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Abstract

The USDA'’s National Agricultural Statistics Service conducts multiple surveys for major crops, including
winter wheat, during a growing season. These surveys are designed to capture the current status of crops at
state, regional and national levels. Each of the surveys also provides an indication of end-or-season yields.
A Bayesian hierarchical model gives improved yield forecasts by combining these indications from three
different types of surveys together with auxiliary data. Modeled state forecasts are benchmarked against
a regional forecast and rigorous measures of uncertainty are provided. Advantages of this model are the
flexibility for inclusion of new sources of auxiliary information and the incorporation of expert judgment
while retaining reproducibility and estimability of standard errors. The model for winter wheat is shown to
perform well over a wide variety of conditions, as illustrated by data from the 2012 crop year.

Key Words: Bayesian hierarchical model; Composite estimation; Model-based estimation; Survey sam-
pling.

1. Introduction

The National Agricultural Statistics Service (NASS) is a statistical agency within the United States
Department of Agriculture (USDA) tasked with a mission to provide timely, accurate, and useful
statistics in service to U.S. agriculture. Among the many valuable official statistics and reports pub-
lished by NASS, the monthly Crop Production Report includes in-season forecasts and estimates
of planted and harvested area, crop yield, and production for most major U.S. crops. Estimates
contained in this report are valued by many end users from both the public and private sectors,
and the state and national estimates contained in the Crop Production Report serve as inputs into
other USDA reports including the World Agricultural Supply and Demand Estimates (WASDE)
produced by the World Agricultural Outlook Board in the Office of the Chief Economist . Through
their direct release to the public and their role in other USDA processes, NASS’s state and national
crop forecasts and estimates inform many vital economic decisions in domestic and international
commodity markets.

The preparation and release of the Crop Production Report is conducted under the auspices of
NASS’s Agricultural Statistics Board (ASB). The ASB is a panel of commodity experts that con-
venes on a monthly basis to review current and historical survey outcomes, available weather data,
and other supplemental information. Based on the survey data and auxiliary information, the com-
modity experts reach a consensus. Out of the ASB process, monthly in-season forecasts of planted
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acres, harvested acres, and crop yield at state and national levels are derived for inclusion in the
Crop Production Report. Season-end estimates of these quantities are prepared in summary reports
released in September and December, which focus on small grains and row crops, respectively.
The |Office of Management and Budget (2006) released OMB Standard 4.1 advising federal
statistical agencies to “use accepted theory and methods when deriving...projections that use survey
data” and that “error estimates must be calculated and disseminated to support assessment of the
appropriateness of the uses of the estimates or projections.” In response to the OMB standard, and
after internal review, NASS began to explore model-based estimation of crop yields as a strategy
for capturing the expert assessment of the ASB while making the process of combining available
information sources more easily repeatable and providing pertinent measures of uncertainty. NASS
research in this area began with a collaborative agreement with the National Institute of Statistical
Science (NISS) in 2009. Since 2011, the ASB has received variants of models for corn and soybean
yields first developed by [Wang et al.|(2012), and discussed in [Nandram et al.| (2014) and |Adrian
(2012) for consideration in their decision-making processes. At the request of the ASB, NASS has
recently undertaken extensions to other commodities including winter wheat. Taking winter wheat
as an example, this paper describes NASS methods for model-based estimation of crop yields.
describes the available surveys and production timelines for release of winter wheat
forecasts and estimates. A general specification of the Bayesian hierarchical model is presented in
Section 3| and a comparison of modeled winter wheat yields to published yield statistics is shown

in[Section 4] Finally some possible extensions are discussed in[Section

2. NASS Yield Survey Indications and Timelines

Crop yield is a measure of agricultural production per area harvested. In the United States, yield
is typically measured in units of bushels per acre, where the weight of a bushel may differ by
commodity; a bushel of wheat or soybeans weighs approximately 60 pounds per bushel whereas
a bushel of corn weighs approximately 56 pounds, controlling for standard levels of moisture.
Since yield is the ratio of output to acreage harvested, a natural materials balance identity arises
when comparing regional yield to the yield of smaller constituent units. Letting p, h and ;2 denote
production, harvested acres and yield at a regional level, and letting index j € {1, 2, ..., J} identify
the corresponding quantities at smaller geographical units, e.g., states, yield for the region is a
weighted average of state yields as shown in

J J
p hi\ pj
p=2 =3 (1) B _ (1)
h 4 h ) h; 4
7=1 7=1
where weights w; are proportional to the 4 state’s harvested acreage. Since [Equation 1|represents
a physical balance, benchmarking of state yield estimates with regional estimates is desirable.
Production and yield are heavily dependent on many factors throughout the course of the grow-

ing season, ranging from weather conditions to individual farmer practices. NASS conducts multi-
ple surveys throughout the growing season to better assess yield potential. In order to distinguish
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these survey outputs from published values, the direct expansions from yield surveys are referred
to as survey ‘indications’ whereas the term ‘estimate’ is reserved for an officially published value.
Over the course of a season, the ASB will have access to yield indications generated by three
distinct surveys: the Objective Yield Survey (OYS), the Agricultural Yield Survey (AYS), and
one quarterly Agricultural Production Survey (APS), conducted in September to capture activities
related to small grains and commodities such as winter wheat. The surveys differ in scope and
geographic coverage as noted below. (For additional information on each, see USDA National
Agricultural Statistics Service (2012).)

o Objective Yield Survey-NASS objective yield surveys are panel surveys. They are objective
in the sense that the survey indications are derived from measurements obtained in the field
as opposed to an interview with farmers. The OYS is commodity-specific. Given the expense
of conducting such a panel survey, the geographic coverage of the OYS is limited. The OYS
sample is drawn only from those states that make up the speculative region for the commodity
in question. A speculative region represents a collection of the top-producing states in the
U.S. with respect to some commodity. For winter wheat, the speculative region is comprised
of ten states.

o Agricultural Yield Survey-NASS AYS surveys are another panel survey based on respondent
interview. Whereas OYS was commodity-specific, the AYS is designed for the larger needs
of the NASS yield programs, and farmers may be asked to report their expected yields for
a range of commodities that they may grow during the season. Although the scope of the
survey is not limited to speculative region states, indications and associated standard errors
pertaining to the speculative region are also produced during summarization.

e Acreage, Production and Stocks Survey—The quarterly crops APS survey is conducted at the
conclusion of the harvest in September for winter wheat and small grains (and in December
for activities related to row crops). The APS is another interview-based survey, and as the
name suggests, the survey covers other season-end quantities in addition to yield. As with the
AYS, data on several commodities may be collected simultaneously. Given that the survey is
conducted at the conclusion of harvest with a significantly larger sample size, NASS typically
views indications derived from this survey as a “gold-standard.”

The timeline for NASS yield surveys and publications of winter wheat forecasts and estimates
is summarized in Winter wheat is planted in late Autumn of the previous calendar year
and enters a state of dormancy during winter months. Its continued development and yield potential
can be captured by surveys in May through September. (Row crops such as corn and soybeans are
supported by a similar cycle of surveys conducted from August through December.) In all, survey
indications and standard errors are available at the state and speculative region level for a total of 5
months of OYS indications, 4 months of AYS indications, and the quarterly APS survey indication
prior to the release of season-end estimates. The timeline presents an added challenge in that this
typically leaves just a three- to four-day window between survey summarization and the release
of the official report. Consequently, any auxiliary information must be brought to bear within this
relatively short timeframe.

Example data from the three survey sources for Illinois are plotted (with coarse scale due to
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Survey and Publication Timeline for Winter Wheat
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Figure 1: Survey and report production timeline for NASS winter wheat forecasts and estimates

disclosure guidelines) in[Figure 2] The length of each time series represent the availability of survey
indications at the time of writing. In black, the September APS represents yield at the conclusion
of harvest, and may be thought of as an unbiased indication for the final published yield. The
OYS survey indications (shown in green) are typically biased upward with respect to the APS
survey indications. The AYS survey indications (in red) are typically biased downward relative
to APS indications. The apparent biases may become smaller as events of the season unfold.
These relationships between NASS yield survey indications tend to hold irrespective of state or
commodity. Finally, some evidence of increasing trend may be apparent in reflecting
possible innovations in yield over time. These observations help to inform the modeling strategy

developed in

NASS Yield Survey Indications: IL Winter Wheat
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Figure 2: Illinois winter wheat survey indications
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3. Model Specification

Just as ASB members must review survey indications and additional information in order to syn-
thesize estimates for the speculative region, the initial emphasis of the NISS-NASS collaborative
agreement focused on the synthesis of data available at the speculative region level, with initial
application to estimation of corn and soybean yields in Wang et al.| (2012)). Nandram et al.| (2014)
details subsequent development of state level models for corn that include benchmarking to the
regional yield. |Adrian| (2012) presented a more parsimonious version of this model applied to both
corn and soybeans, omitting the AR(1) correlation structure reflecting the panel-nature of the OYS
and AYS survey indications found in the other two. This specification more closely resembles the
ASB’s thought processes of reviewing only same-month indications while providing comparable
performance in terms of root means squared error associated with forecasts. The parsimonious
specification in |Adrian| (2012) has formed the basis for development of NASS winter wheat yield
models.

3.1 Speculative Region Model

In the spirit of [Wikle| (2003) and others, a Bayesian hierarchical model is specified as a collection
of conditional and marginal distributions describing the behavior of observed data, an underlying
latent yield process, and additional model parameters. Let y,,, denote observed yields from survey
k € {O,A,Q} (for OYS, AYS, and quarterly APS, respectively), in year t € {1,2,...,7} and
month m. Then conditional on regional yield, y;, data models for forecast month m are described
by
Ykem| e ~ indep N (i + Oy Siym + Ot ) 1k = O, A 2)
and
yoilue ~ indep N (i, 51 3)

where it is understood in that the survey is conducted in September for winter wheat, or
December for corn and soybeans yields. Note that[Equation 2] models the AYS and OYS data with
month-specific biases bg,,, whereas the APS data are assumed to be unbiased indications for true
yield.
The process model describes variation of yield w; around a linear function of covariates, z;,
observable in year .
we ~ indep N (zgﬂ, 072]) 4)

Finally, diffuse prior distributions complete the specification of model; The month-specific biases
brm and regression coefficients 3 ~ indep MV N (0,108 x I'). Prior distributions on variances are
specified as Uim, 03] ~ indep IG(.001,.001). For notational simplicity, it will be convenient to
define the collection of data model parameters as @, = (bkm, aim) and the collection of process
model parameters ©, = (8,07).
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Assuming conditional independence, the likelihood function has the following form

o yavolee = [ [velw, ©dl %)
ke{0,A,Q}
and it follows by Bayes’ Rule that the posterior distribution takes the form shown in
[, ©a, Oplyo, ya,vgl o< [ [uklie, Odl[u©,][©4][©),)] (6)
ke{0,A,Q}

Full conditional distributions for model parameters may be obtained explicitly. A Gibbs sam-
pling algorithm is employed to obtain estimates of model parameters (Gelman et al.| (2003). The
reader is referred to (Adrian, 2012, Appendix A) for more details about the full conditional distri-
butions of all model parameters, and the Gibbs sampling algorithm. For brevity, we discuss only
the full conditional distribution for the main quantity of interest, regional yield y;,

Ay 1
[Mt|yanAayQ7 d p] <A1t’ A1t> v
where
1 I 1
Ay = Z 2 5 T {2Q}+7 ®
koA Thm T Sktm  SQt i
—b Ligyygr =z
k=04 Tkm T Sktm SQt 7

Note that represents the sum of the precisions of each information source. Taken to-
gether, [Equation 8] and [Equation 9| indicate that the posterior mean of is a composite
estimator which incorporates the following available information sources: bias corrected AYS and
OYS indications, the quarterly APS indication (when it is available), and covariates information.
This is a built-in rule for the combination of many sources of information which applies propor-
tionally larger weight to more precise sources.

3.2 Unconstrained and Constrained State Models

Data and process models for the states resemble those of the speculative region with models for
each state j given by:

Yktmili; ~  indep N (puj + bkmys Stimy + Tmy) -k = O, A, (10)
yotjlpe; ~ indep N (Mtj’ sétj) , (11)
puj ~indep N (2,85, 07;) (12)

As before, diffuse prior distributions are specified on the data and process model parameters of
each state. The full conditional distribution of yield in the j** state, fit; resembles
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Assuming independence of state yields and defining pt;. = (g1, pte2, - - -, fe.7), the full conditional
distribution of the collection of state yields is a multivariate normal distribution:

Aoy 1
(1Yo, YA, YQ, Od, ®p) ~ indep MV N (vec ( 2tj> ,diag < )) (13)
ANTY ANTY

Although parameters u;; respect [Equation 1| estimates of these parameters derived under [Equa-
gh p Htj TESP q p q
may not, therefore, it is desirable to enforce the balance constraint between the speculative

region and member states. Using a strategy similar to |Nandram and Sayit| (2011), iterates of the
speculative region MCMC simulation are fed into the MCMC simulation for a ‘constrained’ state
level model. Conditioning [Equation 13| on [Equation 1} the collection of the first j — 1 states will
follow a multivariate normal distribution

(Mtlvut27"'7ut(J—l)) ~ MVN(ﬁv i) (14)

(Complete expressions for fz and X are given in |Adrian| (2012), Eqs. 10 and 11.) At each year ¢,
the the yield for the J* state is given by

J—-1

1
fes = = ) Wil (15)
Wtj =1

3.3 Model Outputs and State Forecast Decomposition

Briefly summarized, the steps to producing model-based yield estimates are as follows.

1. Fit the speculative region model. Model-based estimates of speculative region yield may be
obtained as the mean of the Monte Carlo sample for ;. Standard errors are obtained as the
sample variances of the Monte Carlo samples.

2. Fit the constrained state model. Enter the p, iterates into the MCMC simulation for state
yields. Benchmarked state yields and measures of uncertainty are obtained from the Monte
Carlo samples under [Equation 14|and [Equation 15|

For the purposes of publication of yield over some aggregate region and benchmarked state yields,
these two items suffice. An additional benefit in fitting an ‘unconstrained’ state model is that it
provides for an approximate Bayesian decomposition of the state forecasts by information source.
In the spirit of [Equation §|and |[Equation 9} the constrained state yield estimate may be thought of
as a weighted average of various information sources, plus an additive benchmarking adjustment,
dj.

firj = > c(SOURCE) 1y, + dj (16)
ke{0,A,Q,Covariates}

cr o (variance(SOURCEy))™

The benchmarking adjustment represents the difference between yield under the constrained state
model and yield under the unconstrained model. Due to disclosure guidelines, no survey indica-
tions will be published within this report. However, a collection of information that can be readily
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obtained for each supported commodity by the current NASS yield modeling strategy is summa-
rized in The first two rows represent benchmarked state and regional yield estimates and
associated errors, e.g., standard error or RMSE. Subsequent rows represent bias-corrected OY S and
AYS indications, as well as a fitted yield based on observed auxiliary data, and the September APS
indication when available it is available. The final row represents the benchmarking adjustment, or
the difference between the constrained and unconstrained state yield forecasts. In the decomposi-
tion by information source the posterior means and variances, i.e., components of are
taken with respect to the posterior distribution under the unconstrained state model as justified by
Kass and Steffey (1989).

State1 State2 --- StateJ | SPEC

Overall Forecast i X X X X
Error X X X

0oYs Yormj — Z}Omj X X X X
AYS YATmj — b Am; X X X X
Covariates 2l iBi X X X X
Sept. APS YQT; X X X X
Benchmarking Adj. d; X X X

Table 1: Overall forecasts (BU/acre), Error, and forecast decompositions

4. Winter Wheat Yield

4.1 Winter Wheat Speculative Region

The winter wheat speculative region is comprised of ten states: Washington, Montana, Colorado,
Nebraska, Kansas, Oklahoma, Texas, Missouri, Illinois, and Ohio. This region represents a col-
lection of some of the top producers of winter wheat in the United States, and the Objective Yield
Survey for winter wheat is conducted exclusively within these states. The speculative region states
are shown in along with each state’s proportion of harvested acres (weights, w;) in year
2012. In 2012, Kansas, Oklahoma, and Texas combined accounted for more than 64% of all acres
of winter wheat harvested within the speculative region.

The breadth of this geographical region encompasses a diversity of planting and harvesting
decisions. NASS measures production of four distinct classes of winter wheat: red hard, red soft,
white hard, and white soft wheat. shows the typical share of each state’s total production
by class of winter wheat. In some sense, the states specialize with respect to each class of winter
wheat. Higher yields tend to be associated with soft types of winter wheat. Consequently, yields in
Washington, Missouri, Illinois, and Ohio are among the highest in the speculative region. To the
extent that yields truly differ by type of wheat, these effects are confounded with state yield.

States begin and complete the harvest of winter wheat at different time points throughout the
survey cycle. describes the usual initial harvest, active harvest, and final harvest dates
as described in [USDA National Agricultural Statistics Service| (2010). In general, the progres-
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Figure 3: Winter wheat speculative region states. Percentages represent proportion of acres har-
vested (w;) in each state in 2012.
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Figure 4: Share of production by percent type
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sion of harvest dates follows a south-to-north pattern throughout the speculative region. Harvest is
typically completed in Texas before it has even begun in Washington or Montana. This differen-
tial harvest influences the availability of some survey indications; May OYS indications are only
available for Texas, Oklahoma, and Kansas. Furthermore, it informs the inclusion and timing of
covariates within the model.

Usual Harvest Dates for Winter Wheat Speculative Region States
Montana Start Active End

Washington Start Active End
Nebraska Start " Active End
Ohio Start Active End
Colorado Start | Active End
Kansas Start | Active End
lllinois Start | Active End
Missouri Start | Active End
Oklahoma Start | Active End
Texas Start Active End
Jun 01 Jun 15 Jul 01 Jul 15 Aug 01 Aug 15 Sep 01

Figure 5: Usual harvest dates for winter wheat speculative region states

4.2 Covariates

The specification of state-level latent process models in [Equation 12] asserted that the true yield of
state j, pt, varied around a linear function of observable covariates, that is ji; = zg y B;. The vetted
model for winter wheat utilizes a combination of covariates described by

fuj = Bj1 + Bjazjz + Bjszejs + Bjazeja + Bjszijs 17)

where

e zjo—a linear time trend variable reflecting potential for innovations in yield over time
zj3—amonthly state average rainfall, in inches (NOAA National Climatic Data Center (2015))
zjs—a monthly state average temperature (NOAA National Climatic Data Center| (2015)))
zjs—percent of crop rated good or excellent in a particular week (USDA National Agricultural
Statistics Service|(2015b)). This variable is essentially produced by polling field agents and
operators within each state, and it further represents the role of expert assessment within the
model.

In the specification above, coefficients 3 are allowed to vary by state. Corresponding speculative
region covariates are derived from state-level covariates by taking a weighted average based on
weights w;, each state’s share of harvested acres within the spec region.

To accommodate the differential harvest discussed in the schedule of updates de-
scribed in[Table 2] was adopted. In essence, the covariates have been selected to describe conditions
leading up to initial and active harvest dates. To produce a May forecast, the model is initialized
with crop and weather conditions as of April. Updates are made selectively in June and July,
following the South-to-North pattern in harvest.
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May Covariates June Covariates July-September Covariates

State/FIPS ¢ dition (Week #) Weather (Month) | Condition (Week #) Weather (Month) | Condition (Week #)  Weather (Month)

co 8 15 April 21 May 21 May
I 17 15 April 19 May 19 May
KS 20 15 April 19 May 19 May
MO 29 15 April 19 May 19 May
MT 30 15 April 19 May 24 June
NE 31 15 April 21 May 21 May
OH 39 15 April 21 May 21 May
OK 40 15 April 17 April 17 April
X 48 15 April 17 April 17 April
WA 53 15 April 22 May 22 May

Table 2: Schedule of covariates updates by state. Final updates are made in July in Montana.

4.3 Year 2012 Model Results

One important measure of performance of the model is through a simple comparison to the offi-
cially published statistic. Results for the 2012 crop year are depicted in In most months
and states, the model (shown in black) and the ASB (in red) show a high degree of agreement. The
speculative region results are nearly coincident with those of the ASB. Even for those states such
as Colorado, Nebraska, Montana and Washington where the model may deviate from the published
value, the published yield is captured within the 95% credible interval of the model-based indi-
cations, with the exception of the August forecast in Colorado. As mentioned, the producers of
soft varieties of winter wheat tend to have significantly higher yields. lends some visual
evidence that[Equation T|has been enforced, since the speculative region yield is closer to yields in
those states with the largest acreages harvested, including Kansas and Oklahoma. We report that
all benchmarking adjustments associated with state estimates were positive, indicating that state
winter wheat yields modeled independently would otherwise fail to account for some output indi-
cated at the regional level. The winter wheat model has only been presented to the ASB for their
deliberations as of the 2015 crop year, thus, the comparison shown for the 2012 crop year truly
demonstrates whether the model can reflect the consensus estimate of NASS commodity experts.

One benefit of the model is that it can be described in terms of a decomposition of available data
sources. The ‘rule’ for the combination of different data sources is described by Due to
the uncertainty associated with early season survey indications and the limited OYS participation in
seven states in May, the covariates portion of the model is most heavily emphasized in the weighted
average decomposition of overall yield for the early season indications. As the season progresses,
the precision of the survey indications improves, and covariates play a smaller role in the overall
yield. The September APS survey is conducted after the completion of harvest, and has a much
larger sample size than either of the other surveys. Therefore, it is not surprising that the September
APS indications become a driving factor in overall yield at season’s end.
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Year 2012 Comparisons: ASB and Model
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Figure 6: Comparison of ASB forecasts and estimates to model-based yield indications
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Figure 7: Emphasis placed on each information source throughout the season

5. Extensions and Conclusions

Currently the NASS model-based yield estimates program supports three commodities. In order

to fulfill a larger role in the publication of the Crop Production Report and annual summaries,
extensions and future research is required in the following areas:
1. inclusion of additional commodities,

2. support for states outside the speculative region,
3. accounting for new technologies such as soil moisture monitors.
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In addition to corn, soybeans, and winter wheat, commodities including upland cotton and potatoes
are presently targeted by their own Objective Yield Surveys as well. With the identification of
suitable covariates, these commodities can be readily supported by the models presented in this
paper. More generally, it may be desirable to publish yields for smaller commodities that are not
supported by an Objective Yield Survey, and it will be desirable to publish yields at the national
level. This entails estimation of yield for states that are not part of the speculative region. In
the absence of OYS indications for these states, the role of auxiliary information becomes even
more critical, particularly for producing early season forecasts of crop yield. The models perform
well over a wide variety of conditions, but promising new technologies may provide data that help
improve model performance in the most extreme conditions. The models presented in this paper
permit flexibility to include these new sources of auxiliary information as they become available,
while capturing expert judgment in a manner that is easily reproducible and gives rise to appropriate
measures of uncertainty.
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