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A crop yield estimation model using time-series MODIS WDRVI was developed. The main feature of the pro-
posed model is the incorporation of crop phenology detection using MODIS data, called the “Shape-Model
Fitting Method”. MODIS WDRVI taken 7–10 days before the corn silking stage had strong linear correlation
with corn final grain yield at both field and regional scales. The model revealed spatial patterns of corn
final grain yield all over the U.S. from 2000 to 2011. State-level corn yield was estimated accurately with
coefficient of variation below 10% especially for the 18 major corn producing states including Iowa, Illinois,
Delaware, Minnesota, Ohio, West Virginia, Wisconsin, Michigan, Indiana, Nebraska, Kentucky, New York,
South Dakota, Missouri, Pennsylvania, Tennessee, New Jersey and Maryland. The results corresponded well
with the spatial pattern of high-yield regions derived from the USDA/NASS data. However, the model tended
to underestimate corn grain yield in three irrigated regions: theMidwestern region depending on the Ogallala
Aquifer, the downstream basin of the Mississippi, and the southwestern region of Georgia. In contrast, it
tended to overestimate corn grain yield around the outlying regions of the U.S. Corn Belt, specifically, the
East Coast, North Dakota, Minnesota, Wisconsin, and Missouri. The estimation accuracy of the proposed
model differed depending on the region. However, the annual variation of state level corn grain yield could
be detected with high accuracy, especially in the major corn producing states.

© 2013 Elsevier Inc. All rights reserved.
1. Introduction

The United States (U.S.) is the world's largest grain exporter. The
total amount of corn exported in 2010/2011 was 45 million tons,
which accounted for 49.2% of the world corn trade for that period
(USDA/FAS, 2012). Thus, estimating grain yield over large areas as
early as possible in the season is essential for not only the U.S. corn pro-
ducers but also decision makers of food importing countries.

Various techniques based on remotely sensed data have been
employed for assessment of crop yield (Bauer, 1975; Nellis et al.,
2009). Idso et al. (1977) used infrared thermometers to observe leaf
temperature during the reproductive stage and then developed the
“stress degree day (SDD)” concept for predicting wheat grain yield.
Since remote sensing based crop phenology detection was an integral
part of the SDD approach, it was suggested that the seasonal profile of
albedo (Idso et al., 1977) and the Simple Ratio (Hatfield, 1983) could
be used for defining the reproductive stage. A wide variety of remote
sensing based indicators were used in a simple regression between
vegetation indices (VIs) and yield. Kogan (1997) developed the
Vegetation Condition Index (VCI) and Temperature Condition Index
rights reserved.
(TCI) for global drought observation using NOAA/AVHRR. Both indices
were found to have a high correlation with yield of corn (Unganai &
Kogan, 1998), soybean (Liu & Kogan, 2002), winter wheat (Salazar
et al., 2007), and cotton (Domenikiotis et al., 2004). Tennakoon et al.
(1992) found a close correlation between four reflectance values of
Landsat/TM bands (blue: 0.45–0.52 μm, red: 0.63–0.69 μm, and short-
wave infrared: 1.55–1.75 μm and 2.08–2.35 μm) at the maturity stage
of rice crop and the actual rice yield in Thailand. Serrano et al. (2000)
found a good linear correlation between the cumulative total value of
the Simple Ratio, taken from close range observations, and winter
wheat yield. Labus et al. (2002) showed a strong relationship between
wheat yield and integrated NDVI over the entire growing season on a
regional and farm level inMontana, U.S. Ferencz et al. (2004) developed
a General Yield Unified Reference Index (GYURI), whichwas the cumu-
lative total value of the greenness (GN: NIR–red) filtered by double
Gaussian curves, for crop yield estimation using NOAA–AVHRR, and
showed a close correlation of GYURI with yields of eight different
crops (corn, wheat, sugar beet, barley, alfalfa, rye, maize for silage, and
pea) in Hungary. In addition, remote sensing derived VIs were often
incorporated with meteorological data and a crop growth simulation
model to obtain a synergistic effect on yield estimation accuracy
(Boken & Shaykewich, 2002; Bouman, 1995; Doraiswamy et al., 2005;
Maas, 1988; Moriondo et al., 2007; Rudorff & Batista, 1991).
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While the final actual yield is considered to be determined by
environmental stress during the reproductive stage (Idso et al.,
1979a, 1979b), the potential amount of photosynthesis during the
reproductive stage is dependent on the green LAI resulting from
crop growth during the vegetative stage, which peaks around the
tasseling stage for corn (Sakamoto et al., 2012). As examples of previ-
ous research of the relationship between VIs and final grain yield,
Chang et al. (2005) found a close linear correlation between two
ratio indices (NIR/red and NIR/green) at the booting stage of rice
crop and the final rice grain yield. Ren et al. (2008) obtained a similar
result, showing that the spatial accumulation of MODIS-NDVI at the
booting–heading stage of winter wheat had the highest correlation
with regional winter wheat production.

With respect to corn grain yield estimation, Guindin-Garcia
(2010) found that green LAI during the mid-grain filling period
(from milk [R3] to dough [R4] stage) is the best predictor of corn final
grain yield and then showed that the MODIS Wide Dynamic Range
Vegetation Index (WDRVI; Gitelson, 2004), taken during the mid-
grain filling period in Nebraska, Iowa, and Illinois, was able to estimate
county-level corn grain yield with high accuracy. Guindin-Garcia
(2010) determined the phenological dates with statistical data pub-
lished in a USDA Crop Progress Report (CPR), which was aggregated
by a sub-state level administrative boundary called the Agricultural
Statistics District (ASD). Although it is necessary to have a clear under-
standing of the spatial heterogeneity of the crop developmental stage
for regional scale crop yield estimation, most states disclosed only
state level data related to the crop developmental stage, with the excep-
tion of Illinois, Iowa, Kansas, andMissouri. Moreover, there are no avail-
able data for crop phenology in New York, New Jersey, Georgia, and
Florida. Therefore, it is difficult to apply Guindin-Garcia's (2010)
approach all over the U.S. when considering the existence of spatial
variation of crop phenology within a state.

A temporal profile technology using multi-date Landsat MSS
greenness data, which is a curve fitting approach, was proposed to
estimate developmental stages of corn (Badhwar & Henderson, 1981)
and soybeans (Henderson & Badhwar, 1984). In addition, it was applied
to classify crop types (e.g., corn, soybean and others) in reference to
parametric characteristics related to morphological and phenological
differences (Badhwar et al., 1982; Hall & Badhwar, 1987). A crop
phenology detection method using time series MODIS data has been
developed recently (Sakamoto et al., 2010); it moved a step closer to
practical use of remote sensing for crop yield estimation. Against this
background, this study aimed to 1) improve Guindin-Garcia's (2010)
approach by incorporating the crop phenology detection method
and 2) explore the potential of MODIS time series data to estimate the
spatial distribution of corn grain yield all over the U.S. for more than a
decade.

2. Study area

Model calibration and validation were conducted on two different
scales. Onewas a field-scale investigation using field experimental data.
The other was a regional-scale investigation using county or state
level agricultural statistics. For thefield-scale investigation, three exper-
imental sites located at the University of Nebraska-Lincoln (UNL)
Agricultural Research and Development Center near Mead, Nebraska,
U.S. (black star on Fig. 1a) were selected. Corn biophysical parameters
and final grain yield have been surveyed there since 2001 as part of
the UNL Carbon Sequestration Program (CSP). While sites 1 and 2
were irrigated by a center pivot irrigation system, site 3 was cultivated
under a rainfed condition (Fig. 2). Site 1 has been continuously planted
in corn since 2001. Sites 2 and 3 have been planted in a corn (odd years)
and soybean (even years) rotation, though corn was grown at site 2 in
2010 as an exceptional case.

For the regional-scale investigation, the 35 states shown in Fig. 1a
were selected for application of MODIS-based corn yield estimation
model to reveal the spatio-temporal pattern of U.S. corn grain yield.
Fig. 1b shows the spatial distribution of corn-cropping intensity on
a county level in 2009. The data were downloaded from a web-
accessible database called “QuickStats 2.0” provided by USDA/NASS.

3. Materials

3.1. MODIS WDRVI

This study used an 8-day time series of 250 m and 500 m MODIS
surface reflectance data obtained by Terra (EOS AM) and Aqua (EOS
PM). The MODIS products are distributed through NASA's Earth
Observing System Data and Information System (EOSDIS). The MODIS
datasets downloaded from EOSDIS were MOD09Q1, MOD09A1,
MYD09Q1, and MYD09A1 (Collection 5, tile: h08v04, h08v05, h09v04,
h08v05, h09v06, h10v04, h10v05, h10v06, h11v04, h11v05, h12v04,
h12v05, and h13v04). The spatial resolutions of the MODIS 250-m
(MOD09Q1, MYD09Q1) and 500-m products (MOD09A1, MYD09A1)
were 231.7 m and 463.3 m, respectively. Themap projection is sinusoi-
dal projection. The red parallelograms in Fig. 2 show the footprints of
MODIS 250 m pixels (sinusoidal projection) over a Landsat5 TM false
color image projected by Universal Transverse Mercator (UTM). The
MODIS 8-day composite products were systematically corrected for
the effects of gaseous and aerosol scattering (Vermote & Vermeulen,
1999), providing the best surface spectral reflectance data for each
8-day period using the constrained view-angle maximum value com-
posite method (Huete et al., 2002). Even with the systematic atmo-
spheric correction, the spectral response of the target MODIS pixel is
susceptible to the mixed-pixel effect due to surrounding land cover
types. This is becausewith increasing sensor view angle the actual foot-
print of each MODIS pixel is larger than that of the nadir view footprint.

Numerical computation using the time series MODIS images
was conducted on a pixel to pixel basis under the original sinusoidal
map projection, and then the calculated results, such as corn silking
date and corn grain yield, were compiled according to administrative
boundary in dBase's underlying file format (dbf). Finally, the results
were visualized by linking the dbf with a polygon data file (shape
file) based on the Federal Information Processing Standard (FIPS)
codes of each administrative territory under geographic projection.

The data layers of 250 m red (Band 1) and near infrared (NIR)
reflectance (Band 2), which were included in the MOD09Q1 and
MYD09Q1 products, were used inWDRVI calculations. The data layers
of 500 m blue (Band 3) reflectance and observation date (day of year,
DOY), which were included in the MOD09A1 and MYD09A1 products,
were resampled from 500 m to 250 m resolution using the nearest
neighbor method. Then they were used as criteria for cloud-cover
pixel and observational date of each composite pixel for time-series
processing called “Shape model fitting”.

TheWDRVI (Gitelson, 2004; Gitelson et al., 2007)was devised to lin-
earize the relationship between green LAI and VI, based on red and NIR
reflectance, using a weighting coefficient (α) in the following equation:

WDRVI ¼ α� ρΝΙR−ρredð Þ= α� ρΝΙR þ ρredð Þ ð1Þ

where ρred and ρNIR are the MODIS surface reflectances in the red
(621–670 nm) and NIR (841–875 nm) bands, respectively. According
to Guindin-Garcia et al. (2012),WDRVI withα=0.1 showed strong lin-
ear correlation with corn green LAI. We, therefore, assigned 0.1 toα for
WDRVI and referred to this proxy of corn green LAI asWDRVI (α=0.1)
in this study.

3.2. NASS-Cropland Data Layer

This study used the NASS Cropland Data Layer (NASS-CDL) for
selection of target corn pixels. The coverage area of NASS-CDL was ex-
panded from 6 states in 2000 to 40 states in 2009 (Fig. 14 a0–a11).



Fig. 1. Map of USA with location of the study states and UNL experimental fields (a). Corn-planted area derived from USDA/NASS in 2009 at a county level (b).
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The spatial resolution of the original products of NASS-CDL varied
from year to year owing to different data sources being used. The
NASS-CDL used as representatives of 8 years (2000–2005, 2010, and
2011) were obtained from Landsat/TM with 30 m resolution. Those
used as representatives of 4 years (2006–2009) were obtained from
Resourcesat-1/AWiFS with 56 m resolution. The map projection
of NASS-CDL was converted from Universal Transverse Mercator to
MODIS sinusoidal projection. The percentage of corn area was calcu-
lated for each MODIS 250 m pixel.

3.3. NASS-Crop progress report

USDA/NASS surveys crop progress and condition based on ques-
tionnaires returned from more than 5000 reporters and publishes
percent complete (area ratio) of crop fields that have either reached
or completed a specific phenological stage, on ASD or state level,
in a weekly report called the Crop Progress Report (NASS-CPR).
Although the state level phenology information is available in
the USDA/NASS Quick Stats 2.0 database with specific keywords
(e.g., “corn-progress, silking, measured in pct”), the data are limited
to 18 major corn producing states. In addition, the database does
not reproduce all records contained in the original NASS-CPR. There-
fore, the unrecorded data were complemented by checking the digital
archive file (pdf or txt format) of state-level weekly reports, although
the available back numbers of state level NASS-CPRs were different
depending on state (e.g., Tennessee released only the past year (2011),
whereas Mississippi released data for nearly a half-century. The last
access date was July 31, 2012). The weekly data of percent complete
(area ratio) were linearly interpolated to calculate the median date of
target phenological stages (emerged, silking, dent, and mature stages),
which was equivalent to the date when the interpolated percent com-
plete reached 50% on a state level. Then, the median phenological
dates of the NASS-CPR were compared with the MODIS-derived esti-
mates to validate the SMF method.



Fig. 2. MODIS-pixel footprints (red parallelograms) over experimental sites (two black circles and one black square) of the Carbon Sequestration Program at the University of
Nebraska-Lincoln's Agricultural Research and Development Center in eastern Nebraska. The background picture is a false color image of Landsat 5 TM acquired on June 30,
2011. Band combination (R:G:B) is band 5:band 4:band 3. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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3.4. Ancillary corn grain yield data

The corn grain yield data were retrieved from the Quick Stats 2.0
database (last access date was May 19, 2012). The keywords selected
as search criteria for the database were “SURVEY” for program,
“CROPS” for sector, “FIELD CROPS” for group, “CORN” for commodity,
“YIELD” for category, “CORN, GRAIN-YIELD, MEASURED IN BU/ACRE”
for data item, and “COUNTY” or “STATE” for geographic level, respec-
tively. The selected data period was from 2000 to 2011. The search
results were exported to a text file in csv format. The text data
were converted to a dbf file with ENVI/IDL (ExelisVIS: Exelis Visual
Information Solutions, Boulder, Colorado, U.S.). Finally, they were spa-
tially visualized with ArcGIS (ESRI: California, U.S.). The unit system
for corn grain yield was converted from “bushel per acre (bu/ac)” to
“ton per hectare (t/ha).”

3.5. Ground based observation data

At the UNL experimental fields (black star in Fig. 1a, black circles
and square in Fig. 2), plant sampling was periodically conducted
to record seasonal changes in the biophysical parameters of corn.
Sites 1 and 2 were severely damaged by a hailstorm on September
13 [DOY: 256] 2010; thus, plant sampling was not conducted during
the reproductive stage after the disaster in 2010. Observations of
the crop phenological stages were conducted by agronomists once
every 3–10 days. This study used the data observed from 2003 to
2011 to verify the accuracy of the SMF method at field scale (note:
the occurrences of corn-R6 stage on site 1 in 2010 and site 2 in
2003 and 2010 were not recorded). Along with the previous studies
(Sakamoto et al., 2010, 2011), this study estimated the crop
developmental stages as target phenological stages on the same
fields. The target crop developmental stages were early vegetative
stage (V2.5) when the second or third leaf is fully expanded, silking
stage (R1), dent stage (R5), and maturity stage (R6).

As for biophysical parameters, sampled leaves were divided into
“green leaves”, comprising all green leaf material from the collar to
the leaf tip of destructive samples, and “dead leaves”, which consist
of greater than 50% necrotic (or entirely yellow) leaf. Then, the
green leaf area (in m2) was measured with a leaf area meter (model
LI-3100, LI-COR: Lincoln, Nebraska, U.S.) to calculate the green leaf
area index (green LAI in m2/m2) from the number of destructive sam-
ples and plant population density (unit: plants/m2). Corn grain yield
was calculated from the total weight of corn grains, which was gath-
ered with a combine harvester for the whole field area, and was
adjusted to 15.5% moisture content by grain moisture of each load
(Verma et al., 2005). The corn grain yield observed in 2010 (site 1:
2.1 t/ha, site 2: 4.7 t/ha) was much lower than for other years (site 1:
10.5–13.5 t/ha, site 2: 12.5–14.2 t/ha, site 3: 7.7–12.0 t/ha) because of
hailstorm damage. Therefore, these outlying observations were not
used for model calibration of field-scale investigations.

4. Shape Model Fitting (SMF) method for detecting corn
phenological stages

In this study, the MODIS-based crop phenology detection method
called “Two-Step Filtering approach for detecting maize phenology”
(TSF method, Sakamoto et al., 2010) was modified. The first modif-
ication was the use of MODIS WDRVI (α=0.1) as a proxy of corn
green LAI, instead of WDRVI (α=0.2), based on the new findings.
Guindin-Garcia et al. (2012) found that MODIS WDRVI (α=0.1)



Fig. 3. Preliminary-defined “shape model” of corn growth based on MODIS WDRVI (α=0.1) (a). Smoothed profiles of WDRVI for the irrigated (b) and rainfed corn fields (c & d)
were derived by shape-model fitting method using 8-day composite MODIS WDRVI (α=0.1) of Terra and Aqua. Three fitting parameters (xscale, yscale and tshift) are used in
geometric transformation to fit the shape model on 8-day composite MODIS WDRVI (α=0.1) observations.
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had a stronger linear relationship with corn green LAI than MODIS
WDRVI (α=0.2). The second modification was omitting the smooth-
ing of input time series VI data based on a wavelet-based filter from
the preprocessing scheme. This was mainly because the wavelet
based filtering algorithm required tremendous computation time
and data storage if calculating all MODIS pixels for a continent
wide area with 250 m resolution over 12 years. The third modifi-
cation was to use both MODIS/Terra and MODIS/Aqua products in
order to increase the observation frequency of the input time
Table 1
Accuracy assessment of the estimated phenological dates based on root mean square
error (RMSE), correlation coefficient (r), and coefficient of variation (CV) when com-
pared with ground-based observations obtained in the UNL experimental fields.

Phenological stage r RMSE (days) CV (%) n

Vegetative stage (V2.5) 0.77 4.5 3.0 20
Silking stage (R1) 0.80 3.2 1.6 20
Dent stage (R5) 0.47 9.0 3.8 20
Mature stage (R6) 0.85 4.7 1.8 17

n is the number of the comparison data.
Fig. 4.MODIS-derived and ground-based observations of corn silking date (R1) planted
on the UNL experimental fields.
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series data. In this study, we call this modified crop phenology de-
tection method the “Shape-Model Fitting method (SMF)” to em-
phasize its main feature (shape-model fitting scheme) and to
distinguish it from the method that used the wavelet based filter.
The calculation procedure of the SMF method is briefly explained
as follows.
4.1. Shape model development

A shape model (Fig. 3a), which represents an abstract pattern of
corn growth in terms of time-series WDRVI (α=0.1), was defined
using the same procedure as in Sakamoto et al. (2010). Firstly, the
shape model was defined by averaging 8 years (2001 to 2008) of
daily smoothed WDRVI (α=0.1) observations from the irrigated
continuous corn field (site 1 in Fig. 2). The relative locations of
the key phenological stages on the shape model were empirically
determined by reference to the ground-based phenology observa-
tions, and the preliminarily defined dates of key phenological stages
Fig. 5. Determination coefficient of the relationship between green LAI and yield (a) and WD
silking dates derived from ground-based observations (dark diamonds) and those estimate
used as time reference numerically defining crop phenological stage for comparison.
were defined (x0:V2.5=DOY 150; x0:R1=DOY 200; x0:R5=DOY 240;
x0:R6=DOY 265).

4.2. Fitting the shape model on observed time series WDRVI (α=0.1)
data and estimating phenological date using scaling parameters

The shapemodelwas geometrically scaled by Eq. (2), and then fitted
on 8 day time series WDRVI (α=0.1) data observed by MODIS/Terra
and MODIS/Aqua (Fig. 3b–d).

h xð Þ ¼ yscale� g xscale� xþ tshiftð Þð Þ þ 0:8f g−0:8 ð2Þ

where the function g(x) refers to the preliminarily defined shapemodel
(Fig. 3a). The function h(x) is transformed from the shapemodel g(x) in
time- and VI-axis directions with the scaling parameters xscale, yscale,
and tshift.

The scaling parameters were automatically optimized by using a
functional subprogram named “CONSTRAINED_MIN” in the commer-
cial programming language Interactive Data Language (IDL: Exelis
RVI (α=0.1) and yield (b) plotted versus days before and after corn silking stage. The
d by the SMF method using time-series MODIS data (white squares) were separately



Fig. 7. Comparison between corn grain yield and smoothed MODIS WDRVI (α=0.1),
observed 10 days before estimated silking date at a field scale.
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Visual Information Solutions, Boulder, Colorado, U.S.). The optimization
criterion was the discrepancy score (DSMODEL) between the rescaled
shape model h(x) and observed time series WDRVI (α=0.1) f(x).

DSMODEL ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

∑
t¼t0 ;t1…tn

f tð Þ−h tð Þð Þ2
s

ð3Þ

where n is the number of available WDRVI (α=0.1) observations of
MODIS/Terra and Aqua, excluding cloud covered pixels, that were de-
fined by a reflectance value greater than 0.2 in the blue band. t is the ac-
tual observation date recorded in the DOY layer of MOD09A1 and
MYD09A1. If the observation dates (ta) of MODIS/Terra and MODIS/
Aqua are coincident in a given 8-day period, the WDRVI (α=0.1)
with a lower reflectance value in blue band is selected as an observed
WDRVI (α=0.1) for that period: f(ta).

The scaling parameters were obtained for each pixel, as shown in
the case examples of irrigated and rainfed fields (Fig. 3b–d). Because
it is possible to reversely duplicate daily smoothed profiles of WDRVI
(α=0.1) by substituting the three scaling parameters (xscale, yscale,
and tshift) into Eq. (2), the SMF method was expected to have the
advantage of saving disk space. If the focus was not on local changes
of time series VI data, it was not necessary to record large volumes
of smoothed VI data on a daily basis.

This study used the rescaled shape model h(x) as daily smoothed
WDRVI (α=0.1), and compared it with green LAI and final corn
grain yield. Finally, the MODIS-based phenological dates were esti-
mated by substituting the optimized scaling parameters and the pre-
liminarily determined dates of key phenological stages (x0:V2.5=DOY
150; x0:R1=DOY 200; x0:R5=DOY 240; x0:R6=DOY 265) into the
following conversion equation.

xest ¼ xscale� x0 þ tshiftð Þ ð4Þ

where xscale and tshift are the scaling parameters derived from the shape
model fitting scheme and xest is an estimate of the key phenological date.

For validation of the SMF-derived key phenological dates on a re-
gional scale, the MODIS 250 m pixels within which corn coverage
area (area ratio) was over 95%were selected for the purpose of compar-
ison with the estimation results of the previous study on an ASD level
(Sakamoto et al., 2011). After estimating each phenological date at
pixel level, state median values were calculated for comparison with
the NASS-CPR derived statistics.
Fig. 6. Green LAI versus MODIS WDRVI (α=0.1), derived from the shape model fitting
method for irrigated and rainfed corn fields.
5. Calibration and validation of corn grain yield estimation model
on a field scale

5.1. MODIS-derived key phenological dates on a field scale

The SMF method was applied to the three MODIS pixels within
each experimental site in Mead, Nebraska (Fig. 2). Then, the estimat-
ed phenological dates were averaged at each site for comparison with
the ground-based phenology observations (Table 1). The SMFmethod
yielded the best result for the R1 stage (RMSE=3.2 days), which
was comparable to the original method (RMSE=2.4 days: Sakamoto
et al., 2010). Coefficient of variation (CV) for R1 stage dates for the
rainfed site (2.3%) was larger than that of the irrigated sites (1.3%).
The SMFmethod was able to estimate the R1 dates for 17 of 20 samples
(85% of all observations)with amargin of±5 days (Fig. 4). Considering
that NASS-CPR, which had been the sole reliable source of phenology
information, represents the overall trend of crop growth status on a
regional scale of ASD or state level, the SMF method did provide high
Fig. 8. MODIS-derived estimates of key phenological dates plotted versus the NASS-CPR
statistics.



Fig. 9. MODIS-derived estimates of corn silking dates (squares) and the statistics (circles) at a state level.
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resolution quantitative information on crop phenological stages with
reasonable accuracy.

5.2. Relationships of final corn grain yield with green LAI and MODIS
WDRVI (α=0.1)

Guindin-Garcia (2010) found that there was a strong correlation
between final corn grain yield and green LAI, especially during the
mid-grain filling period (R3: milk stage to R4: dough stage). Using
the same data source of corn biophysical parameters, but for a longer
observation period (2001–2011), we investigated again the most sen-
sitive phenological stage at which green LAI has the highest linear
correlation with the final corn grain yield. This study defined the
date of corn silking stage (R1) as the origin of the time dimension
when numerically specifying the crop phenological stage. The reason
why the R1 stage was used as the time reference was that the SMF
method is able to estimate R1 dates with the highest accuracy. Firstly,
green LAI observed at irregular time intervals were linearly interpo-
lated to generate time series data of green LAI on a daily basis.
Then, determination coefficients (R2) between corn grain yield and
Fig. 10. Spatial distribution of corn silking dates in 2008 and 2010: the MODIS-derived estim
state level (c, f).
the linearly interpolated green LAI were calculated in time period
20 days before the R1 stage to 40 days after the R1 stage. This study
used both ground-based phenology observations and SMF-estimated
R1 dates for temporal standardization of the phenological stage, and in-
vestigated the effect of the difference in the temporal standardization
on the temporal feature of linear correlation between them.

Using the date of ground-based R1 stage observations (black
diamonds in Fig. 5a), this study reached the same result as Guindin-
Garcia (2010), namely, that green LAI during the reproductive stage
(about 20 days after R1 stage) showed stronger correlation than
that during the vegetative stages (before R1 stage). However, using
the SMF-estimated R1 dates (white squares in Fig. 5a), the temporal
feature of the R2 showed a clear local peak during the vegetative
stage (11 days before R1 stage). The temporal standardization based
on the SMF-estimated R1 dates may have the potential to improve
the performance of a corn grain yield estimation model aimed at
early yield prediction using an indicator observed around the late
vegetative stage.

In Fig. 5b, corn grain yield was compared with linearly-interpolated
MODIS WDRVI (α=0.1). The temporal feature of R2 based on MODIS
ations at county level (a, d) and state level (b, e); the NASS-CPR-derived statistics on a



Fig. 11. Determination coefficient of the linear relationship between county-averaged
MODIS WDRVI (α=0.1) and county-averaged yield observed before and after the
SMF-estimated silking date.
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WDRVI (α=0.1) (Fig. 5b) had similar characteristics to those based on
green LAI (Fig. 5a) during the vegetative stage. The temporal feature,
which was temporally standardized by the SMF-estimated R1 dates
(white squares in Fig. 5b), also showed a local maximum peak at
10 days before the R1 stage that was higher than the peak temporally
standardized by the ground observed R1 dates (black diamonds in
Fig. 5b). Furthermore, the local maximum of R2 between MODIS
WDRVI (α=0.1) and corn grain yield (R2=0.83) was higher than
that based on the ground observed green LAI (R2=0.66). In addition,
it was found that MODIS WDRVI (α=0.1), observed during the
Fig. 12. Model calibration for regional scale. Corn grain yield at county level in 2009 and 2
reproductive stage (after the R1 stage) had a lower correlation with
the corn grain yield than that during the vegetative stage regardless of
the time reference (Fig. 5b). This temporal feature was in contrast to
the case using the linearly interpolated green LAI as an explanatory var-
iable. This is probably because the sensitivity of MODIS WDRVI (α=
0.1) to green LAI is different before and after the R1 stage owing to a
morphological change in the crop community (leaf angle distribution,
leaf chlorophyll content, leaf necrosis, and so on). In addition, a probable
cause of the reduced sensitivity after the R1 stage is the difference in
plant population density between the irrigated and rainfed fields. The
rainfed corn was always planted with a lower plant population density
(5.02–6.05 plants/m2) than the irrigated fields (6.92–8.25 plants/m2).
The difference in plant population density and water stress may create
a difference in overlapping leaf area between the irrigated field and the
rainfed field, especially when the vegetation fraction reaches its maxi-
mum; accordingly, the slope of the linear best fit function of the rela-
tionship between MODIS WDRVI (α=0.1) and green LAI in the
rainfed field was lower than that in the irrigated field (Fig. 6). Thus,
for the same green LAI, WDRVI (α=0.1) was higher in rainfed fields
than in irrigated fields, indicating greater absorption ability of rainfed
corn planted sparsely.

The saw tooth profiles observed in Fig. 5b were assumed to be due
to various noises such as cloud cover and mixed pixel effects, which
cannot be absolutely excluded in 8-day MODIS composite products.
Therefore, this study used the smoothedMODISWDRVI (α=0.1), de-
rived from the SMFmethod, to reduce the effect of these noises on the
estimation of final corn grain yield in the proposed model. Consider-
ing the temporal features observed in Fig. 5b, this study defined
smoothed MODIS WDRVI (α=0.1) observed before the SMF derived
R1 stage as an explanatory variable for the MODIS-based yield esti-
mation model. Fig. 7 shows high performance of the field scale yield
estimation model, which was able to estimate the corn grain yield
with RMSE=0.81 t/ha, coefficient of variation, CV=6.8%, and mean
010 plotted versus WDRVI (α=0.1) at 7 days before MODIS-estimated silking stage.



Fig. 13. Model validation at regional scale. WDRVI (α=0.1) taken 7 days before MODIS-estimated silking stage versus corn grain yield observed at county level in 2008 and 2011.
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normalized bias, MNB=+0.5%; exceptions are the two crops that
were damaged by the local hailstorm in 2010 (× marks in Fig. 7).

As amatter of course, we considered it difficult to assess harvest fail-
ure caused by meteorological disasters or pest and insect damage dur-
ing the reproductive stage. It was also noticed that the model had a
good linear relationship with rainfed corn grain yield, although all
rainfed data points were distributed under the approximate line on
the scatter diagram (gray diamonds in Fig. 7). Given that crop cultiva-
tion method was not considered in the corn yield estimation model,
the lower plant population density of the rainfed field may be related
to this distribution, which may cause a bias error when directly apply-
ing this field scale yield estimation model to a wide region.

6. Model for estimating corn grain yield at regional scale

6.1. Validation of the SMF-derived key phenological dates on a regional
scale

The SMF method gave the best performance for detecting the R1
stage with the lowest RMSE when scaling up the study area from
field to state level (Fig. 8), which was comparable to the previous
studies detecting ASD-level phenological stages (Sakamoto et al.,
2010, 2011). Fig. 9 shows comparison of the median dates of the
corn R1 stage estimated by SMF and the NASS-CPR derived statistics.
The estimation accuracy (RMSE) varied from state to state. The annu-
al variations of the SMF-estimated phenological dates matched well
with those of NASS-CPR derived statistics, except for several states.
However, the results indicated the existence of a certain bias error
in the SMF derived estimates, especially for Wisconsin, Kentucky,
South Dakota, North Dakota, Minnesota, Iowa, Wyoming, West Virginia,
and Virginia.
Although the SMF-derived estimates were affected by a mixed-
pixel effect caused by the spatial pattern of cropping intensity, there
is also another possibility that the NASS-CPR includes some bias
error. Sakamoto et al. (2011) conducted a detailed validation of the
MODIS derived estimate on an ASD level and then suggested the pos-
sibility that the bias errors (ca. +5 days) were included in the NASS
derived R1 stage in Iowa, but not Illinois. County median dates of
the SMF-estimated R1 stage were also calculated to visualize the
detailed spatial distribution of corn phenology all over the U.S.
Fig. 10a–f panels are clear examples of a late planting year (2008)
and an early planting year (2010), respectively. The continuous spa-
tial variations of crop phenology are much easier to understand
from the SMF-derived phenology maps (Fig. 10a, d) than the
NASS-CPR derived statistics (Fig. 10c, f). The spatio-temporal features
of the R1 stage were considered to reflect differences in planting
season. The county-level phenology maps suggested that the corn
R1 stage began in the southern states with warm climate, spreading
to the northwest states with cold climate. Several counties with
anomalous values of the R1 stage were located inWyoming, Colorado,
NewMexico, and Texas (Fig. 10a, d), which are outlying regions of the
U.S. Corn Belt. The mixed-pixel effect due to a limited number of
available corn pixels was cited as a possible cause of the anomalous
values on the county-level phenology maps.

6.2. Calibration and validation of corn grain yield estimation model for a
regional scale

The MODIS data and the USDA/NASS county-level statistics,
obtained from 2009 and 2010 were used for model calibration. The
target MODIS 250 m pixels were selected by an area ratio threshold
of 95% (i.e., over 95% of a 250 m pixel's area was occupied by corn).



Table 2
Accuracy assessment of the MODIS-estimated corn grain yield against NASS derived
statistics of 2008 and 2011 on a county level. The states were rearranged in ascending
order of CV to form two groups (A: good estimation performance, and B: poor estima-
tion performance) for Fig. 15.

State CV (%) RMSE (days) n Group

Iowa 6.3 0.65 198 A
Illinois 7.0 0.71 195
Delaware 9.1 0.69 6
Minnesota 10.1 0.96 143
Ohio 10.8 0.97 149
West Virginia 12.5 0.99 15
Wisconsin 12.7 1.10 121
Michigan 12.8 1.06 114
Indiana 12.8 1.17 173
Nebraska 13.5 1.33 172
Kentucky 16.4 1.33 138
New York 16.9 1.41 80
South Dakota 18.1 1.36 115
Missouri 20.4 1.59 151
Pennsylvania 21.3 1.56 90
Tennessee 21.5 1.61 91
New Jersey 23.5 1.71 24
Maryland 24.0 1.72 38
——————————————————————————————————————————————

Mississippi 24.8 1.88 61 B
Alabama 24.9 1.64 38
North Dakota 27.4 1.69 83
Louisiana 27.7 2.30 35
Wyoming 31.0 2.62 11
Arkansas 31.9 2.91 54
North Carolina 32.3 1.80 131
Montana 32.9 2.97 9
Kansas 33.5 2.21 137
Virginia 37.0 2.41 84
Georgia 42.3 3.71 81
Colorado 43.2 3.46 39
Texas 48.9 2.68 107
Oklahoma 51.4 2.51 35
New Mexico 52.7 5.53 3
South Carolina 54.7 2.18 53
Florida – – –
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The area ratio threshold of 95% was empirically determined to limit
the influence of the mixed-pixel effect on area averaged WDRVI
(α=0.1) with due consideration to the available MODIS pixel count
in a region that is not heavily cultivated with corn. Fig. 11 shows
the temporal features of the determination coefficient of the linear re-
lationship between the county-level corn grain yield and the county
averaged MODIS WDRVI (α=0.1), observed on a given day before
and after the SMF-estimated R1 dates. It was found that there was a
small peak of sensitivity around 7 days before the MODIS-estimated
R1 stage, as was found at the field scale investigation. In addition,
there was also a higher R2 peak during the reproductive stage
(around 31 days after the MODIS-estimated R1 stage).

The determination coefficient on a county level during vegetative
stage was much lower (R2=0.445) than that obtained in the investi-
gation at a field scale (R2=0.790, Fig. 7). This was because many out-
liers were included in the scatter plot made from the calibration
dataset (Fig. 12), which perturbed the determination coefficient
when making a linear approximate equation. Therefore, the corn
yield estimation model was calibrated through the following steps.
Firstly, the timing of the MODIS WDRVI (α=0.1) used as an explan-
atory variable was fixed at 7 days before the SMF-estimated R1 dates.
Secondly, 10% of data plots (black asterisks in Fig. 12) were subjec-
tively identified as outliers and automatically removed from the cali-
bration dataset. As shown in the residual histogram (Fig. 12), the
outliers potentially cause gross estimation errors of more than −20%
Fig. 14. Maps of the MODIS-estimated corn grain yield (a0–a11) and the NASS-derived
overestimated more than 1.0 t/ha or underestimated less than 1.0 t/ha, were also colored
this figure legend, the reader is referred to the web version of this article.)
or +30%. Finally, the following corn yield estimation model was de-
termined by least square linear regression using the remaining 90%
of data plots (gray squares in Fig. 12).

Yield t=hað Þ ¼ 14:925
�MODISWDRVI α ¼ 0:1; at 7 days before R1 stageð Þ
þ 7:6498:

ð5Þ

The established regional scale yield estimation model (Eq. (5))
was applied for the validation dataset of MODIS observed in 2008
and 2011. Fig. 13 shows the comparisons between the MODIS-
estimated corn grain yields and the statistics of USDA/NASS on a
county level. The performance of the regional scale corn grain yield
estimation model (RMSE: 1.7 t/ha, CV: 21.1%, MNB: +4.7%) was not
as good as that obtained at the field scale (RMSE: 0.81 t/ha, CV:
6.8%, MNB: +0.5% in Fig. 7). The degradation of model performance
at the regional scale was thought to be caused by the influence of
mixed-pixel effects on the MODIS VI values. As will hereafter be de-
scribed in detail, we did not expect the same level of accuracy for
every county in the US, because the degree of the mixed-pixel effect
may be affected by cropping intensity depending on location.
According to the accuracy assessment for individual states, the esti-
mation accuracy based on the coefficient of variance (CV) varied
from 6.3% in Iowa to 54.7% in South Carolina (Table 2).

6.3. Spatio-temporal pattern of corn grain yield in the US

The MODIS-derived estimates (Fig. 14a) and the USDA/NASS de-
rived statistics (Fig. 14b) were visualized to examine the yearly
changes in spatial distribution of corn grain yield from 2000 to
2011. The reason why the MODIS-estimated spatial coverage was
constrained from 2000 to 2007 is that the spatial coverage of the
NASS-CDL data varied from year to year. The differences between
them were also mapped to investigate the regional estimation error
(Fig. 14c). The MODIS-derived estimates of spatial distribution were
in excellent agreement with the USDA/NASS derived statistics, espe-
cially for high yield regions (more than 10 t/ha) in the U.S. Corn
Belt extending over Minnesota, Michigan, Iowa, Indiana, Iowa, and
Ohio. In addition, the regional scale yield estimation model was able
to detect several isolated areas of poor yield, which included the
southern and eastern regions of Indiana, the southeastern corner of
Nebraska, the southern region of Illinois in 2002 (Fig. 14 a2 & b2),
the southern region of Illinois in 2003 (Fig. 14 a3 & b3), the southern
region of Illinois in 2007 (Fig. 14 a7 & b7), and the southern region of
Iowa in 2010 (Fig. 14 a10 & b10).

As for the disagreement, the counties in which the corn yield
was underestimated (sky blue/blue counties in Fig. 14c: more than
1.0 t/ha error) were intensively distributed around the following
three regions in any given year. The first region was located in the
High Plains, where the Ogallala Aquifer lies beneath portions of South
Dakota, eastern Wyoming, Nebraska, eastern Colorado, Kansas, New
Mexico, Oklahoma, and Texas (Wichelns, 2010). The underestimated
counties in western Wyoming, Montana, and western Colorado are not
above the Ogallala Aquifer; however, according to the high-resolution
map of original NASS-CDL, most of the corn-cropped fields in western
Wyoming and Montana are sparsely-distributed along branches of the
Missouri River, and are probably irrigated by river water in these
areas. The second region was located in the lower Mississippi river
basin, especially along adjacent territories of Arkansas, Louisiana,
Tennessee, and Mississippi. The third region was the southwestern
region of Georgia. All three regions are widely known as well irrigated
corn grain yield (b0–b11) at county level. The counties where corn grain yield was
with the same scale map (c0–c11). (For interpretation of the references to color in
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Fig. 14. (continued).
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agricultural regions that take advantage of a major water resource.
These locations agreed well with the MODIS-derived irrigation map
made by Ozdogan and Gutman (2008). On the other hand, the counties
for which the corn yield was overestimated (pink–red counties in
Fig. 14c: more than 1.0 t/ha error) were located mainly in the states
on the East Coast, North Dakota, Minnesota, Wisconsin, and Missouri.
A possible reason of the underestimation and overestimation of corn
grain yield is the mixed-pixel effect caused by surrounding land cover
and land use, especially in regionswhere cornfields are sparsely distrib-
uted.When it comes to underestimation, mostly observed inmajor irri-
gated regions, MODIS pixels of irrigated corn fields, which cover a
high-density plant community but also include the influence of sur-
rounding non-irrigated fields or grassland owing to a variable footprint
size caused by sensor view angle, are susceptible to the mixed-pixel ef-
fect resulting in lower MODIS WDRVI (α=0.1). In contrast, if target
MODIS pixels of rainfed corn are surrounded by natural vegetation,
such as forest, in a region of high rainfall, the mixed-pixel effect has
the potential to increase the MODIS WDRVI (α=0.1) of the target
pixels. There was another possible reason relating to a difference in
plant population density. Some sites in western Nebraska have plant
populations much lower than 30,000 plants/ha. According to the crop
production report of USDA/NASS released on November 9, 2011, there
was great variability in corn plant population, which ranged from
53,100 plants/ha in Kansas to 76,200 plants/ha in Iowa. As described
in Section 5.2, a low plant population has the potential to cause bias
error in the MODIS-based corn yield estimation model (Fig. 7).

6.4. Scaling up from field level to state level to validate yearly changes in
yield estimations

The MODIS-derived yield estimates were scaled up from field level
to state level to confirm the model applicability for state level yield
estimation, which was calculated by a buildup approach from pixels
to state wide regions. The MODIS-estimated corn grain yields were
compared with the NASS derived statistics from 2000 to 2011 at
state level (Fig. 15). Because the MODIS-estimated corn grain yield
had a large margin of error depending on the location, the 35 states
were divided into two groups (group A: high estimation accuracy;
group B: low estimation accuracy) on the basis of the county level
validation result (Table 2). As far as the 18 states of group A were
Fig. 15. Corn grain yield predicted by MODIS and the yield derived from NASS data
from 2000 to 2011 at state level. The 35 states were divided into two groups on the
basis of estimation accuracy obtained at the county-level model validation (Table 2
shows the grouping in detail).
concerned, the model could estimate state level corn grain yields
with high accuracy (RMSE=0.81 t/ha) over a wide range (approx.
6–11.5 t/ha). In contrast, the MODIS-estimated corn grain yield
tended to be underestimated in the other 17 states of group B with
an RMSE=2.09 t/ha.

Fig. 16 shows the yearly comparison of the state level corn
grain yield between the MODIS-derived estimates and the USDA/
NASS-derived statistics. Although the available data periods were
different from state to state, the MODIS-estimated corn grain yields
were in excellent agreement with the USDA/NASS derived statistics
in terms of annual variation, especially in the top corn producing states,
consisting of the U.S. Corn Belt (South Dakota, Nebraska, Minnesota,
Iowa, Missouri, Illinois, Kentucky, Michigan, Indiana, and Ohio). The
model performed best in South Dakota in spite of underestimations ob-
served in the western regions (Fig. 14c). This was because most corn
planted fields were heavily concentrated in the eastern regions
(Fig. 1b). Consequently, the negative error observed in the western
regions had less impact on the state level grain yield in South Dakota.
In the case of Nebraska, the state level corn yields were continuously
underestimated after 2006 (Fig. 16). This bias error may be caused by
expansion of irrigated corn fields in central and eastern Nebraska,
where the yield estimation error was less than −1.0 t/ha in most
counties (Fig. 14c). The 5 year average of irrigated corn area increased
from 1,135,000 ha (2002–2006) to 1,267,000 ha (2007–2011) in this
region (codes of Agricultural Statistics Districts: 10, 20, 50, 70, and
80). Considering the coarse spatial resolution of MODIS (250 m/pixel
at nadir), the degradation of estimation accuracy caused by the
mixed-pixel effect would be unavoidable, especially outside the Corn
Belt, where corn fields are sparsely distributed. Even though the
model could not estimate the absolute level of state level corn yield
with enough accuracy for practical use, the MODIS-estimated yields
were comparable in variation pattern to the NASS derived statistics in
several states including Colorado, Texas, Kansas, Oklahoma, Louisiana,
West Virginia, Virginia, South Carolina, New Jersey, and Florida. This
result implies that there is still plenty of potential for bias correction
to expand the applicable coverage of theMODIS-based yield estimation
model.

7. Discussion and conclusion

This study developed a model for corn grain yield estimation
based on MODIS WDRVI (α=0.1). The main feature of this model
was the incorporation of a MODIS-based crop phenology detection
method called the “Shape Model Fitting method (SMF).” The SMF
method was able to reveal the detailed spatio-temporal distribution
of corn silking stages all over the U.S. By comparing the results with
statistical data from NASS-CPR on a state level, it was verified that
the SMF method was able to detect the median dates of key pheno-
logical stages from time series MODIS WDRVI (α=0.1) observations
with high accuracy. NASS-CPR was unable to explain county level
crop phenology because of its coarse statistical unit (ASD or state
level). That is to say, there were few sources of information providing
the spatio-temporal pattern of crop phenology with high resolution.
Therefore, the establishment of a crop phenology detection method
represented a momentous step in the development of a satellite
based crop yield estimation model. Thus, this study integrated the
SMF method with the approach of yield estimation using WDRVI
(Guindin-Garcia, 2010) to obtain a yield estimation model. It was
found that the smoothed MODIS WDRVI (α=0.1), observed at
7–10 days before the MODIS derived silking stage, showed the best
correlation with the final corn grain yield at multiple scales from
field to county level. As a result of the spatial comparison in corn
grain yield, it was also found that the MODIS derived estimates
showed the same spatial pattern of high yield regions (more than
10 t/ha) as the USDA/NASS derived statistics from 2000 to 2011.
However, the model tended to underestimate the corn grain yield in



Fig. 16. MODIS-estimated and NASS-derived corn grain yield from 2000 to 2011 in 35 states.
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three major irrigated regions, which were the Midwestern region fed
by the Ogallala Aquifer, the downstream basin of the Mississippi, and
the southwestern region of Georgia. In addition, the model also
tended to overestimate the corn grain yield around the outlying
regions of the U.S. Corn Belt, including the East Coast, North Dakota,
Minnesota, Wisconsin, and Missouri. The MODIS-based corn yield
estimation model was subject to, probably unavoidable, error caused
by the mixed-pixel effect in half of the states studied. Moreover, there
remain many other tasks to be solved in order to establish an early
prediction model of corn grain yield that could predict final corn
grain yield at the midterm crop growing period without relying on
the release date of NASS-CDL. However, this study confirmed that
the MODIS WDRVI (α=0.1) based model can predict the annual var-
iation of state level corn grain yield with high accuracy in the major
corn producing states (South Dakota, Iowa, Illinois, Indiana, Ohio
Michigan, and Nebraska).
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