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Abstract

On the one hand, recent advances in satellite imagery and remote sensing allow

one to easily follow in near-real time the crop conditions all around the world. On

the other hand, it has been shown that governmental agricultural reports contain

useful news for the commodities market, whose participants react to this valuable

information. In this paper, we investigate wether one can forecast some of the

newsworthy information contained in the USDA reports through satellite data. We

focus on the corn futures market over the period 2000-2016. We �rst check the well-

documented presence of market reactions to the release of the monthly WASDE

reports through statistical tests. Then we investigate the informational value of

early yield estimates published in these governmental reports. Finally, we propose

an econometric model based on MODIS NDVI time series to forecast this valuable

information. Results show that market rationally reacts to the NASS early yield

forecasts. Moreover, the modeled NDVI-based information is signi�cantly correlated

with the market reactions. To conclude, we propose some ways of improvement to

be considered for a practical implementation.

Keywords: Commodities market; Corn; Market information; MODIS; NDVI; USDA

reports.

*Email: pierrick.piette@gmail.com.

mailto:pierrick.piette@gmail.com


1 Introduction

The value of public information in agricultural commodity markets has been a topic of
great attention for many years in the literature (e.g., Summer and Mueller, 1989; Garcia
et al., 1997; Isengildina-Massa et al., 2008; Dorfman and Karali, 2015; Gouel, 2018).
More recently, with the improvement of data access and the emergence of the Big Data

era, the interest in this subject has enhanced, especially on the possible declining value
of USDA reports (Karali et al., 2019; Tack et al., 2017; Ying et al., 2017). Indeed, the
recent advances in satellite data and remote sensing allow one to easily follow in near-real
time the crop progress all over the world thanks to weather data or vegetation index (e.g.,
Prasad et al., 2006; Mkhabela et al., 2011). Nevertheless, untill now, studies show that
USDA reports still have a signi�cant impact on the commodities market. The purpose
of this paper is to provide evidences that some valuable information contained in the
governmental reports can be forecasted by using satellite data. Our regression analysis
shows signi�cant correlation between our satellite data-based forecasted information and
the corn futures market reactions to the report releases. We also suggest some needed
enhancements of our methodology for a practical application.

The monthly World Agricultural Supply and Demand Estimates (WASDE) report,
provided by the United States Department of Agriculture (USDA), together with, for
some speci�c months, the National Agricultural Statistics Service (NASS) Crop Produc-
tion report, are the most valuable public sources of information for the U.S. commodities
market. An extensive literature already examines the impact of these governmental report
releases on the commodities market.

Summer and Mueller (1989) were the �rst to use an event-study framework to explore
the impact of USDA reports on corn and soybean future prices over the period 1961-1982.
They conclude that the information included in the governmental forecasts are considered
as new and reliable by the market participants, since the changes in prices on days just
following the publication are signi�cantly higher than on other days. Isengildina-Massa
et al. (2008) �nd consistent results by testing di�erences in variance of �nancial returns
over the period 1985-2006 for the same commodities. Other similar studies have been
conducted, and a large majority of them conclude on the fact that the commodities market
is signi�cantly impacted by the WASDE report releases (Garcia et al., 1997; Irwin et al.,
2001; McKenzie, 2008).

On the contrary to the previous investigations, which rely on statistical tests such
as F or Chi-squared test, other studies base their analysis on a regression model. Thus,
Fortenbery and Sumner (1993) regress the changes in prices on, amongst other, a zero-one
dummy variable for report dates. Lehecka (2014) quanti�es the futures price reaction by
using the crop condition information included in the weekly Crop Progress reports over
the period 1986-2012. The author regresses the close-to-open return on the change in the
percentages of the crop in excellent and good condition. The results highlight a signi�cant
and negative in�uence of the crop condition improvement on the prices change, which is
a rational outcome in respect with the supply and demand theory.

More recently, other concerns have been raised with the signi�cant increase of available
information from multiple sources and the essor of Big Data. Intuitively, the augmen-
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tation of existing data sources should lower the impact of the USDA reports on the
commodities market. However, Karali et al. (2019) and Ying et al. (2017) examine this
hypothesis and conclude that the e�ects are not decreasing. Furthermore, it even seems
that the informational value of some reports tends to enhance. Alternatively, Milacek
and Brorsen (2017), based on the assumption that a private �rm would have developed
a WASDE reports forecasting model for trading purpose, determine the informational
value of this latter. Abbott et al. (2016) also quantify the value of corn information
contained in the WASDE reports to $301 million, and, in particular, assess the corn yield
information to $188 million.

One of the data sources that private �rms might use to forecast the USDA reports is
satellite imagery. In this paper we focus on a speci�c vegetation index: the Normalized
Di�erence Vegetation Index (NDVI), which is a re�ectance index. Colwell (1956) was
the �rst to explore the detection of crops healthiness by aerial infrared photographs.
Kumar and Silva (1973) study into details the link between one crop re�ectance and
its chlorophyll activity. Indeed, they remark a speci�c signature in the near-infrared.
Introduced by Rouse et al. (1974), the NDVI is nowadays one of the most used and
studied vegetation index and is de�ned as follows

NDV I �
RNIR �RR

RNIR �RR

, (1.1)

where RNIR and RR are the re�ectance in the near-infrared and in red, respectively.
Thus, a dense tropical forest NDVI value is positive from 0.6 to 0.8, while the bare soil
leads to lower value around 0.1, and rock or snow have negative NDVI values.

The NDVI is widely used in agricultural remote sensing, and more speci�cally in
crop yield forecasting. Many forecasting models have been developed based on simple
linear regression, in particular for corn (Prasad et al., 2006), soybeans (Ma et al., 2001)
and wheat (Mkhabela et al., 2011). Other more sophisticated algorithms have also been
applied, such as Li et al. (2007) who use neural networks. Di�erent variables, derived from
the NDVI time series, can be used for yield forecasting. Thus, Mkhabela et al. (2011)
estimate crop yield thanks to the mean NDVI value over the growth period, while Zhang
et al. (2012) split the series into two distinct periods: from re-greening to heading and from
heading to maturity. Numerous models exist due the speci�cities of each research project.
Indeed, studies have been conducted in many countries such as, for examples, Zimbabwe
(Svotwa et al., 2014), Hungary (Ferencz et al., 2004), China (Ren et al., 2008) or the U.S.
(Prasad et al., 2006; Becker-Reshef et al., 2010a). Di�erent data sources can be used,
like the Advanced Very High Resolution Radiometer (AVHRR) (Rasmussen, 1997), the
Moderate Resolution Imaging Spectroradiometer (MODIS) (Doraiswamy et al., 2005), or
Sentinel-2 (Skakun et al., 2017a). Applications cover a large number of crop types (corn,
soybeans, wheat, barley, rice, tobacco, potato, sugarcane, etc.). Furthermore, in some
studies, authors associate NDVI with weather data, like rainfall estimates and humidity
index (Prasad et al., 2006), to improve the forecasting model accuracy. In general, these
studies conclude to a high and signi�cant correlation between NDVI and crop yield, with
a R2 regularly up to 0.9.

More recently, with the improvement of satellite data resolution, more sophisticated
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remote sensing studies have emerged. Thus, Pervez and Brown (2010) manage to deter-
mine if a land is irrigated or not with an accuracy of 92% in California, while Peterson
et al. (2011) detect the irrigation for di�erent crops in Kansas with an accuracy of 88%.
Beyond irrigation detection, crop mapping studies have gained even more interests (e.g.,
Wardlow and Egbert, 2008; Wardlow and Egbert, 2010; Skakun et al., 2017b; Gao et al.,
2017; Zhong et al., 2019). The development of such maps is useful since it signi�cantly
improve the crop yield forecasting models (Maselli and Rembold, 2001; Kastens et al.,
2005).

In this paper, we investigate wether one can forecast some of the valuable information
from the USDA reports through satellite open-access data. We focus on the corn yield
early estimates information from the NASS reports of August, September and October
over the period 2000-2016, by observing the reaction of the corn futures with a maturity
in December. The chosen satellite data is the NDVI values derived from MODIS abroad
the NASA's satellites Terra and Aqua.

First, we test, on the data we base our study on, that the commodity market rationally
reacts to the early yield estimates from the NASS reports. To do so, we follow the
general econometric methodology of Lehecka (2014) to model the valuable information
contained in the USDA announcements. Then, during the growing season, we use the
MODIS NDVI data to forecast the corn yield through linear regression models, trained
on the �nal crop yields. Finally, we focus on three speci�c NDVI-based estimates, which
are the ones obtained around two weeks before the publication of the WASDE report,
therefore forecasting the valuable information contained in the next governmental report.
Following again the methodology of Lehecka (2014), we test the correlation between our
NDVI-based forecasts of valuable information and the commodity market reactions.

Our �ndings show signi�cant and rational correlations between our modeled informa-
tion contained in the reports and the �nancial returns of corn futures. This result is in
accordance with the exisiting literature (Irwin et al., 2001; Lehecka, 2014). Moreover,
the correlation between the �nancial returns and our NDVI-based forecasted informa-
tion is also signi�cant and in line with the supply and demand theory. Since the NDVI
data needed is available, at least, one week before USDA announcements, it highlights
the possibility of knowing in advance some of the valuable information contained in the
reports.

The remainder of this paper is organized as follows. In Section 2 we describe the data
we base our study on. The methodology we apply is de�ned in Section 3. We present the
results that we obtained in Section 4. Furthermore, Section 5 considers future possible
improvements of the current work for a practical implementation. Finally, Section 6
concludes.
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2 Data

2.1 NDVI Data

In this study, we use the MODIS NDVI data, available in open facilitated access thanks to
the Global Agriculture Monitoring Project (Becker-Reshef et al., 2010b) initiated between
the NASA, the University of Maryland and the USDA Foreign Agriculture Service (FAS).
The geographic resolution is of 250 meters and the temporal one is 16 days (MOD44
16-days product). Thus, every 16 days, we obtain a mean image of the period. This
methodology is due to the fact that NDVI is a re�ectance index, and is therefore sensitive
to weather conditions such as clouds when estimated from satellite (Whitcraft et al.,
2015). The release of these images is done at a constant pace in the year (cf. Table 1). We
also apply the standard water and crop mask (MOD 12) to focus on the crop conditions.
MODIS data are available since February 2000.

Table 1: NDVI image periods and corresponding calendar dates.

Period Starting Date Ending Date

1 01 Jan. 16 Jan.

2 17 Jan. 01 Feb.

3 01 Feb. 17 Feb.

4 18 Feb. 05 Mar.

5 06 Mar. 21 Mar.

6 22 Mar. 06 Apr.

7 07 Apr. 22 Apr.

8 23 Apr. 08 May

9 09 May 24 May

10 25 May 09 Jun.

11 10 Jun. 25 Jun.

12 26 Jun. 11 Jul.

13 12 Jul. 27 Jul.

14 28 Jul. 12 Aug.

15 13 Aug. 28 Aug.

16 29 Aug. 13 Sep.

17 14 Sep. 29 Sep.

18 30 Sep. 15 Oct.

19 16 Oct. 31 Oct.

20 01 Nov. 16 Nov.

21 17 Nov. 02 Dec.

22 03 Dec. 18 Dec.

23 19 Dec. 03 Jan.
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2.2 Futures Data

On the contrary to Irwin et al. (2001) and Isengildina-Massa et al. (2008), we don't
explore the market reaction through the futures whose maturity are the closest to the
session of interest. We rather base our study on the corn futures with the December
maturity of the very year. Since our results may be useful for the agricultural insurance
companies' risk management, we focus on the price at risk for the revenue protection
products, which is the new-crop harvest price, i.e., December for corn in the U.S.

2.3 Crop yield estimates

Finally, to model the valuable information contained in the NASS reports, we use the
early corn yield estimates of 10 states from the Corn Belt, namely Illinois, Indiana, Iowa,
Kansas, Michigan, Minnesota, Nebraska, Ohio, South Dakota and Wisconsin. Indeed,
these states represent between 82 and 85% of the corn production in the United States.
More particulary, we explore the market reaction to the release of August, September
and October yield estimates over the period 2000-2016.

In order to train our NDVI-based yield forecasting model, we also use the �nal corn
yield estimates, communicated by the NASS in the January following the harvest.

3 Methodology

3.1 Event study analysis

Following already existing event study methodologies (Irwin et al., 2001; Isengildina-
Massa et al., 2008), we �rst check that the commodity market reacts to the release of
the reports over the period of interest. We focus our research on the future returns to
test if the variability is higher in the trading session just after the WASDE release than
normal, i.e., sessions in a temporal window of 5 days before and after. Since we carry
out our study over the period 2000-2016, we need to pay attention to the futures return
de�nition. Indeed, before the year 2013, USDA reports were released at 8:30 a.m., while,
since January 1, 2013, the statistical reports have now been published at 12:00 p.m.1

Thus, if a market reaction exists, its timing might have changed over the years.

Therefore, we de�ne the futures return of interest as

rt,i,N � ln

�
pOt,i,N
pCt�1,i,N

�
� 100, (3.1)

if the release happened strictly before 2013, and

1https://www.usda.gov/media/press-releases/2012/09/19/usda-announces-change-release-time-key-
statistical-reports
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rt,i,N � ln

�
pCt,i,N
pOt,i,N

�
� 100, (3.2)

if the report publication occured after January 1, 2013; and where pOt,i,N and pCt,i,N are
respectively the opening and the closing price of corn futures with a maturity in December
of year N for the session t of the event pi, Nq, i.e., the WASDE release of month i of year
N . Descriptive statistics of the de�ned �nancial returns are displayed in Table 2.

Then, we perform a F -test of equality of variances to compare the variability of the
returns in the session just following the release of the report (t � 0) with the sessions of
the event window (t P t�5, . . . ,�1, 1, . . . , 5u). Under market e�ciency assumption, if the
market participants consider that the reports contain new and reliable information, the
futures price variability should be higher on the announcement date.

Table 2: Descriptive statistics of corn future returns over the period 2000-2016.

r |r|

Mean 0.009 0.772

Median -0.044 0.456

1st Qu. -0.468 0.189

3rd Qu. 0.442 0.442

Min -17.477 0.000

Max 24.429 24.429

Variance 1.939 1.343

3.2 Regression analysis - USDA reports

The tests described in Section 3.1 are only designed to detect that new and reliable
information is contained in the reports. However, this methodology doesn't allow us to
know to which information the market exactly reacts to. Indeed, WASDE and NASS
reports contain a large amount of statistics. In particular, Abbott et al. (2016) show that
corn yield forecasts represent a signi�cant value of $188 million for the market. Inspired
by Lehecka (2014) methodology, we test if the crop yield estimates are considered as
valuable information.

Indeed, the early yield estimates are crucial data for the commodity market in the
growing season. With the harvested area, it gives an early forecast of the next harvest
production and, therefore, an outlook of the supply. All other factors being equal, a
change in the crop yield forecasts should impact the futures price. More precisely, if the
USDA scales up her expectation in terms of yield, the futures price should decrease, since
the supply augments.

In the NASS report of month i, published in the yearN , new early corn yield estimates,
noted Yk,i,N , are displayed for each state of interest k. We also note Yk,N the �nal yield
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estimates of state k for the yearN . We focus on the reports released in August, September
and October. In the current paper, we suppose that no other information is integrated
by the market between two WASDE reports publication (this latter hypothesis will be
discussed later in Section 5). Thus, for September and October, we model the new
information provided by the report i P t9, 10u of year N as

Xk,i,N � ln

�
Yk,i,N
Yk,i�1,N



� 100. (3.3)

However, this modeling cannot be applied to the August release since it is the �rst
early NASS yield forecast of the year. We therefore de�ne the information by

Xk,8,N � ln

�
Yk,8,N

Yk,N



� 100, (3.4)

where Yk,N represents the Olympic mean of the �nal yields from the last 5 years before
N , computed as follows

Yk,N �
1

3

�
5̧

n�1

Yk,N�n � max
nPt1,...5u

tYk,N�nu � min
nPt1,...5u

tYk,N�nu

�
(3.5)

The 5-years Olympic mean is a major index, and is notably used in the Agricultural
Risk Coverage Program (ARC) (Kim et al., 2015).

Finally, and similarly to Lehecka (2014), we perform a regression analysis to determine
the possible market reaction to the news by

r0,i,N � β0 � β1Xk,i,N . (3.6)

With this equation, one can assess the signi�cance of the linear correlation between
the modeled USDA information contained in the reports and the future returns. However,
the market reaction might not necessary be linear with the governmental news. Thus, we
also estimate the Kendall rank correlation coe�cient between r0,i,N and Xk,i,N to release
the linear relation hypothesis.

3.3 Regression analysis - NDVI forecats

In this section, we explore the possibility of forecasting the NASS reports information
through the MODIS NDVI data. These images are highly correlated to the vegetation
conditions, and therefore to corn conditions. The World Agricultural Outlook Board
(WAOB) and the Foreign Agricultural Service (FAS) teams actually already use satellite
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imagery and weather analysis to monitor crop conditions in order to prepare the WASDE2.
Hence, it is logical to use similar data when aiming to predict its information.

First, we develop corn yield forecasting models based on MODIS NDVI time series
for each of the 10 states considered in the study. We recall the period notation used in
the MODIS NDVI time series in Table 1. We note Vk,P,N the mean value of NDVI over
the state k during the period P of the year N . Then, for each period between 9 and 17,
we de�ne two variables derived from the MODIS NDVI time series: the growing phase
total NDVI value, de�ned as follows,

Gk,P,N �
P̧

p�9

Vk,p,N , (3.7)

and the maximum NDVI peak value reached during the season,

Mk,P,N � max
p¤P

Vk,p,N . (3.8)

Then, we model the NDVI-based yield forecasts by the following linear regressions for
each state

Yk,N � βk,P,0 � βk,P,1.N � βk,P,2.Mk,P,N � βk,P,3. pGk,P,N �Mk,P,Nq � εk,P,N , (3.9)

where Yk,N is the �nal yield estimates of year N for the State k and εk,P,N is an error
term. We estimate the coe�cients through the ordinary least square methods, leading to
β̂k,P,l for each state k, l P t0, 1, 2, 3u and P P t13, 15, 17u. Thus, we obtain NDVI-based
early yield estimates

Ŷ NDV I
k,P,N � β̂k,P,0 � β̂k,P,1.N � β̂k,P,2.Mk,P,N � β̂k,P,3. pGk,P,N �Mk,P,Nq . (3.10)

In this methodology, we note two major points. Firstly, the NASS early yield estimates
are never used to train the NDVI-based yield forecasting models: we only rely on the
governmental �nal yield. We choosed to do so to avoid over�tting issue that training
on the NASS early yield estimates may have raised. Secondly, the three NDVI periods
we train our models on, are ending on the July 27, August 28 and September 29. The
data needed is therefore available before the WASDE releases of August, September and
October respectively.

Hence, following the same underlying idea developped in Section 3.2, we model the
new information provided in the WASDE reports to the market participants by

2https://www.usda.gov/oce/commodity/wasde/prepared.htm
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X̂NDV I
k,8,N �

�
ln
�
Ŷ NDV I
k,13,N

	
� ln

�
Yk,N

�	
� 100, (3.11)

X̂NDV I
k,9,N �

�
ln
�
Ŷ NDV I
k,15,N

	
� ln

�
Ŷ NDV I
k,13,N

		
� 100, (3.12)

X̂NDV I
k,10,N �

�
ln
�
Ŷ NDV I
k,17,N

	
� ln

�
Ŷ NDV I
k,15,N

		
� 100, (3.13)

respectively for the August, September and October releases.

Finally, we perform a regression analysis to determine if this modelled information is
correlated enough with the information contained in the governmental reports. In other
words, we test wether the NDVI-based information forecasts could have been statistically
considered as information regarding the corn future price changes at the WASDE release
dates. Similarly to Section 3.2, we test this hypothesis thanks to the following regression,

r0,i,N � β0 � β1X̂
NDV I
k,i,N . (3.14)

4 Results

4.1 Market reaction

In this section, we present the results obtained about the impact of the report releases
on the commodities market. First, we display in Figures 1, 2 and 3 the mean absolute
value of the �nancial returns according to session t relative to the report publication. For
the months of August (Figure 1) and October (Figure 3), we note a higher value of the
mean absolute return of the futures for the session just following the WASDE reports.
However, for the September reports (Figure 2), results are less convincing: even though
the reports session has one of the highest value, the di�erence is not clear when comparing
to other sessions. Intuitively, we would conclude that the August and October reports
contain new and reliable information for the commodity market, which therefore reacts,
while the September ones have less impacts.

To validate this graphical intuition, we perform a F -test, whose results are presented
in Table 3. Return variance for all reports session considered is 4.2 times more important
than pre and post reports return variance, and this di�erence is signi�cant at a 0.001%
level. However, we note that all the reports don't seem to have the same impact on the
commodity market. Thus, the ratio of variances is around 5 for the releases of August and
October, and only of 2.4 for September reports. This result is highlighted by the p-values,
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Figure 1: Mean absolute future returns relative to the August reports session during the
period 2000-2016
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Figure 2: Mean absolute future returns relative to the September reports session during
the period 2000-2016
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Figure 3: Mean absolute future returns relative to the October reports session during
the period 2000-2016
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Table 3: Future return volatility test results for WASDE reports in Corn Markets,
August-October, 2000-2016.

Reports Reports Variance
Pre/Post

Reports Variance
F -statistic p-value

August 7.554 1.467 5.152   1.10�5

September 2.073 0.879 2.362 0.0068

October 7.822 1.737 4.503   1.10�5

All Reports 5.727 1.360 4.211   1.10�5

which indicate levels of con�dence lower than 0.001% for both August and October, while
the September one is around 1%.

We now test more speci�cally wether the information contained in the NASS early
yield reestimation have an impact on the corn futures market. Results of the Equation 3.6
are displayed in Table 4, together with the Kendall rank correlation coe�cient. First, we
note that, for all the statistics, the estimates are negative with levels of con�dence at least
of 2%. This suggests that not only the future prices react to NASS early yield changes,
but also that the reaction is rational. The signi�cant negative sign of the estimated
coe�cient is consistent with the economic theory: a reduction (res. augmentation) of
the crop yield expectations leads to an increase (res. decrease) of the commodity prices.
Nevertheless, we remark that the signi�cance levels di�er depending of the publication
month. As anticipated in the variances test, the reaction is less marked for September
releases. Indeed, the p-values of Pearson's r and Kendall's τ are respectively only of
1.8% and 1.1%, while for other months the tests lead to a minimum of 0.03% level of
con�dence.

Table 4: Regression results of future prices impacts to early corn yield estimate changes,
and their Kendall τ , August to October, 2000-2016

β̂0 β̂1 Kendall τ

Reports Estimates p-value Estimates p-value Estimates p-value

August 0.835 5.10�5 �7.784 2.10�5 �0.21 5.10�5

September �0.021 0.843 �8.001 0.018 �0.14 0.011

October �0.273 0.196 �24.3 3.10�4 �0.20 3.10�4

All reports 0.162 0.122 �7.869   1.10�5 �0.15   1.10�5

The results obtained in this market reaction study are consistent with the existing
literature, like for example Isengildina-Massa et al. (2008) who also detect a lower, while
still statistically signi�cant, impact of the September reports on the market. Thus, we
can conclude on the fact that, during the period 2000-2016, the market participants
considered that the WASDE reports of August, September and October, contain new
and reliable information, and therefore react to it. Furthermore, we show evidences that,
in particular, the NASS yield estimation changes provide valuable information to the
commodity market, which seems to rationnaly react to it. This last result is line with
the �ndings of Abbott et al. (2016) who estimate the corn yield informational value of
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WASDE reports to $188 million.

4.2 Forecasting valuable information

In this section, we display the results from the NDVI-based analysis. First, we present
in Table 5 estimates of the early yield forecasting models for each state based on the
MODIS NDVI time series described in Equation 3.9. We note that the end of September
models (period 17) achieve high adjusted-R2 values, between 0.82 and 0.91, for almost
every state. On the contrary, Kansas corn forecast model fail to ful�ll such level of
accuracy, even though it leads to a rather correct R2 of 0.61. Similarly, the adjusted-R2

increases throughout the growing season for all the states except Kansas and, to a lesser
extent, Wisconsin. Thus, for example in Minnesota, at end of July the models lead to an
accuracy of 0.54, which augments up to 0.77 around end of August and �nally achieves
an adjusted-R2 of 0.85 at end of September. The special case of Kansas must be due
to the fact that, contrary to other states where the two main crop types are corn and
soybeans, Kansas is also a large winter wheat producer (cf. Table 6 for example). Hence,
MODIS NDVI time series from wheat interfere with the corn ones when estimating the
NDVI at a state level.

The NDVI-based early yield forecasting model results are in line with the WASDE's
aim at providing accurate information about future yields, and perfecting it along the
growing season. Thus, it is a logical candidate to model the information given by the
WASDE reports. We therefore plot the modeled NDVI-based information (estimated
with the Equations 3.11 to 3.13) to the NASS-based one (estimated with the Equation 3.3
and 3.4) in Figure 4. We graphically observe a postive correlation, which is statistically
validated. The Pearson's r and Kendall's τ correlation coe�cients are equal respectively
to 0.68 and 0.35, both with a signi�cance level of 0.1%.

Although the NDVI-based information is signi�cantly correlated to the early NASS
yield estimation changes, the main goal of our study is to determine wether this corre-
lation is strong enough for our NDVI-based yield estimation changes to be signi�cantly
correlated with the commodities market reactions. To assess this point we present the
results of the Equation 3.14, together with the Kendall's τ , in Table 7. We remark that,
when considering the three reports, the Pearson's correlation is signi�cant at a 0.2% level.
Furthermore, the β̂1 estimate is negative (�5), and therefore in line with the expecta-
tions. However, when focusing on speci�c month, we note that for the September one,
no signi�cant estimation emerge, the estimate even appear to be positive. This poor per-
formance on the September reports is not completely a surprise. Indeed, these releases
lead to the less important, but still statistically signi�cant, market reactions quanti�ed
through the variance or regression analysis (cf. Table 3 and 4 and Figure 2). Kendall's
τ study also indicates that the correlation is negative and signi�cant for the August and
October reports, while, for the September release, no signi�cance arises. However, and
on the contrary to the linear model, the rank correlation is not statistically signi�cant
when considering all reports together.
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Table 5: Regression results of �nal corn yield estimate to NDVI time series, 2000-2016

Dependant variable estimates

States Period Intercept Year Maximum pG�Mq Adjusted-R2

Illinois

13 �3809� 1.8� 681��� �81� 0.60

15 �2863�� 1.2� 575��� 25 0.84

17 �2042. 0.78 415�� 59� 0.86

Indiana

13 �1784 0.84 458��� �49� 0.61

15 �3219�� 1.4�� 623��� 33� 0.85

17 �2656�� 1.1� 472��� 56� 0.87

Iowa

13 �3085� 1.5� 407� �46 0.46

15 �2903�� 1.2� 693��� 1.9 0.77

17 �2352�� 0.97� 487�� 32. 0.82

Kansas

13 �3777 0.15 292� 20 0.60

15 303�� �0.19 57 58� 0.64

17 964 �0.52 90 39� 0.61

Michigan

13 �4284��� 2.2��� 224�� �51 0.81

15 �3478��� 1.6�� 407��� 40� 0.87

17 �3033�� 1.3�� 397�� 45� 0.88

Minnesota

13 �3186� 1.5� 265 17 0.54

15 �1799. 0.6 613�� 54�� 0.77

17 �1576. 0.52 477�� 63��� 0.85

Nebraska

13 �3483�� 1.7�� 175� 28 0.71

15 �3103�� 1.5�� 108 39. 0.77

17 �3072��� 1.5��� 0.7 47�� 0.89

Ohio

13 �3055 1.5 201. 64 0.53

15 �1157 0.34 569��� 48�� 0.91

17 �1620. 0.57 293. 79�� 0.91

South Dakota

13 �4122� 2.0� 224� 5.8 0.64

15 �3701�� 1.8� 233� 21 0.73

17 �3517�� 1.7�� 98 49�� 0.84

Wisconsin

13 �3124��� 1.5�� 207�� 36 0.80

15 �3001�� 1.4�� 310. 47� 0.79

17 �3167��� 1.4��� 215 50�� 0.83

Note: The levels of signi�cance are noted as: � � � for 0.1%, �� for 1%, � for 5% and . for
10%.
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Table 6: Area planted for corn, soybeans and winter wheat in Iowa and Kansas in 2016
(thousands of acres).

State Crop Planted area

Iowa Corn 13,900

Iowa Soybeans 9,500

Iowa Wheat 25

Kansas Corn 5,100

Kansas Soybeans 4,050

Kansas Wheat 8,500
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Figure 4: NASS yield estimation changes to NDVI-based yield estimation changes,
August to October, 2000-2016

Table 7: Regression results of future prices impacts to early NDVI-based corn yield
estimate changes, and their Kendall τ , August to October, 2000-2016

β̂0 β̂1 Kendall τ

Reports Estimates p-value Estimates p-value Estimates p-value

August 0.841 9.10�5 �6.828 0.002 �0.12 0.023

September �0.003 0.815 1.352 0.550 0.049 0.354

October �0.400 0.054 �27.25 1.10�4 �0.17 0.002

All reports 0.127 0.233 �5.001 0.002 �0.012 0.689
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5 Perspectives

The results we present in the current paper are promising, however we believe that the
methodology needs to be enhanced before a concrete and e�ective application on the
commoditites market. Our statistical study aims at highlighting evidences that there is
a possibility to forecast some of the valuable information contained in the USDA reports
through the use of satellite data. These �rst �ndings should incite the private sector
to develop similar methodologies for their risk management. We therefore propose some
improvements that should be further investigate for a practical implementation.

First, we have only used NDVI to obtain our early yield estimates. To improve the
accuracy of our model, a relative easy upgrade would be to also consider weather data
(Mkhabela et al., 2011), or other vegetation index such as Enhanced Vegetation Index
(Johnson et al., 2016). The use of a larger period to train the models could also be
useful. In the current paper, we focus on the MODIS data, i.e. from 2000, while older
data sources exist such as the AVHRR. However, the instruments and resolution being
di�erent, data �rst needs to be reprocessed (Pedelty et al., 2007). This issue will surely
raise again in the future with the continuous enhancement of the satellite resolution
(Skakun et al., 2018). More sophisticated data upgrades can be applied. Indeed, even
though we apply a crop mask (MOD 12) to the MODIS NDVI data, we still conduct our
study at a state level. Yet, many di�erent crop types can be grown in a single state.
It, therefore, leads to interferences between crops in the resulting NDVI time series. For
example, Figure 5 displays the MODIS NDVI time series over the year 2016 in Kansas.
We observe two peaks: one around the period 9 (mid May) and one around the period
15 (mid August). This results from the fact that Kansas is an important winter wheat
producer (�rst peak), but also of corn and soybeans (second peak), as shown in Table 6.
Recent studies highlight the possibility to elaborate a crop mapping thanks to remote
sensing methods (Skakun et al., 2017b; Skakun et al., 2017a). Applying such a map
should result to a better yield forecasting accuracy (Maselli and Rembold, 2001; Kastens
et al., 2005; Zhang et al., 2019). Furthermore, if the map can be estimated early enough,
it could also be used to forecast another valuable information from the USDA reports: the
planted area. Indeed, the value to the market parcipants of such information is estimated
to $145 million (Abbott et al., 2016).

The multiple crops problematic raises another limit of our paper: we focus on the
corn future market only. The WASDE reports also contain valuable information about
other agricultural commodities such as soybeans, wheat, barley, rice, etc. Moreover, as
the "W" suggests, the WASDE reports provide overviews of the supply and demand for
these crops all around the world. For example, a careful attention is given to European
(European Union, Ukraine and Russia) wheat market or Brazilian soybeans market. The
agricultural commodities we focus on being storable, the di�erent �nancial markets are
linked one to another. Hence, to improve the forecasting performance of the market
reactions to the WASDE releases, one would need to develop a more global model, in
term of both crop type and localisation. Since the MODIS data cover the entire world,
no major data problems should be expected.

Thirdly, in this research we focus on the public information contained in the USDA.
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Figure 5: MODIS NDVI time series of Kansas over the year 2016.

More speci�cally, we evaluate the market reaction to the reestimation of yields as if
no other information sources, public or private, were considered as newsworthy by the
market participants. However, it is known that other governmental reports, published
between two WASDE ones, contain valuable information on the crop conditions, notably
the Crop Progress reports (Lehecka, 2014). In addition, many market participants have
access to private forecasts on the future agricultural supply and demand (Karali et al.,
2019). Therefore, it would be bene�cial to take into account other sources of information
in the modelling of the commoditites market reaction to the WASDE release.

Last but not least, we highlight signi�cant and rational correlations in our results. For
a practical implementation in the commodities market, the general idea of the current
paper has to be converted into a trading strategy. Moreover, the performance should
be assessed through a backtesting methodology before being put into practice. This
method is an out-sample one, contrary to the study we conduct here. Thus, over�tting
mentioned in Section 3.3 is no longer an issue. Hence, to increase the accuracy of the
governmental valuable information forecasts, one should train the NDVI-based early yield
model (Equation 3.9) not with the NASS �nal yield estimates Yk,N , but rather with the
corresponding NASS early yield estimates Yk,i,N .

6 Conclusions

In this paper, we retrieve, over the period 2000-2016, the well-known result that corn
futures market reacts to the WASDE report releases. Then, we evaluate the informational
value contained in the early yield estimations from the NASS, published together with the
WASDE. We �nd out that the changes in these estimations are signi�cantly and rationally
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correlated to the �nancial returns of the corn futures. Then, we propose an econometric
model to obtain early yield forecasts based on MODIS NDVI time series, available around
two weeks before the actual publication of the WASDE reports. Finally, we show that
changes between two of the NDVI-based early yield estimates are also signi�cantly and
rationally correlated to the corn future returns. Therefore, it seems possible to forecast
some valuable information from the USDA announcements thanks to MODIS NDVI data.

Even though we do not pursue our work on this subject, our study can inspire com-
modity traders or agricultural insurance companies to optimize their �nancial and risk
management strategies. Indeed, the value of the information is important for the mar-
ket participants. Moreover, since the databases are provided in open access, the data
acquisition cost can be considered as null. Hence, the incentives seem high enough for
the private sector to invest in developping remote sensing tools for the commodities price
risk management. Indeed, the approach presented in the current paper is only to be seen
as a proof of concept rather than a directly useable methodology. In this perspective, we
have proposed some improvements that one would need to focus on before putting the
method into practice.

Nevertheless, giving that the data is provided by the NASA, i.e. a reliable govern-
mental institution, the derived information can be considered as public. Hence, in the
long term, if all market participants have developped such methodology, it may decrease
the impact of the USDA reports.
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