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Annual variation of U.S. corn production is an important matter of world concern. To assure immediate response
to large-scale harvest failure in crop exporting regions, as was the case during the severe U.S. drought in 2012,
and to enhance global food security, a practical crop growthmonitoring systembasedon satellite data is required.
This study developed a practical method for near real-time prediction of U.S. corn yields usingModerate Resolu-
tion Imaging Spectroradiometer (MODIS)-derivedWide Dynamic Range Vegetation Index (WDRVI) taken 7 days
before the corn silking stage.We incorporated two algorithms into theMODIS-based corn yield predictionmeth-
od; namely, (1) a MODIS-based crop classification algorithm in consideration of differences in emergence dates
between corn and soybean, and (2) a simple bias correction algorithm for correcting region-dependent yield pre-
diction errors. Themethod is able to predict the annual variation of national and state level corn grain yields with
high accuracy in early August and detect corn yield reductions and poor-harvest regions due to drought damage,
as in 2002 and 2012, on a near real-time basis in advance of those provided by the U.S. Department of
Agriculture's National Agricultural Statistics Service. The method also predicted a national-level U.S. corn grain
yield for 2013, which was 3.8% lower than the NASS-statistical data.

© 2014 Elsevier Inc. All rights reserved.
1. Introduction

The long-term increase trend of global food demand due to growing
world population and the short-term fluctuation of international food
price due to yearly variations of crop yield are often raised as global
food issues to be tackled within a framework of international coopera-
tion. As an international community action against recent food price
volatility, the G20 Agriculture Ministers meeting held in Paris, 2011,
endorsed promotion of the Global Agricultural Geo-Monitoring (GEO-
GLAM) Initiative to launch a satellite monitoring observation system
in different regions of the world to improve information on food sup-
plies (Becker-Reshef et al., 2010). The scientific community of G20-
member countries is expected to contribute to this initiative (Singh
Parihar et al., 2012).

A practical remote sensing technique,which can assess regional crop
conditions and estimate near real-time crop yield, especially in food
exporting countries such as the U.S., is strongly desirable in order to en-
hance global food security. There havebeen various studies demonstrat-
ing the possibility of using remote sensing approaches to estimate crop
yields and production (Bolton & Friedl, 2013; Ferencz et al., 2004; Funk
& Budde, 2009; Labus, Nielsen, Lawrence, Engel, & Long, 2002; Serrano,
Filella, & Penuelas, 2000; Shanahan et al., 2001; Tennakoon, Murty, &
Eiumnoh, 1992; Unganai & Kogan, 1998). The use of a simple regression
model based on direct correlation between crop yields and satellite-
derived Vegetation Index (VI) is the most basic approach to estimate/
forecast crop yields on a regional scale (Becker-Reshef, Vermote,
Lindeman, & Justice, 2010; Bolton & Friedl, 2013). Becker-Reshef,
Vermote, Lindeman, & Justice (2010) developed a generalized
regression-basedmodel for winter wheat yield, which used the season-
al maximum Normalized Difference Vegetation Index (NDVI) as the
main predictor variable and was able to forecast winter wheat produc-
tion in Ukraine six weeks prior to harvest. Bolton & Friedl (2013) used a
two-band variant of the Enhanced Vegetation Index (EVI2) and theNor-
malized DifferenceWater Index (NDWI) to predict U.S. crop yields, and
found that the best dates to predict corn and soybean yields were 65–
75 days and 80 days after the MODIS-derived green up stage, respec-
tively. As a slightly more complicated approach, Johnson (2014) built
regression tree-basedmodels using MODIS NDVI and daytime land sur-
face temperature (LST) to forecast corn and soybean yields in the United
States and reported the interesting result that the gridded precipitation
data product of theNationalWeather Service (NWS) showed little to no
relationship with corn or soybean yields.

To devise an operational system for early crop yield prediction, one
needs to evaluate key parameters contributing to crop yield. Such pa-
rameters include green leaf area index (LAI), the spatial distribution of
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the target crop so-called planted area, and crop developmental stages
(i.e., crop phenology). The fundamental knowledge supporting early
prediction of corn grain yields is that corn green LAI, detected at
11 days before the silking stage, has a strong linear relation with final
yield (Sakamoto, Gitelson, & Arkebauer, 2013). The corn green LAI is a
proxy of total canopy chlorophyll content, which is a main component
of the remote sensing-based gross primary production (GPP) model
(Boyd et al., 2012; Gitelson et al., 2003; Gitelson et al., 2006; Gitelson
et al., 2012; Peng, Gitelson, Keydan, Rundquist, & Moses, 2011; Peng,
Gitelson, & Sakamoto, 2013; Rossini et al., 2012; Sakamoto, Gitelson,
Wardlow, Verma, & Suyker, 2011; Wu et al., 2009). The MODIS-
derived Wide Dynamic Range Vegetation Index (WDRVI, Gitelson,
2004) shows a close linear relationship with corn green LAI (Guindin-
Garcia, Gitelson, Arkebauer, Shanahan, & Weiss, 2012). A Shape Model
Fitting (SMF)method has been developed to detect dates of corn emer-
gence and silking stages from time-series MODISWDRVI data and shows
highly accurate date estimation (Sakamoto, Wardlow, & Gitelson, 2011;
Sakamoto et al., 2010). On the basis of these findings, a corn grain yield
estimation model based on MODIS 250 m resolution WDRVI, taken
7 days before theMODIS-derived corn silking stage, has beendeveloped
(Sakamoto et al., 2013).

However, the model largely depended on the updated datasets in
the cropland data layer (CDL) of the U.S. Department of Agriculture's
National Agricultural Statistics Service (USDA NASS), which is released
in the year following the current year. In addition, a bias error existed
between MODIS-derived corn grain yields and statistical USDA data in
non-major corn producing states (e.g., Kansas, Virginia, and North
Dakota; Sakamoto et al., 2013). Thus, these two issues should be solved
to make the model operational as a practical tool for yield prediction in
near real time. First, identification of pixels planted with corn on a near
real-time basis has to be achievable without reliance on CDL data. As a
solution to this issue, a novel crop classification algorithmwas devised,
which enabled the identification of pixels planted with corn from those
with other crops based onMODIS-estimated emergence dates. To solve
the second issue, multiyear averaged values of differences between
MODIS-estimated corn grain yields and NASS-statistical data were cal-
culated in order to perform bias-correction with a calibration dataset
(2008–2011). The bias that is likely related to mixed-pixel effects was
subtracted and the effectiveness of the bias-error correction was veri-
fied by using an independent validation dataset (2002–2007, 2012).
Solving these two issues, this study brings a practical method for near
real-time U.S. corn yield prediction based on MODIS 250 m resolution
data to reveal spatial features of successful- and poor-harvest regions.

2. Materials

2.1. MODIS (Moderate Resolution Imaging Spectroradiometer)

The MODIS products called “MODIS/Terra (or Aqua) surface reflec-
tance 8-day L3 global 250 m/500 m” (collection 5, tile numbers:
h08v04, h08v05, h08v06, h09v04, h09v05, h09v06, h10v04, h10v05,
h10v06, h11v04, h11v05, h12v04, h12v05, and h13v04) are distributed
from the U.S. National Aeronautics and Space Administration (NASA)
Earth Observing System Data and Information System (EOSDIS) on a
near real-time basis at no cost. The available products, which were
uploaded into the U.S. Geological Survey (USGS)web server, are search-
able in a dedicated EOSDIS website, which is available at http://reverb.
echo.nasa.gov. Two satellite platforms, EOS AM-1 (Terra) and EOS
PM-1 (Aqua), equipped with MODIS were launched in December 1999
and May 2002, respectively. The oldest dates for available MODIS
8-day composite products are DOY 49 in 2000 for MODIS/Terra and
DOY 185 in 2002 for MODIS/Aqua (day of year, DOY). The MODIS
8-day composite surface reflectance products are corrected for at-
mospheric effects such as gaseous and aerosol scattering (Vermote
& Vermeulen, 1999), and provide the best surface spectral reflec-
tance data for each 8-day period using the constrained view-angle
maximumvalue compositemethod (Huete et al., 2002). The spatial res-
olutions of the MODIS-250 m (MOD09Q1, MYD09Q1) and MODIS-500
m products (MOD09A1, MYD09A1) on the sinusoidal projections are
231.7 m and 463.3 m, respectively. The additional layers of blue reflec-
tance and observation date (DOY), which were also used to detect corn
developmental stages with the crop phenology detection method
named “Shape Model Fitting,” were resampled to 250 m resolution
from the MODIS-500 m products (MOD09A1, MYD09A1).

Time-series MODIS surface reflectance 8-day composite products
(Huete et al., 2002; Vermote, El Saleous, & Justice, 2002) observed dur-
ing a limited period from DOY 65 to DOY 304 (DOY 304 is the final date
of the 8-day period for the composite product DOY 297) were used.
While the beginning of the time-series MODIS data was fixed to DOY
65, the ending was arbitrarily changed from DOY 208 to DOY 304 to
simulate near real-time predictions. The waiting time for the uploading
of NASA'sMODIS product to theweb serverwas assumed to be 5 days. A
processing time for the proposed algorithm under parallel processing
with multiple personal computers was assumed to be 2 days. Thus,
the earliest available date of MODIS-derived yield predictions was
expected to be August 3rd (DOY 215) during a non-leap year.

Four years of MODIS data obtained from 2008 to 2011 were chosen
as the calibration dataset to tune/determine thresholds for a newly
proposed crop classification algorithm and bias correction values for
regional differences in prediction errors, which were probably caused
by mixed-pixel effects. The state- and county-level corn grain yields
from 2002 to 2007 and 2012 were then predicted and compared to
NASS-derived statistical data for model validation.

2.2. Cropland data layer (CDL)

The cropland data layer (CDL) is a crop-specific land cover classifica-
tion product that was created using the supervised image classification
methodology of Rulequest Research, “See5”, which is released every
year by theU.S. Department of Agriculture (USDA)National Agricultural
Statistics Service (NASS). The pixel-level classification accuracy of the
CDL exceeds 90% for dominant crops including corn and soybeans
(Johnson & Mueller, 2010). Although the data layer now covers the en-
tire contiguous U.S., the coverage area was limited to only six states in
2000. The spatial resolution of the original CDL is 30–56m owing to dif-
ferent data sources (Landsat/TM or Resourcesat-1/AWiFS). The spatial
resolutions of the CDL used for preliminary identification of candidate
corn pixels in the newly-proposed crop classification algorithm were
30 m for 2 years (2008–2009) and 56 m for 2 years (2010–2011). The
map projection of CDLwas converted fromUniversal TransverseMerca-
tor to MODIS sinusoidal projection. The coverage percentages of corn
and soybean areas were calculated for each MODIS 250 m pixel on the
sinusoidal projection. The classification errors inherent in the CDL data
have the potential to mix unnecessary signals coming from non-target
crops into region-averaged VI. However, such classification errors
were considered to have a relatively limited effect on yield prediction.
The mixed-pixel effect caused by the low spatial resolution of MODIS
(250 m/pixel) was assumed to have a much greater impact on yield
prediction accuracy than the classification errors inherent in the CDL
(30–56 m/pixel).

3. Methods

3.1. Wide Dynamic Ranged Vegetation Index (WDRVI)

The 250-m resolution Wide Dynamic Ranged Vegetation Index
(WDRVI) (Gitelson, 2004) was calculated by Eq. (1) using the red
(Band 1) and near infrared (NIR, Band2) reflectance that was included
in the MOD09Q1 and MYD09Q1 products.

WDRVI ¼ α� ρΝΙR−ρredð Þ= α� ρΝΙR þ ρredð Þ ð1Þ
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where ρred and ρNIR are the MODIS surface reflectances in the red
(621–670 nm) and NIR (841–875 nm) bands, respectively. The
weighting coefficient α is introduced to attenuate the contribution of
the NIR region atmoderate-to-high green biomass, and tomake it com-
parable to that of the red region. It was found that for corn the relation-
ship betweenMODIS-retrievedWDRVIwithα=0.1 and green leaf area
index (LAI) was linear (Guindin-Garcia et al., 2012).

3.2. Shape Model Fitting (SMF) method

The SMF method is a crop phenology detection method that uses
time-series MODIS WDRVI (Sakamoto, Wardlow, & Gitelson, 2011;
Sakamoto et al., 2010; Sakamoto et al., 2013). It calculates optimal scal-
ing parameters that approximate the fit of a preliminarily defined crop-
specific shapemodel to the observedWDRVI. Key phenological stages of
corn (VE, emergence, and R1, silking stage; Abendroth, 2011) are esti-
mated from the optimal scaling parameters coupled with the prelimi-
narily determined initial phenological dates of the shape model.
In simple terms, the SMF method geometrically fits a crop-specific
WDRVI profile (shape model) to the observed profile of MODIS
WDRVI, and then determines the shifted positions of specific points of
the shape model such as key phenological stages. The algorithm for
the SMF method used in this study was essentially the same as that
used in Sakamoto et al. (2013) with the exception of the following
minor improvements. It was known that the SMF method could not
always find optimal scaling parameters because of the limited period
of MODIS observations immediately after beginning of early prediction.
Therefore, the optimization routine did not always conditionally con-
verge and provided abnormal scaling parameters for a given pixel. The
present study treated these cases asmissing values. The improved algo-
rithmmade it possible to estimate the dates of the VE and R1 stages on a
near real-time basis.

3.3. Corn grain yield prediction model with bias-error correction

This study improved the corn yield prediction algorithm in terms of
biased-error corrections, especially for the non-major corn-producing
states that were located in marginal or outside regions of the U.S. Corn
Belt (e.g. Colorado, Texas, Kansas, Oklahoma, Louisiana, West Virginia,
Virginia, South Carolina, New Jersey, and Florida). To do so, a bias-
correction term, C(t), was added to the previous model (Eq. (2)). The
bias-correction value was selected from a preliminarily-determined
look up table in reference to the latest period of the MODIS 8-day com-
posite products used in the predictionmodel (e.g., DOY 201, 209,…297;
first date of composite period) for each area (county or state). A 4-year
average (2008–2011) of difference values betweenNASS-derived statis-
tical data and MODIS-derived corn grain yields before bias correction at
the state or county level was assigned to the bias-correction term (C(t),
Eqs. (2) and (3)). Bias-correction values that varied depending on the
latest period of the MODIS 8-day composite product were used in
order to mitigate the effects of regional characteristics of corn planting
dates. The improved corn grain yield prediction model used was as
follows:

Yield t=hað Þ ¼ 14:925
�WDRVI α ¼ 0:1; at 7 days before silking stageð Þ
þ 7:6498þ C tð Þ ð2Þ

C tð Þ ¼ 1
4

X2011

i¼2008

y ið Þ−p t; ið Þð Þ ð3Þ

where C(t) is the bias correction value as of DOY t (e.g., DOY 201, 209,…
297;first date of composite period), which also varied depending on the
location (county or state), y(i) is the statistical value of a given county or
state in the year i, and p(t, i) is theMODIS-derived corn grain yields as of
DOY t in year i.

3.4. Identification of pixels plated with corn on the basis of MODIS-
estimated dates of crop emergence

As a precondition to early prediction of corn yields, it is necessary to
make an early identification of pixels planted with corn on a near real-
time basis every year because corn-planted fields spatially change
from year to year due, in large part, to corn–soybean rotation systems,
which are widely prevalent in most corn-producing states. We focused
our attention on different planting dates between corn (early planting)
and soybean (late planting), and devised a new, simple algorithm to
identify pixels planted with corn in that year from a limited period of
MODIS observations. The newly devised indicator was named the
Corn–Soybean Separation Index (CSSI), which was calculated from
the relative order of MODIS-estimated emergence dates within each
county.

First, a multiyear average distribution of the crop coverage ratio
using the CDL calibration dataset (2008–2011) was made to narrow
down the spatial range of corn or soybean-planted pixels. Pixels
where the total coverage ratio of corn and soybean was more than
95%were defined as “candidate corn pixels”. Second, a unique indicator
named “Corn–Soybean Separation Index (CSSI)”, was devised which
was calculated from the “normalized emergence-date order index
(VEorder)”, and the multiyear average area ratio of corn-planted
area over the total of corn- and soybean-planted area (ARcorn) within
each county. This step separated the candidate corn pixels into two
groups that included early-emergence pixels, which were defined
as target corn pixels, and late-emergence pixels, which were defined
as non-target soybean pixels.

The value ARcorn represents themultiyear average ratio (2008–2011)
between corn and soybean acreage in a given county. A preliminary ref-
erence look up table of ARcorn for each county to take account of the CSSI
was developed because the area ratio between them varied depending
on the county due to regional characteristics. As an extreme example,
an analysis of historic CDL data indicated that corn cultivation was
conducted for 5 consecutive years on 43% of the total acreage in
corn production in Hall County, Nebraska (Boryan, Craig, & Willis,
2009). ARcorn was calculated as:

ARcorn ¼
X

CRcorn=
X

CRcorn þ CRsoybean

� �
ð4Þ

where CRcorn and CRsoybean are coverage ratios of corn and soybean
calculated from CDL within a given county. The value for Σ(CRcorn +
CRsoybean) represents the total coverage ratio of corn and soybean
for 4 years (2008–2011).

The CSSI was calculated from normalized emergence-date order
index (VEorder) and ARcorn (Eq. (5)). The VEorder was defined by the
MODIS-estimated emergence date on a first-come first-served basis. For
example, the VEorder of the earliest, median, and the latest emergence-
date pixels were calculated to be 0.0, 0.5, and 1.0, respectively.

CSSI ¼ VEorder=ARcorn � 100 ð5Þ

where VEorder was a normalized value ranging from 0.0 to 1.0.
The conceptual diagram to distinguish pixels plantedwith corn from

the others based on the CSSI is shown in Fig. 2. The CSSI was calculated
on every candidate corn pixel with respect to each county. The candi-
date corn pixels that had lower CSSIs ranging from 0 to 100 were
expected to be the corn-planted pixels, in theory. In practice, the theo-
retical range (0–100) of CSSI did not yield accurate prediction results.
Hence, the CSSI range of target corn-planted pixels was adjusted by
the empirical determination of lower-limit (CSSI-early) and upper-
limit (CSSI-late) thresholds. The CSSI-early and CSSI-late were tuned
in reference to the impact of these thresholds on the estimation



Fig. 1. Study area location map. The 35 states were divided into two groups. The light-gray shaded states (group A) and the dark-gray shaded states with hatch marks (group B) showed
high and low estimation accuracies for MODIS-estimated county-level corn yield, respectively, in a previous study (Sakamoto et al., 2013).
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accuracy of state-level corn yields and the impact on classification accu-
racy for the calibration dataset (2008–2011) in group-A states (Fig. 1).
During the empirical determination of thresholds, the period of input
for MODIS observations was fixed to the maximum length (i.e., from
DOY 65 to DOY 304) to avoid having to consider another effect that
can be caused by shortness in the input data.
3.5. Early prediction of corn-yield anomaly map based on the percent
change from the multiyear average yield

The normal value of average-year corn grain yield was defined by
averaging 9-year corn yields from 2003 to 2011. The yields for 2002
and 2012 were excluded from the calculations of the average-year
values because both of these years had record-breaking poor harvests
due to drought. The yields for 2000 and 2001 were also excluded be-
cause the model could not predict corn grain yields precisely at both
the national and state levels during these years. This was because
MODIS/Aqua data were unavailable until 2002 and there were many
missing data in the MODIS/Terra dataset during the critical period
surrounding the corn silking stage in 2000 and 2001. The missing
MODIS/Terra data was caused by a long outage for diagnostic purposes
Fig. 2. Conceptual diagram to distinguish pixels planted with corn in that year based on theMO
themultiyear average of the total coverage ratio of corn and soybean,whichwere derived fromC
normalized emergence-date order index (VEorder), which ranged from 0.0 to 1.0 within the candid
(upper-limit threshold) and more than CSSI-early (lower-limit threshold) were identified as corn
from August 5th to August 18th in 2000 and an anomalous power
supply shutdown from June 15th to July 3rd in 2001.

The percentage of change from the normal value for each countywas
calculated to obtain data that could be used as an early warning for poor
or successful harvests. We assumed that counties where the percent
changes were less than −10% were poor-harvest regions and those
counties where the percent changes were higher than +10% were
successful-harvest regions.

4. Results and discussion

4.1. Adjusting CSSI thresholds to identify pixels planted with corn on a near
real-time basis

The root mean square error (RMSE) between the NASS-derived
state-level statistical data and the MODIS-estimated yields before bias
correction (when the lower-limit threshold, CSSI-early, was arbitrarily
changed from 0 to 50 under the condition that the upper limit was
fixed at 100) is shown in Fig. 3A. The estimation accuracy improved
drastically with the increase of the lower-limit threshold (CSSI-early)
from 0 to 20, and it stayed pretty much the same for threshold above
30. Thus, the lower-limit threshold (CSSI-early) was set to 30. Fig. 3B
DIS-estimated crop emergence date. *Candidate corn pixels were preliminarily defined by
DL (2008–2011). **The candidate corn pixelswere sorted in an order corresponding to the
ate pixels for a given county. ***The candidate corn pixels where CSSI was less than CSSI-late
-planted pixels.



Fig. 3. Rootmean square error of state-level corn yield estimations (only group A in Fig. 1) when (A) the upper-limit threshold (CSSI-late)was fixed at 100% and the lower-limit threshold
(CSSI-early)was arbitrarily changed from 0 to 50%, and (B)when the lower-limit threshold (CSSI-early)was fixed at 30% and the upper-limit threshold (CSSI-late)was arbitrarily changed
from 60 to 150%. (C) Classification accuracy ofMODIS-detected corn-planted pixels under the arbitrarily changed upper-limit threshold (CSSI-late). (The lower-limit threshold; CSSI-early
was fixed at 30%).
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shows the RMSE when the upper-limit threshold (CSSI-late) was arbi-
trarily changed from 60 to 150 under the condition that the lower
limit (CSSI-early) was fixed at 30. The results indicated that a higher
upper-limit (CSSI-late) threshold would give better estimation accura-
cy. However, setting the upper-limit threshold (CSSI-late) too high
resulted in a meaningless spatial distribution pattern for pixels planted
with corn. Specifically, the use of a high upper-limit threshold (CSSI-
late) exceeding 100 would mean that the total area of MODIS-
estimated corn-planted pixels would overestimate the multiyear aver-
age normal corn acreage. Therefore, classification accuracy was ensured
by using the whole calibration dataset from 2008 to 2011 under the
same experimental conditions (Fig. 3C). The reference crop maps for
classification assessmentweremade from the CDL. The reference target
corn-planted pixels were defined with reference to coverage ratios of
corn coverage ≥50%, and the non-target pixels were also defined in a
similar manner (corn coverage b50%). The pixels where the CSSI was
less than 30 were not considered in the accuracy assessment. While
the user's accuracy decreased with the increase of the upper-limit
threshold (CSSI-late), the producer's accuracy increased progressively
and became saturated when the upper-limit threshold (CSSI-late)
exceeded 100. The overall accuracy reached its maximum when the
upper-limit threshold (CSSI-late) was 95. Considering the original con-
cept of CSSI (Fig. 2), it is reasonable to set the upper-limit threshold
(CSSI-late) at around 100. Therefore, in this study, we set the upper-
limit threshold (CSSI-late) at 95. Using these thresholds led to the
Fig. 4.MODIS-estimatedmaps of (A) crop emergence day and (B) corn-planted area in thenorth
of crop classification was made from corn and soybean coverage ratios from the NASS-provide
definition of pixels with CSSI ranging from 30 to 95 as the target corn-
planted pixels.

4.2. Effects of methodological improvements

The newly proposed simple crop classification algorithm (Fig. 2)
enabled us to distinguish corn-planted pixels from other land cover
types (Fig. 4). Thus, this approach provided independence from the
typical approach of reliance on additional reference crop maps based
on NASS-cropland data layers (CDL).

A bias correction was employed to improve yield prediction accura-
cies. Before the bias correction at the county level, the RMSE of yield
prediction as of day of year (DOY) 215 were 1.87 t ha−1 in 2002 and
2.09 t ha−1 in 2012 (Fig. 5A). After the bias correction, RMSE decreased
to 1.76 t ha−1 in 2002 and 1.68 t ha−1 in 2012 (Fig. 5B). Similar to the
county-level validation procedures, the state-level prediction RMSE for
2002 and 2012 also decreased from 1.42 t ha−1 and 1.75 t ha−1

(Fig. 5C) to 1.08 t ha−1 and 1.04 t ha−1, respectively (Fig. 5D). The obvi-
ous gaps between MODIS-derived predictions and NASS-derived statis-
tics in yearly data for state-level corn grain yields, especially in non-
major corn-producing states (group B: the states spreading outside of
the U.S. Corn Belt, Fig. 1), revealed in our previous study (Sakamoto
et al., 2013), were bridged by this improvement (Fig. 6). However, the
state-level prediction accuracy for non-major corn-producing states
(B: RMSE = 1.07 t ha−1 as of DOY 215) was still relatively lower than
east regionof Iowa for 2012 as of DOY215 (Fig. 1). (C) The250-m resolution referencemap
d cropland data layer.



Fig. 5. Comparisons betweenNASS-derived statistics andMODIS-predicted corn grain yield as of DOY 215 before (A and C) and after (B andD) bias correction at a state (A and B) or county
(C and D) level.
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that for major-corn producing states (A: RMSE= 0.83 t ha−1 as of DOY
215, Fig. 7).

4.3. Availability of near real-time predictions of U.S. corn yields

The effect of date of prediction on the state-level prediction accuracy
is summarized in Fig. 7. The validation results indicate that the predic-
tion accuracy as of DOY 215 for 35 states (RMSE: 0.95 t ha−1) was
improved when 48 more days of data were considered (RMSE: 0.77
t ha−1 as of DOY 263). Considering the temporal changes in state-
level prediction accuracy for each year, the results suggest that more
accurate predictions of corn grain yield could be produced with longer
inputs of MODIS observations. The state-level prediction accuracy was
improved from the beginning of the season (as of DOY 215), but there
comes a point (around DOY 255–263) where additional data doesn't af-
fect the accuracy of the predictions. This pattern is related to annual and
spatial variations of the corn-silking season that are linked to the onset
of planting, which in turn, is influenced by environmental conditions
such as soil water content and air temperature. Therefore, the dates of
the corn silking stage (Abendroth, 2011) were varied annually (ca.
2 weeks difference between the early year in 2012 and the late year in
2003 at a 50% complete silking stage) and spatially (ca. one month
and half difference between southern and northern states). When fo-
cusing on temporal changes in state-level prediction accuracy for
2012, there was not a drastic change from DOY 215 to DOY 263, likely
because this year had the earliest onset of the corn silking stage over
the past 10 years.

The national-level prediction accuracy remained almost invariable
after DOY 255 (Fig. 8B). Even though the early predictions as of DOY
215 in the drought years 2002 and 2012 were slightly higher (+0.43
t ha−1 in 2002, +0.24 t ha−1 in 2012) than USDA NASS-derived statis-
tical data, these early predictions did provide reasonable evidence that
U.S. corn yields for 2002 and 2012 would be affected by record-
breaking poor harvests at the national level (Fig. 8A).

4.4. Visualization of near real-time yield prediction at a county level

According to visual depictions of corn-yield predictionmaps (Fig. 9),
predictions as of DOY 215 and DOY 263 both roughly corresponded to
the yieldmaps derived from the NASS-statistical data in terms of spatial
features for low-yield (less than 7 t ha−1) and high-yield (higher
than 10 t ha−1) regions. There is a commonly held view that the spatial
variability of potential yield is intrinsically influenced by characteristics
of the local environment such as soil fertility, air temperature, annual
rainfall, and accessibility of irrigation water. In the United States, the
lands best suited to corn production are mainly distributed in the so-
called U.S. Corn Belt and major irrigation regions in the West over the
Ogallala Aquifer, the downstream basin of the Mississippi River, and in
southeastern Georgia. The corn-yield prediction map shared many of
these features in terms of spatial heterogeneity in U.S. corn yields on a
regional scale.

The proposed method is independent on the CDL and enabled us to
make retrospective predictions of county-level corn grain yields. This
was especially important for states with specific years that were not
covered in the CDL. For example, the CDL for 2003 covers only nine
states. Because of the extension in applicable area, it was also possible
to set a standard of normal prediction value for a given date by calculat-
ing themultiyear average of county-level predictions for all parts of the
study area. Therefore, the results from this study reveal spatio-temporal
patterns of corn-yield anomalies in the 35 states from 2000 up to the



Fig. 6.MODIS-derived corn grain yield and NASS-derived statistical data from 2000 to 2013 in 35 states. The plus marks represent earlier predictions as of DOY 215, and the white circles
represent later predictions as of DOY 263.
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present. To focus only on drought-affected areas, multiyear averages of
MODIS-derived predictions from 2003 to 2011were defined as the nor-
mal value, and then visualized as spatial patterns of percent change
from the average crop for each county (Fig. 10). The anomaly computa-
tion canceled out inherent spatial variation of potential corn yield to
reveal the spatial extent of successful- or poor-harvest regions. The
maps identified the successful-harvest regions that were distributed
over the southern half of the study area in 2004, which was the reason
for the second best national-level corn grain yields in the past 13 years
(Fig. 8A). However, infrequent off-target predictions remain; for
Fig. 7. Accuracy assessment of the MODIS-predicted corn grain yield using NASS-derived statis
input period was arbitrarily changed from 144 days (as of DOY 215) to 240 days (as of DOY 31
example, the maps did not identify the poor-harvest region in the
eastern part of North Dakota during 2004 (Fig. 10).

Comparison of the corn-yield predictions and anomaly maps with
NASS-derived statistical data (Figs. 9 and 10) shows that the anomaly
maps for the later dates (DOY 263) were able to better capture the
local features of successful or poor harvests than those of the earlier
dates (DOY 215). For example, in the southern regions of Illinois and
Indiana in 2002, the earlier-predicted corn yields as of DOY 215 were
higher than those for DOY 263 and the values were overestimated
when compared to NASS-derived statistical data. The same situation
tics at the state level for the 7-year validation dataset (2002–2007 and 2012). The MODIS
1).



Fig. 8. Comparison of NASS-derived national-level statistical data with MODIS-derived
corn grain yields. (A) Yield data are area-weighted averages for 35 states as of DOY 215
and DOY 263. (B) Temporal change in the early prediction accuracy for U.S. national
corn grain yield. The prediction accuracies were calculated from the 7-year validation
dataset (2002–2007 and 2012).
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was observed for the western region of Indiana in 2003, the overall
high-yield region of Ohio in 2005, and the high-yield region spreading
over Iowa, Illinois, and Indiana in 2008. Conversely, for the western re-
gion of Tennessee in 2003, the southeastern corner of Nebraska in 2007,
and the overall high-yield regions spreading over Indiana and Ohio in
2009, the earlier-predicted corn yields as of DOY 215 were less than
those for DOY 263; and the values were underestimated when com-
pared to NASS-derived statistical data.

4.5. Early prediction of yield in the drought years of 2002 and 2012

The national-level corn grain yields of 2002 and 2012were drastical-
ly reduced by record-breaking drought impacts (Fig. 8A). Although
there is a margin of error in the MODIS-derived corn yield predictions
for DOY 215, by converting the data to corn-yield anomalymaps spatial
features of poor-harvest regions for 2002 and 2012 were clearly identi-
fied. The results obtained were comparable to anomaly maps derived
from the NASS statistical data (Fig. 10). In regard to drought-affected
regions in 2012, the maps successfully illustrated that the whole area
of the U.S. Corn Belt was affected by the drought and decreases of
more than 10% of the normal corn grain yield were observed, although
good harvests in the southeastern states (Louisiana, Mississippi, Ala-
bama, Georgia, North Carolina, and South Carolina) helped to make up
for the losses in other regions (Fig. 10). On the other hand, the data
show that many corn-producing counties in Iowa and Wisconsin
escaped drought damage in 2002. The northern part of Illinois also
suffered from the 2002 drought, but the effects were less severe than
the damage caused in 2012. A major difference from 2012 was that
the broad drought-affected regions spread from Illinois to the east
coast, and these areas were faced with the most serious damage in
2002 (Fig. 10). Given that the USDA NASS officially releases state-level
quick estimates on the 10–12th of August and county-level statistical
data on the 20th of February of the next year, our system is able to
bring advanced corn-yield predictions at the state or national level on
DOY 215 (August 3rd)which is over aweek before USDANASS's August
report. The biggest advantage for the proposed method is that it is the
sole intelligence source for early detection of spatial features of
successful- and poor-harvest regions at the county level, which would
be half a year in advance of the USDA NASS's official release of county-
level statistical data. Early understanding of spatial pattern of negative
yield anomalies would contribute to a consensus-building on proactive
action against negative impacts on the local economy in terms of
agriculture-related business such as logistic operations, insurance,
fuel-ethanol plants, and tax revenue for local governments due to
poor corn harvests.

4.6. Early prediction for U.S. corn yield in 2013

Because USDANASS's officialfigures of detailedU.S. corn grain yields
are limited to early estimations at the state-level until February of the
next year, there is no way of predicting detailed spatial patterns for
corn-harvest prospects without having corn-yield prediction and
anomaly maps based on MODIS near real-time observations (Figs. 9
and 10). According to the MODIS-derived corn-yield anomaly map as
of DOY 263 in 2013 (Fig. 10), the poor-harvest area was elliptically dis-
tributed in the central region of Iowa, the southeast region of Minneso-
ta, and the western region of Wisconsin. The existence of poor-harvest
areas in Iowa and Wisconsin was confirmed in comparison with the
NASS-derived corn-yield anomaly map. However, the extent of the
poor-harvest areas was overestimated. On the other hand, the method
indicated that the good-harvest areas were broadly distributed, espe-
cially in non-major corn-producing states. The MODIS-derived good-
harvest areas were similar in distribution to those of the NASS-derived
anomaly map except for the evident false predictions of North Carolina,
South Carolina andGeorgia. This result implies that themethod requires
further improvement to be a more reliable yield prediction algorithm.
According to corn-yield prediction results in 2013 as of DOY 263,
the proposed method predicted a national-level U.S. corn yield of 9.59
t ha−1 (Fig. 8), which is 3.8% lower than the final yield of the USDA
NASS (9.97 t ha−1). The earlier prediction made on DOY 215 (9.80
t ha−1) might just be a coincidence, because the next prediction as of
DOY 223 (9.35 t ha−1) was much lower. Considering the delayed
onset of the corn silking stage in 2013, the prediction made on DOY
215 of year 2013 was supposed to possess lower reliability. However,
it was not far off and could at least have been used to relay prospects
that the U.S. corn yield of 2013 would rebound to a more normal
value and avoid a second straight year of reduced national corn yields.

5. Conclusions

This study completed amethod for near real-time yield prediction of
U.S. corn by integrating several findings on crop monitoring via remote
sensing. The method consolidates the crop classification algorithm to
identify pixels plantedwith corn based onMODIS-estimated crop emer-
gence date. It is not totally independent fromancillary data produced by
external organization in the strict sense, because it requires the CDL-
derived base map to distinguish potential corn-planted areas from
non-target land cover as prior information. The development of a data
processing schemeusing time-seriesMODIS data that enables yield pre-
diction model runs independent of the latest update of CDL represents
practical progress towards a near-real time service for overviewing
U.S. corn yield prospect before harvest. Considering that the MODIS-
derived yield predictions are vulnerable to the mixed-pixel effect
because of the coarse spatial resolution (250 m), the proposed method
would have a limited applicability to other regions of the globe unless a
new-generation high-frequency observation satellite equipped with
higher spatial resolution sensor is available. The simple bias-error cor-
rection incorporated in the model may reduce region-dependent yield
prediction errors, especially in non-major corn-producing states includ-
ing major irrigated regions. In addition, retrospective predictions of
county-level corn grain yields from2002 to 2013 verified that themeth-
od is able to accuratelymap spatial features of corn yields in anomalous
regions, such as those in drought-affected counties in 2002 and 2012 in
advance of those provided by the U.S. Department of Agriculture's
National Agricultural Statistics Service (USDA NASS).



Fig. 9. Spatial distribution of corn grain yield derived fromMODIS predictions as of DOY 215 (left figures) and DOY 263 (middle figures). In addition, statistical data from USDA NASS are
presented at the county level (right figures).
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Fig. 9 (continued).
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Fig. 10. Spatial distribution of anomalies for corn grain yield derived fromMODIS predictions as of DOY 215 (left figures) and DOY 263 (middle figures). In addition, statistical data from
USDA NASS are presented at the county level (right figures).
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Fig. 10 (continued).
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