaborated during meet-
ings of the CNSTAT panel. The NASS survey cycle,
input data sources and NASS’s current method for pro-
ducing sub-state crop estimates are discussed in Sec-
tion 2. In Section 3, a case study for planted acreage in
Illinois highlights some of the challenges NASS faces
as it considers the increased use of model-based esti-
mation in the production of its official statistics. Dis-
cussion and conclusions are offered in Section 4.

2. OFFICIAL SMALL AREA STATISTICS AND
NEEDS OF THE NASS CROPS COUNTY

ESTIMATES PROGRAM

Like NASS, other official statistical agencies within
the United States and worldwide face demands for
statistics at finer levels of disaggregation with increas-
ing frequency. To meet these demands, models incor-
porating survey data and a variety of auxiliary data are
often proposed to enhance the reliability of small area
estimates, for example, county-level estimates, where
even well-designed surveys alone may not have the
sample density or timeliness needed to provide reliable
estimates. Producing small area estimates that can rise
to the level of official statistics is a task that requires
methodical planning, understanding of end uses, dedi-
cated resources and the buy-in of numerous stakehold-
ers.

In particular, the United States Census Bureau’s his-
tory with the Small Area Income and Poverty Esti-
mates (SAIPE) program illustrates many of the chal-
lenges shared by official statistical agencies when im-
plementing these changes. An overview of the SAIPE
program can be found in Bell, Basel and Maples
(2016); SAIPE was conceived based on the need
for postcensal estimates of income distribution and
poverty estimates at state and sub-state areas includ-
ing counties, cities and school districts (United States
Census Bureau, 2017). Today, SAIPE plays an im-
portant role in the allocation of Title I aid to school
districts and local geographies in over 3100 coun-
ties nationwide. Its creation and evolution are docu-
mented in no fewer than six National Research Coun-
cil reports, each a product of a panel like the one
convened by NASS; see National Research Council
(1997, 1998, 1999, 2000a, 2000b, 2007).

NASS first convened its own CNSTAT panel in
November 2015, with four subsequent meetings held
in 2016 and 2017. In order to more fully assess NASS’s
needs, the panel inquired extensively about the NASS
survey cycle, currently available data, and the role of
the Agricultural Statistics Board (ASB) and expert as-
sessment used to produce NASS official statistics. The
panel’s activities culminated in the release of its pub-
licly available report in late 2017.

2.1 NASS Survey Cycle

The demands placed on the NASS crops estimates
program include timely estimates of planted area, har-
vested area, production and yield for the diverse ar-
ray of crops grown throughout the entire United States.
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To address this need, NASS implements a multivariate
probability proportional to size (MPPS) survey design
in many of its crop surveys. Bailey and Kott (1997)
note that this design offers additional flexibility to tar-
get key crops grown within each state.

A partial NASS survey cycle and publication time-
line is depicted in Figure 1; the width of each interval
represents the approximate data collection window for
each survey. NASS conducts quarterly Acreage, Pro-
duction and Stocks (APS) surveys in an ongoing ef-
fort to capture activities throughout the life cycle of
the crop, including planting intentions (March), early
estimates of planted acreage (June), and estimates of
harvest and output activities for small grains crops
(September) and major row crops (December). An area
frame component of the June survey provides an un-
dercoverage adjustment for the list-based samples ob-
tained during the September and December APS sur-
veys. Coverage-adjusted national and state survey es-
timates are available to inform the official ASB con-
sensus estimates for state and national activity that are
released in the Small Grains Summary in late Septem-
ber or in the Annual Summary (for row crops) in Jan-
uary of the following calendar year; see USDA NASS
(2014, 2015) for examples of these annual publications
produced during the 2014 crop year.

In 2011, NASS fully implemented the County Agri-
cultural Production Survey (CAPS) to augment county-
level sample sizes and to standardize the data collection
procedures nationwide. At the conclusion of CAPS
data collection, the MPPS samples of both the APS
survey and CAPS are pooled and reweighted. The re-
sulting direct estimates for sub-state domains are es-
sentially derived from a single list-based sample. Con-
sequently, some degree of undercoverage in the survey
direct estimates is still to be expected, although the ex-
tent may vary by state and by crop type. Acquisition of
additional observations during CAPS data collection
can potentially more than double the total number of
survey responses obtained within each state relative to
the APS survey sample size alone. However, this does
not guarantee that the number of reports for each com-
modity will double as the sampled respondents may
not grow all types of crops for which NASS produces
estimates.

NASS conducts the row crops CAPS surveys in 43
states excluding the 5 New England states (shown in
white) in Figure 2. The small grains CAPS is also con-
ducted in the group of 37 states shown in light gray.
The list of commodity crops targeted may differ from

state to state and from year to year, subject to provid-
ing required coverage for federally mandated program
crops, and satisfying the needs of other stakeholders,
for example, specific state program commodities. The
official county estimates for small grains (e.g., barley,
oats and wheat) are published in December. The first
row crops county estimates for corn, soybeans, sun-
flower and sorghum are published in February of the
following calendar year. Row crops county estimates
for additional commodities are subsequently released
at intervals, concluding with the release of county esti-
mates of potatoes in the month of October. As shown in
Figure 1, the data collection window for CAPS extends
beyond the release of the national and state-level offi-
cial statistics. Therefore, benchmarking to previously
published state acreages, production and yield is a nec-
essary step in order to ensure consistency of estimates
at all sub-state levels. While the survey is an integral
part of the process, the ASB can and does incorporate
other auxiliary information in the production of official
crop statistics when it is available.

2.2 Survey Data and Other Auxiliary Data Types

Although the county is generally the smallest area
and the level at which many USDA policies are to be
administered, NASS also produces estimates at an in-
termediate domain between the county and state called
the agricultural statistics district (ASD). The ASD is
a predefined group of neighboring counties within a
state. The median number of ASDs per state is 9,
but small states may have only a single ASD whereas
Texas has 15. (Maps of these administrative bound-
aries have been included in the Supplementary Mate-
rial (Cruze et al., 2019).) NASS utilizes its own survey
data, administrative data provided by FSA and RMA,
and remote sensing data available at both the county
level and the ASD level when setting official sub-state
crop estimates.

NASS obtains auxiliary county-level acreage data
from administrative sources. Farmers who choose to
participate in FSA programs certify the acreages and
crop types that they grow with FSA. FSA programs
are popular but not compulsory, and the FSA planted
acreage data may have some degree of undercover-
age. The extent of undercoverage in the FSA data
can differ by commodity, by state and even by county
within state. For example, known Amish communities
in Pennsylvania and other midwestern states may rep-
resent significant portions of local agricultural activ-
ity but tend not to participate in federal or commercial
crop insurance programs. In NASS’s current operating
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FIG. 1. Typical NASS crop survey and publication timeline.

FIG. 2. Row crops and small grains CAPS states.

environment, the FSA planted acreage data are gener-
ally thought to represent a minimum amount of plant-
ing activity that is known to have taken place within
the county lines.

As an underwriter of crop insurance policies, the
RMA receives administrative data on crop area includ-
ing failed acreage (acreage that was planted but not
harvested for any reason) from various independent
crop insurance agents. In ideal conditions, a high pro-
portion of planted area would be harvested, however,
a variety of conditions including local weather and
more widespread natural disasters including drought,
hail, high winds and flooding can contribute to the
loss of crops. The RMA administrative data on failed
acreage likely represent a minimum amount of crop
abandonment as not all farmers will participate in a
crop insurance program, and even those who do may
not file a claim in the given crop year.

Described in Boryan et al. (2011), NASS’s Cropland
Data Layer1 (CDL) is a remotely sensed land-cover
classification product that identifies a wide variety of
crops. CDL products were generated as early as 1997,
but only for select states due to computational capac-
ities at the time. The CDL first offered coverage for
the conterminous United States in 2009 (Boryan, 2010,
page 2). Note that the CDL achieves high classifica-
tion accuracies for major crops (85% to 95%), but as
Gallego (2004) and Czaplewski (1992) indicated, bi-
ases may be realized in areal estimates derived from
pixel counting as a result of misclassification. As such,
the CDL is released to the public as a complemen-
tary data product. Whenever the CDL is used internally
for acreage estimation, NASS adjusts for the (typically
downward) biases through regression modelling incor-
porating survey data, including the unit-level regres-

1NASS’s CDL can be freely accessed at https://nassgeodata.gmu.
edu/CropScape/.

https://nassgeodata.gmu.edu/CropScape/
https://nassgeodata.gmu.edu/CropScape/
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sion models for county-level planted area discussed in
Section 2.3.1.

The CDL product itself pertains directly to crop area
as opposed to total production, but the crop-specific
masks inform NASS’s in-house remote sensing ap-
proaches to crop yield forecasting at regional and state
levels, and to estimating county-level corn and soy-
bean yields in corn belt states (Johnson, 2014). Re-
mote sensing and other new and emerging technolo-
gies are increasingly of interest to NASS and the agri-
cultural sector at large. Johnson (2016) studied the re-
lationship between MODIS products and crop yields
for 10 distinct commodity crops. Precision agricultural
data could potentially be obtained from instruments
found onboard tractors, combines and even drones. In
addition to the logistical challenges in obtaining, stor-
ing, and processing such data, testimony provided to
the House Committee on Agriculture highlights issues
of data ownership and privacy for precision agricul-
tural data (United States Government Publishing Of-
fice, 2015, 2016). These policy issues are still being
debated and developed at the Congressional and De-
partmental levels.

2.3 Production of NASS Official Statistics

Incorporating multiple sources of information into
official crop estimates has been a hallmark of the NASS
crops estimates programs. Traditionally, the mecha-
nism for combining possibly disparate sources of in-
formation has been through expert assessment by the
ASB. As described in an earlier report by the National
Research Council, the ASB “process is intended to
maximize the use of what is believed to be the best
information and to ensure consistency with other esti-
mates published by USDA.” (National Research Coun-
cil, 2008, page 1230). The ASB and the NASS regional

field office staff appointed to serve in the esimation
process set smaller-than-state estimates upon review of
several sources of data.

2.3.1 Sub-state crop estimates. At both the ASD
and county level, NASS produces estimates of four
parameters of interest: total planted area, total har-
vested area, total production and yield. Since the state
estimates are determined prior to setting county esti-
mates, NASS employs a “top-down” strategy, first set-
ting ASD-level estimates for acreage and production
subject to equation (1) and then setting corresponding
county estimates subject to equation (2)

TotalState = ∑
ASD∈State

TotalASD,(1)

TotalASD = ∑
counties∈ASD

Totalcounty.(2)

Within each administrative boundary, estimates of
yield are obtained by dividing total production esti-
mates by corresponding total harvested acreage esti-
mates.

For each parameter to be estimated, NASS commod-
ity statisticians have the opportunity to create a com-
posite of the various input sources available to aid their
deliberation. A prescribed set of weights is given as
a starting point, and may depend on the availability
of certain inputs, for example, remotely sensed data
(National Academies of Sciences Engineering, and
Medicine, 2017, page 21). In some sense, these com-
posite estimates are implicit models or rules to maxi-
mize the use of the best data at hand, and the choice of
weights may embody a prior belief or knowledge about
the relative strengths of each component. The weight
assigned to each component in the composite may vary
by state and commodity, but final estimates are always
subject to ASB’s review and approval.

TABLE 1
Summary of inputs typically reviewed for ASD and county crop estimates. Abbreviations in parenthesis identify these variables in Figure 3

below. **Denotes inputs which may not be available for all commodities or within every state

Planted Area Harvested Area Production/Yield

Inputs Survey Planted Total (CAPS.PL) Survey Harvested Total (CAPS.HV) Survey Production Total (CAPS.PD)
FSA Certified Acreage (FSA) PL×Survey Harvested/Planted

Ratio (CAPS.HP)
HV×Survey Yield Ratio (CAPS.YD)

Battese–Fuller (B.F)** PL–RMA Failed Acreage (RMA) HV×Remote Sensing Yield** (RS.YD)
Previous Year HV (PY.HV) Previous Year PD (PY.PD)

ASD Estimates PLASD HVASD PDASD and YDASD

County Estimates PLcounty HVcounty PDcounty and YDcounty
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Letting PL, HV, PD and YD denote official esti-
mates of planted area, harvested area, production and
yield, respectively, Table 1 summarizes the process
by which a commodity expert would first set ASD-
level estimates for all four parameters of interest fol-
lowed by county-level estimates of the same parame-
ters. Beginning with planted area, a commodity statis-
tician reviews the ASD-level survey direct estimate,
administrative acreage data obtained from FSA and,
where available, a Battese–Fuller model-based esti-
mate of planted area. Note that the latter is an early
variant of the celebrated Battese–Harter–Fuller unit-
level nested error regression model that estimates small
areas by adjusting NASS’s remotely-sensed CDL pixel
count data using NASS’s June Area Survey data as
a source of ground truth (Fuller and Battese, 1973,
Walker and Sigman, 1984, Battese, Harter and Fuller,
1988). A composite estimate aids the deliberation; for
planted area, FSA administrative data often carry a
high weight. Finally, the official ASD-level estimate of
PL satisfying equation (1) is established in accordance
with NASS rounding rules and enforcing relationships
with FSA as a lower bound.

Once ASD-level estimates for PL are established,
the commodity expert may proceed to setting ASD-
level estimates for harvested area. Two current year
CAPS direct estimates may be used to help inform har-
vested area estimates: a survey-based harvested area
total, as well as a survey-based ratio of harvested to
planted area multiplied by PL as determined in the pre-
vious step. Additionally, an input derived from RMA
administrative acreage data may be assessed along with
the past year’s harvested area estimate. Current crop
year estimates of harvested acreage (HV) must be de-
rived satisfying equation (1) and subject to the addi-
tional constraint that HV ≤ (PL-RMA failed acreage)
within every area of interest; this condition ensures
that the harvested area is no greater than planted area
(a physical necessity) and that administrative data on
abandoned acres are honored.

In a similar manner, all ASD-level estimates of pro-
duction (PD) are set subject to equation (1), based on
an assessment of survey estimates, past official esti-
mates and remote sensing yield estimates. Note that
the remote sensing estimates are only available for corn
and soybeans in a limited number of states, and they do
not directly incorporate any survey information at this
time; see Johnson (2014) for details. The assessment
of distinct inputs takes place on the production scale;
all corresponding official yield estimates are derived

as the ratio of PD and HV estimates. Once all ASD-
level estimates for a particular commodity have been
set, county estimates are set in an analogous manner,
satisfying equation (2) for each total.

Figure 3 illustrates the result of this completed pro-
cess for a subset of counties within a major corn pro-
ducing state. County identifiers have been replaced
with an index number shown on the vertical axes of
each panel below. Membership in an ASD has been
preserved, and counties bounded between solid black
horizontal lines fall within the same ASD. Each cell
in the row corresponds to a different input or result-
ing estimate for the indexed county. Color indicates
the magnitude of these data, and the figure illustrates
some of the within and between ASD variation that
may be present, even in states that are major produc-
ers of a commodity. All cells to the left of the “Com-
posite” column represent the inputs as previously enu-
merated in Table 1. NASS’s statisticians set composite
values based on available separate inputs. The “Board”
statistic is approximately equal to this composite, up
to manual benchmarking against state and ASD totals
and enforcement of NASS rounding rules. The synthe-
sis of separate inputs gives rise to estimates of the three
totals: PL, HV and PD. Official YD estimates are the
ratio of the official PD and HV totals. While NASS will
attempt to set estimates in all counties where the pres-
ence of a commodity is indicated, some official county
estimates may ultimately be suppressed, see, for ex-
ample, counties 14, 16 and 19, in keeping with NASS
county estimates publication standards. Additional fig-
ures provided in the Supplementary Material contrast
the availability of these types of inputs in other states.

2.3.2 The current publication standards. NASS in-
corporates information from outside the survey design
to set its county estimates, but the basis of its current
publication standard is tied to features of the survey
sample alone (National Academies of Sciences Engi-
neering, and Medicine, 2017, page 28). NASS uses a
compound rule for its publication standard, verifying
either:

• a minimum number of reports, or
• a minimum harvested area coverage threshold.

Item-level nonresponse is permitted for production and
yield, meaning that a respondent taking the survey
could provide acreage information but decline to pro-
vide total production or yield. The number of reports
that determine production and yield may be smaller
than the number of reports used to estimate acreages.
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FIG. 3. Available inputs and resulting estimates for select counties in a major corn producing state.

NASS will first check that at least 30 valid reports of
positive production or yield (respondents may report
either quantity on the questionnaire) have been real-
ized within the county, in which case the county es-
timate may be published. If 30 positive production or
yield reports cannot be realized in the county for the
commodity of interest, a second check for coverage is
made to determine whether county estimates can still
be published. A sum of unweighted harvested area re-
ports based on the (possibly smaller) number of real-
ized yield reports is compared to the harvested area
estimate (the official statistic HV determined by the
ASB); county estimates can still be published provided
a minimum of 25% coverage is obtained based on at
least 3 positive yield reports. NASS will either pub-

lish estimates of all parameters with respect to each
commodity in the county (i.e., planted and harvested
area, production, and yield) or it will suppress all es-
timates of that commodity. Counties that must be sup-
pressed will be grouped into larger aggregates of coun-
ties within the state, and those aggregates must also
pass the publication standard. These rules are applied
for each commodity independently; it may be possi-
ble to publish estimates for one commodity in a given
county but necessary to suppress estimates for a dif-
ferent crop within the same county. Even when NASS
suppresses county estimates, the FSA and RMA must
continue to administer programs in those counties. Al-
though NASS produces aggregates of several counties
or ASD-level estimates, those estimates may lack the
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specificity required to administer good local farm pol-
icy.

Bell and Barboza (2012) previously considered the
relationship between the coefficient of variation asso-
ciated with CAPS survey estimates and the coverage
threshold, noting that the coverage threshold may in-
clude some counties that lack adequate precision, and
it may exclude some counties with more reasonable
precision from publication. One caveat in that analy-
sis and comparison is that it only considered the coef-
ficient of variation associated with the probability sur-
vey, whereas NASS official statistics often incorporate
auxiliary information from outside the survey design.
The benefit of doing so may not be reflected in mea-
sures of uncertainty from the survey alone.

2.4 CNSTAT Panel Findings and the Potential for
Model-Based Estimates

The process of manual assessment of separate inputs
is time consuming, and it must be repeated for each
state and commodity separately. As Table 1 showed,
the official estimates of harvested area are functions
of the planted area estimates set in the previous step.
In turn, the production estimates are a function of the
harvested area estimates. Their magnitudes are deter-
mined conditionally, and any errors in this process may
be propagated through this sequence of estimates and
down to the county scale. Quantification of the uncer-
tainty associated with the official estimates produced
in this manner is difficult, and presently, NASS does
not publish any measures of uncertainty for its official
sub-state crop estimates. Presumably, weather, drought
and soil information may be informative for estimates
of crop production and yield. Aside from the remote
sensing yield estimate, there is no other auxiliary data
that translates any changes due to these factors directly
onto the production scale for use by the commodity ex-
pert.

A primary motivation for small area estimation and
model-based approaches is that it may help stabilize
estimates for domains that lack sufficient precision due
to small sample sizes (Rao and Molina, 2015). The
CNSTAT panel considered the additional role model-
based estimates could play in the production of NASS
official statistics at the county and ASD levels in order
to increase the number of published county estimates
and better support other USDA agencies in their re-
spective missions. In its major findings, the panel rec-
ommended the increased use of model-based estima-
tion to improve crop estimates, which could help meet
the following needs of the NASS crops county esti-
mates program:

• enhanced reproducibility and transparency,
• quantification of associated uncertainties,
• incorporation of a wider variety of data types,
• increased number of publishable county estimates,

given an appropriate publication standard.

3. CHALLENGES IN MODELING: A CASE STUDY
OF PLANTED CORN IN ILLINOIS

The combination of multiple sources of data is a re-
curring theme throughout the NASS estimation pro-
gram and at virtually all geographic levels. The tra-
ditional role of the ASB has been to assess several
sources of information and come to a one-number, con-
sensus estimate given that information. As the National
Research Council noted, the ASB’s estimation process
ensures consistency with other estimates published by
USDA. This is often achieved on the basis of point-to-
point comparisons of several area estimates. In the case
of planted area, this point-to-point comparison to FSA
results in an unusual notion of model accuracy.

3.1 Past Research

An overview of many model-based techniques cur-
rently used in NASS production processes can be found
in Young (2019). Wang et al. (2012) and Nandram,
Berg and Barboza (2014) developed model-based ap-
proaches for combining multiple sources of survey data
with other sources of information with the aim of in-
forming the NASS forecasting process for corn and
soybeans. (The forecasts precede the publication of
end-of-season state estimates in the Small Grains and
Annual Summaries.) These methods were refined for
in-house use by the ASB and later extended to include
winter wheat, and upland cotton at state and regional
levels; see Adrian (2012), Cruze (2015, 2016), Cruze
and Benecha (2017). Kim et al. (2018) explored a can-
didate small-area approach to combining NASS June
Area Survey data, CDL data and FSA administrative
acreage data in order to produce more precise state es-
timates of planted area for multiple commodity crops.

For sub-state crop estimates, NASS has actively pur-
sued research in small area estimation, although much
of the research predates the full implementation of
CAPS in 2011. Both unit-level models, for example,
Walker and Sigman (1984), Battese, Harter and Fuller
(1988), Stasny, Goel and Rumsey (1991), Bellow and
Lahiri (2012) and area-level approaches, for example,
Bellow and Lahiri (2010, 2011, 2012), Kott (1989),
Williams (2013), have been investigated. Recent de-
velopments include subarea-level approaches to es-
timating and benchmarking crops county estimates
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(Erciulescu, Cruze and Nandram, 2016, 2017, 2018,
2019). Collectively, these efforts have touched on all
four parameters of interest for major crops (including
corn, soybeans, winter wheat and sorghum).

Although the potential benefits of modeling crops
county estimates are well understood, several chal-
lenges have prevented NASS from adopting any one
explicit model to date. A Bayesian formulation of an
area-level model for planted corn acreage is developed
in Section 3.2. Comparison and interpretation relative
to other auxiliary data illustrate many of these chal-
lenges.

3.2 An Area-Level Model for Planted Area

Following Fay and Herriot (1979), we define a model
for planted area totals within a state

Level 1 : θ̂i = θi + εi,(3)

Level 2 : θi = x′
iβ + ui,(4)

where i ∈ {1, . . . ,m} is an index over m counties and
θ̂i is the survey outcome for the ith county computed
from a realized sample of ni reports of positive planted
area in the county. These ni could vary with crop type
since a respondent may not grow all sampled com-
modities. Equation (3) describes the CAPS direct es-
timate as an estimate of the true planted area θi up to

sampling error εi . It is assumed that εi
ind.∼ N(0, σ̂ 2

εi),
and σ̂ 2

εi are the estimated sampling variances of the
CAPS direct estimates. The Level 2 model in equa-
tion (4) describes the county-level total θi in terms
of a linear function of observable covariates xi and a

county-specific random effect ui
iid∼ N(0, σ 2

u ) assumed
to be independent from the sampling errors εi .

Planted corn area in Illinois with reference year 2014
was selected as a test case because the state is a ma-
jor producer of corn, and the commodity is grown
across the state. For this case study, FSA administra-
tive acreage for corn planted area was used as a covari-
ate at the county level. In southern parts of the US, corn
may be planted as early as the beginning of March; in
Illinois, typical corn planting begins by mid-April, and
harvesting usually begins by mid-September (USDA
NASS, 2010, page 9). These decisions can vary by
year, influenced by weather conditions and a number of
other factors.2 Planting is a decision finalized earlier in
the crop year, whereas the final realized harvested area,

2An excerpt from NASS’s Crop Progress Report included the
Supplementary Material provides a synopsis of planting and growth
stages of the Illinois corn crop during the 2014 crop year.

production and yield are influenced by an accumula-
tion of events that transpire after the crop is planted
and up to the date of harvest. Presence or absence of
rain prior to planting could potentially accelerate or de-
lay planting decisions in the given year. A source of
precipitation data described in Vose et al. (2014) were
obtained directly from the National Oceanic and At-
mospheric Administration (NOAA) for inclusion in the
model. The NOAA data are available for monthly in-
tervals at the so-called climate division level and, for
Illinois, there is a one-to-one correspondence between
the NOAA climate division and the NASS ASD. Based
on correlation analysis with NASS planted area sur-
vey data, district-level estimates of March precipitation
(in inches) were included in the model; the district-
level data were duplicated for counties within the same
ASD. Thus, the vector of regressors for the ith county
consists of xi = (1, FSA acres, NOAA (ASD-level)
precipitation)′ in this case study.

Due to observed skewness in the distribution of the
county-level direct estimates θ̂i , the decision was made
to scale each estimate by the number of positive re-
ports ni and model the transformed variable θ̂i/ni .
(This transformation was applied to the FSA covari-
ate as well.) Resulting point estimates of the area to-
tals obtained under equation (3) and equation (4) may
not automatically sum to the already published state
totals. Benchmarking to the state total is necessary to
ensure consistency of acreage and production estimates
at state, ASD and county levels.

3.2.1 External benchmarking. In practice, NASS
requires that official county and ASD estimates satisfy
external benchmarks since state totals are published
prior to the publication of any sub-state crop estimates.
Therefore, model-based approaches that also honor
equation (1) and equation (2) are desirable. Letting a

denote the target state-level estimate of planted area,
n = ∑m

i=1 ni denote the number of all positive reports
obtained from m counties in the state, and θ̃ME

i ≡ niθ̃i

denote a modeled estimate transformed back to the
scale of the ith county total, a ratio benchmarking ap-
proach was considered. This non-parametric approach
applies the same corrective factor shown in equa-
tion (5) to each of the m modeled estimates θ̃ME

i ; after
benchmarking, the m county-level totals agree with the
established state total as in equation (6):

θ̃MERB
i = θ̃ME

i ∗ a

(
m∑

k=1

θ̃ME
k

)−1

,(5)

a =
m∑

i=1

θ̃MERB
i .(6)
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3.2.2 Preliminary findings. Model-based estimates
of area planted in corn for the 2014 crop year were
computed for the 102 counties and 9 ASDs in the state
of Illinois. The models were formulated as Bayesian
hierarchical models and fit by Markov chain Monte
Carlo simulation using R and JAGS software. Vague,
proper prior distributions were specified for all model
parameters. The prior distributions for the model
parameters β ≡ (β0, βFSA, βNOAA)′ are assumed
Normal3(0,diag(106)). Three choices of prior distri-
bution for the model variance component (or transfor-
mations of the variance component) σ 2

u were explored:

• σ 2
u ∼ Uniform(0,108),

• σ 2
u ∼ IG(0.001,0.001),

• log(σ 2
u ) ∼ Uniform(− log(108), log(108)).

For each combination of prior specifications, simula-
tions consisted of three chains, each with 10,000 Monte
Carlo iterates. Discarding the first 1000 iterates as
burn-in, the remaining 9000 iterates were thinned every
9 iterates to construct posterior summaries. Potential
scale reduction factor convergence diagnostic statistics
were inspected for each of the 102 θi associated with
counties, the three regression parameters, and the vari-
ance components. The maximum potential scale reduc-
tion factor under uniform prior specification for σ 2

u was
1.039, whereas the inverse gamma on the variance and
the uniform on the log variance specifications resulted
in several potential scale reduction factors greater than
1.1 (maximum of 11.57 and 2.224, respectively) indi-
cating a lack of convergence. Therefore, we report only
the results under the σ 2

u ∼ Uniform(0,108) prior spec-
ification below.

The posterior means (posterior standard deviations)
of the regression coefficients were β̂0 = 97.0 (205.2);
β̂FSA = 0.865 (0.037); and β̂NOAA = −48.6 (118.0),
respectively. The coefficient on FSA acreage and
its relatively small standard deviation indicates the
strength of the positive linear association between FSA
and NASS corn acreage data in Illinois.

Model estimates of the county planted area totals and
their associated standard errors were also obtained as
posterior means and standard deviations, after trans-
forming back to the total scale through multiplication
by sample size. ASD totals are sums of county-level to-
tals; posterior means and standard deviations of ASD-
level planted area were obtained by summing corre-
sponding iterates of the chains of member counties,
and then averaging and computing the standard devi-
ations of those summed iterates.

First, models were fit assuming no external bench-
mark (denoted ME). Externally benchmarked esti-
mates (MERB) were obtained by subsequently apply-
ing the ratio benchmarking step; in this process, the
factor a(

∑m
k=1 θ̃ME

k )−1 was applied to all iterates of
the obtained Monte Carlo samples for county totals.
The 102 estimated MERB posterior means sum to the
a = 11.9 million acre planted area total NASS pub-
lished for the state of Illinois in crop year 2014 (USDA
NASS, 2015, page 8). Injecting the ratio into the stored
Monte Carlo samples captures the effects of bench-
marking on estimated variances.

While this approach differs from the NASS ASB’s
strictly top-down approach, it automatically generates
point estimates for ASDs consistent with estimates of
member counties while producing measures of uncer-
tainty for counties and ASDs. A comparison of coef-
ficients of variation in Table 2 shows that this area-
level model (whether benchmarked or not) reduces the
CV of the sub-state estimate relative to the CAPS di-
rect estimates (DE) of planted area. In this case study,
reductions in CV of nearly 50% and more were re-
alized compared to the direct estimates alone. Mod-
est changes in CV are realized after benchmarking the
county estimates to the state total.

While offering a considerable reduction in CV, the
model-based approach that does not incorporate the
state total as an external benchmark (ME) produces es-
timates that are inconsistent with the published state
total and with FSA data at the county and district level.
Figure 4 shows ME and MERB estimates are plotted
against corresponding county- and ASD-level FSA ad-
ministrative acreage data. (In the interest of not disclos-
ing unpublished data, both axes have been redacted but
1-to-1 ratio is enforced in both panels.) Nearly all of
the ME estimates fall below the plotted 45 degree line

TABLE 2
Coefficients of Variation (%) for Illinois corn planted area

estimates in crop year 2014 for 102 counties within 9 Agricultural
Statistics Districts

Level Statistic DE ME MERB

County min 9.1 4.2 3.6
median 19.2 7.5 7.3
max 92.3 31.0 31.1

ASD min 4.4 2.6 1.7
median 6.8 2.9 2.1
max 8.7 4.4 4.4



OFFICIAL AGRICULTURAL ESTIMATES 311

FIG. 4. Comparison of ME and MERB estimates with FSA acreage.

indicating that they are smaller than the correspond-
ing FSA administrative corn acreage, whereas bench-
marking improves consistency with FSA administra-
tive acreage totals. All of the ASD-level MERB esti-
mates cover the administrative data, but a few county-
level MERB estimates may fall below the 45 degree
line.

The ASB’s estimation procedures entail the review
of potentially disparate estimates to produce one-
number official statistics. Shown in terms of num-
ber of posterior standard deviations from MERB es-
timates, Figure 5 depicts distance between MERB esti-
mates and other available estimates, that is, (θ̃MERB −

auxiliary estimate)/SD(θ̃MERB). The sources com-
pared at county and district level include the CAPS
direct estimates (DE), the CDL acreage derived from
pixel counting, the Battese–Fuller planted area esti-
mate based on a unit-level regression of CDL and
NASS June Area Survey data, the FSA planted area,
and the NASS official statistics. (It must be noted that
apart from the NASS official statistics, none of the
other sources are benchmarked to the state total.) Pos-
itive values indicate that the MERB estimate is greater
than the other source whereas negative values indi-
cate that the MERB estimate is the smaller of the two.
At both district and county levels, the spread between

FIG. 5. Distances from MERB posterior means in terms of number of posterior standard deviations. The comparisons are for all 102
counties and 9 ASDs in the state. *For clarity, a single outlier beyond −6 was omitted in the plotted county-level comparisons to direct
estimates.
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FIG. 6. Posterior distributions for planted area in the nine agricultural statistics districts of Illinois.

the MERB estimates and FSA acreage, Battese–Fuller
estimates, or the CDL is smaller than the spread be-
tween the MERB estimates and the CAPS direct es-
timates. At the county level, the compactness of the
FSA boxplot indicates shrinkage of the MERB esti-
mate toward the FSA administrative data. Comparison
to FSA shows negative values between the minimum
and the first quartile; in terms of a literal point-to-point
comparison, these counties do not cover the FSA to-
tals, although they are within a reasonable number of
posterior standard deviations. The similarities of the
FSA and Official boxplots likely indicate the empha-
sis that the ASB places on the FSA data whenever it is
available (National Academies of Sciences Engineer-
ing, and Medicine, 2017, page 21). At the ASD level,
the median differences between MERB and direct esti-
mates, FSA and CDL are all positive, perhaps indicat-
ing the accumulated effects of undercoverage, or the
downward tendency due to pixel counting in the case
of the CDL, when summed across counties within the
same district. At the ASD-level, all MERB estimates
are greater than the FSA administrative data. All 9 of-
ficial ASD estimates fall within plus or minus half of
one posterior standard deviation of the corresponding
MERB estimates.

Posterior distributions for planted area totals in the
9 ASDs of Illinois3 are shown in Figure 6. Posterior
means under MERB and the NASS official statistics
are shown for comparison. Districts 10 and 20 are the

3An ASD map for Illinois is included with Supplementary Ma-
terial, or it can be obtained at https://www.nass.usda.gov/Charts_
and_Maps/Crops_County/boundary_maps/il.pdf.

northernmost ASDs in the state; the posterior distribu-
tion for ASD 10 is remarkable in both its location (pos-
terior mean) and its spread. The comparatively smaller
planted acreage in ASD 20 may be attributed to land
occupied by the Chicago metropolitan area. Similarly,
smaller planted areas are found in the southernmost
districts, ASD 80 and ASD 90, likely due to the pres-
ence of heavily forested lands. The remaining ASDs
form a band through the central part of Illinois; ASDs
40, 50, 60 and 70 are contiguous districts, and they
show similarities both in terms of estimated planted
areas and in terms of their respective posterior distri-
butions. When compared to the official statistics, the
posterior means obtained under MERB show similar
magnitudes to the NASS official statistics. In this case,
the MERB estimates have even preserved the same
rank among ASD estimates as the published NASS
district-level estimates. Since the MERB approach in-
corporates benchmarking, modeled ASD estimates and
NASS official statistics sum to the same 11.9 million
acre target.

Direct estimates are obtained with respect to a sam-
pling design. Uncertainty is inherent in NASS official
statistics, although no characterization of the uncer-
tainty has been published with the official statistics to
date. In the case of the presented model, the desired
quantities are characterized by entire distributions. The
uncertainty associated with direct estimates may be re-
duced by incorporating additional information through
a small area model. The ASB has traditionally incor-
porated auxiliary data through its informal composites;
given the similarity of the NASS official statistics and
the MERB point estimates in Figure 6, the increased

https://www.nass.usda.gov/Charts_and_Maps/Crops_County/boundary_maps/il.pdf
https://www.nass.usda.gov/Charts_and_Maps/Crops_County/boundary_maps/il.pdf
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use of modeling may offer a means of quantifying the
benefit of incorporating additional information.

4. DISCUSSION AND CONCLUSIONS

As a producer of official statistics, NASS must make
the best use of all available data inputs and produce
high quality sub-state estimates for more than 20 com-
modity crops nationwide. As immediate consumers of
NASS official crop county estimates, both FSA and
RMA must consider the NASS official statistics in light
of their own administrative records. Where incentives
to participate in FSA or RMA programs may vary by
state and commodity, NASS official statistics fulfill
statutory obligations and provide additional insight for
these agencies in the administration of their respective
farm programs. NASS official county-level statistics
provide important data for the US agricultural sector
at large.

The NASS crops survey cycle is designed to capture
crop activities from initial planting decisions to the fi-
nal harvest and production. Starting in 2011, a larger
probability-based sample for sub-state estimates was
realized with the full implementation of CAPS. Even
after strengthening the direct estimates for counties
and ASDs, issues of nonresponse, variation in year-to-
year planting decisions, and natural sparsity of some
types of crops within state and county lines have led
to the suppression of many NASS county estimates.
Small area models have the potential to add value to
the NASS crops county estimates program in terms of
improved reproducibility and quantification of uncer-
tainties all while harnessing a wider variety of aux-
iliary data types. As evidenced in the findings of the
CNSTAT report, transitioning NASS’s complex crops
county estimates program to a model-based framework
is a challenging undertaking.

The motivating case study presented in this paper has
focused on a model for just one of four key parameters,
planted area and, in particular, it focused on interpre-
tation of survey and modeled estimates with respect to
important current-year administrative planted acreage
data source provided by FSA. A number of ongoing
challenges and opportunities are noted below:

• The best use of all available data—At the authors’
discretion, the model presented in this preliminary
case study made use of just one key auxiliary data
source for acreage, namely the FSA planted area
data. Both the FSA acreage and the CDL acreages
are highly correlated. An important question worth
investigating is whether the quality of the model has

been affected by foregoing the use of the CDL data,
and under what circumstances it might be a preferred
source of auxiliary information. Novel uses of ad-
ministrative or remotely sensed data could in turn
change the way expensive and time-consuming sur-
veys are conducted in the future.

• Modeling totals or modeling ratios—Looking ahead
to harvested area, production, and yield, NASS may
use its survey data twice in its traditional compos-
ite process: once to obtain an estimate of a total, see,
for example, production, and once to construct an es-
timate of a ratio. Where ratios are concerned in the
traditional process, they are translated back to the to-
tal scale conditional on some fixed denominator to-
tal. The merits of incorporating one or the other into
a model should be carefully weighed. Benchmark-
ing a ratio, for example, yield, introduces additional
challenges.

• Valid zeros versus ‘missing” data—In some cases,
the survey may not indicate any planted area with
respect to a particular commodity, but some posi-
tive acreage may be represented by auxiliary data
for the county. Due to item-level nonresponse asso-
ciated with production, it is possible, in some cases,
to have positive acreage survey estimates within a
county but have no reports to support a production
survey estimate in that same county. This particular
challenge is often encountered in counties where a
certain commodity crop is already sparse. The valid
zero does not represent a problem for benchmarking
to state totals; if a county did not contribute toward
a state total, it can simply be omitted from the con-
straint. On the other hand, “missing” estimates could
potentially affect the quality of other county esti-
mates through their omission when benchmarking.
Therefore, an appropriate synthetic estimate may be
desirable in such cases.

• Implied relationships among estimates—Related to
the valid zero, a zero estimate for planted area im-
plies a zero estimate for harvested area, and a zero
estimate for harvested area implies a zero estimate
for production. In principle, any defensible (point)
estimate of harvested area within a region must be no
greater than the planted area estimate for that region;
in practice, separately modeled estimates for planted
and harvested area could result in inconsistent point
estimates. The ASB has traditionally sought to cover
FSA acreages in its estimation process; part of ex-
ternal model validation will be to determine whether
auxiliary sources complement or contravene a mod-
eled estimate. Since yield is a ratio of production to
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harvested area, once any two of the three point esti-
mates are known, the third is determined. Whereas
model-based estimates obtained from several inde-
pendent models may not automatically satisfy these
relationships, NASS’s traditional estimation and re-
view process enforces these physical relationships in
the official statistics. Incorporating constraints into
the models or jointly modeling county-level param-
eters may be worthwhile.

• A meaningful pool of covariates for production—
The inclusion of NOAA precipiation data in the case
study reflected knowledge surrounding typical plant-
ing dates in Illinois. Its incorporation (at the ASD
level) into the model may not be needed given the
strength of the FSA administrative covariate. In the
absence of administrative data on production, other
characteristics including measures of soil productiv-
ity, weather, climate data, and remote sensing in-
dices and their importance to crop phenology may
be taken into consideration. Building the best pool of
auxiliary data for the 43 CAPS states and the range
of commodities to be supported by the crops county
estimates program is a formidable task. Moreover,
the best use of these data will require crop-specific
knowledge about critical growing stages of each
commodity and incorporating data at the appropri-
ate temporal and spatial resolution.

• An updated publication standard—As NASS tran-
sitions toward increased use of model-based esti-
mates, a publication standard that reflects the fit-
ness for use of the estimate is essential. The panel’s
findings suggest that the standard should be tied to
published measures of uncertainty, however, which
measures of uncertainty, on which estimates, and
at what stated thresholds are to be determined by
the Agency. Additional matters of nondisclosure and
confidentiality in the context of modeled estimates
and NASS’s establishment surveys must be carefully
vetted.

With the release of Improving Crop Estimates by
Integrating Multiple Data Sources in 2017, a vision
for transitioning NASS crops county estimates to a
program incorporating model-based crops estimates
has been established. NASS looks forward to meeting
these challenges in fulfillment of its mission to produce
timely, accurate, and useful statistics in service to U.S.
agriculture.

APPENDIX: LIST OF FREQUENTLY USED
ABBREVIATIONS

Bodies within the United States Department of Agri-
culture (USDA)

• NASS—National Agricultural Statistics Service.
Federal statistical agency housed with USDA

• FSA—Farm Service Agency. Responsible for the
administration of several USDA agricultural support
programs. A primary source of administrative data
on planted area.

• RMA—Risk Management Agency. Underwriter of
approved independent crop insurance policies.
A source of administrative data particularly on failed
acreage.

Bodies outside USDA

• CNSTAT—Committee on National Statistics. Advi-
sory body convened under National Academies of
Science, Engineering, and Medicine

• NOAA—National Oceanographic and Atmospheric
Administration. Provider of weather data.

NASS Data Concepts and Notation

• ASB—Agricultural Statistics Board. The source of
NASS official statistics. The ASB interprets several
sources of information and publishes a consensus es-
timate based on its expert review of survey and aux-
iliary inputs.

• ASD—Agricultural Statistics District. A smaller-
than-state area comprised of neighboring counties

• MPPS—Multivariate probability proportional to
size. Survey sampling design underlying several key
NASS crop surveys.

• APS—The quarterly Acreage, Production and
Stocks survey. This MPPS design survey informs
state benchmarking targets and it is a partial source
of data used to compute county-level direct esti-
mates.

• CAPS—County Agricultural Production Survey.
Provides a complementary MPPS sample used in
conjunction with the APS sample. The pooled APS/
CAPS samples are used to generate county-level di-
rect estimates.

• CDL—Cropland Data Layer. A NASS agricultural
land cover classification product based on remotely
sensed information. Another potential measurement
of planted area.

• PL, HV, PD, YD—these denote official planted
area, harvested area, production, and yield estimates,
respectively.

• DE—Direct estimate. An output obtained from
NASS surveys under the given survey design.

• ME—A modeled (small area) estimate.
• MERB—A modeled estimate which has been bench-

marked to a given state total through ratio bench-
marking.
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