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Abstract
In recent years, global market shocks have significantly destabilised the international grain market.
By capitalising on seasonal differences between the Northern and Southern Hemispheres and utilising
early wheat harvest forecast information derived from remotely sensed satellite imagery, farmers in
the Southern Hemisphere can respond to timely information to maximise profits. This global hedging
mechanism contributes to stabilising the global wheat market. We employ a panel vector error
correction model (VECM) to analyse the global agricultural market balancing system using remotely
sensed wheat harvest data, focusing on 12 wheat-importing countries. The value of this information is
assessed based on profits derived from price stabilisation. The results indicate that import prices in the
12 analysed countries could be stabilised by 10% to 19%, resulting in annual profit gains for importers
totaling 364 million USD. When extrapolated globally, the combined profit for exporters and

importers is conservatively estimated at approximately 4.98 billion USD.

Keywords Remote sensing forecast information, global agricultural markets, price stabilization,
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1. Introduction

Climate change has increasingly destabilized global grain productivity, with significant
impacts observed across multiple regions (Erhan et al., 2017). In Australia, severe droughts in 2006
and 2007 led to catastrophic crop failures, while the La Nifia phenomenon brought extraordinary
rainfall in 2021 and 2022, resulting in record-breaking harvests. In the United States, widespread
droughts across the western and midwestern regions have caused notable yield reductions. Similarly,
France faced unprecedented challenges, as torrential rainfall, widespread flooding, and prolonged
sunlight deficits during spring and early summer contributed to a staggering 30% decline in wheat
production compared to the previous year (Néia Junior et al., 2023). These events underscore the

vulnerability of global agriculture to increasingly volatile climatic conditions.

Recent advancements in remote sensing technology have significantly enhanced agricultural
monitoring capabilities over regional to global scales. Owing to the proliferation of earth observation
satellites, increasingly open data policies, standardized satellite image processing techniques, and
advancements in Al and cloud computing, agricultural remote sensing research has been substantially
advanced in many aspects (Song 2023). Continental to global-scale crop classification maps are being
developed and routinely updated (Song et al 2021; van Tricht et al. 2023). Effective methods have
been demonstrated to identify crops within the season (e.g. Lin et al 2022), to estimate crop yield in a
spatially explicit way (e.g. Lobell et al. 2015; Deines et al. 2021; Song et al. 2022), and to forecast
crop production early in the season (e.g. Becker-Reshef et al. 2010; Franch et al. 2015). These
innovations have elevated national-level crop yield forecasts, allowing for more efficient predictions
across various types of crops as compared to traditional methods. This technology now enables early

identification of potential bumper harvests or crop failures. For instance, Russia and Ukraine, two of



the world’s largest wheat exporters in the Northern Hemisphere, have a harvest season from July to
August (Table 1). Using satellite remote sensing, yield forecasts for these regions can be made as early

as May or June, providing critical insights for global food supply planning.

Table 1 illustrates the sowing and harvesting periods for wheat globally, revealing
substantial timing differences between the Northern and Southern Hemispheres. When harvest
outcomes from the Northern Hemisphere are available in July or August, the wheat sowing season in
much of the Southern Hemisphere has nearly concluded, leaving little opportunity for production
adjustments. However, if early forecasts using remote sensing are accessible by May, many regions in
the Southern Hemisphere still have sowing periods underway, allowing farmers to make strategic

production adjustments, which is the global hedging mechanism proposed by Tanaka et al. (2023).

With timely access to early data, farmers in the Southern Hemisphere can detect a poor
wheat harvest in the Northern Hemisphere, anticipate potential price increases, and allocate a greater
portion of their land to wheat than initially planned to capitalize on the projected market demand and
subsequently boost income. Conversely, if an abundant harvest is forecasted in the Northern
Hemisphere, farmers in the Southern Hemisphere can predict a decline in global wheat prices and
reduce their planned wheat acreage to mitigate potential income losses. This responsiveness allows
for partial offsetting of Northern Hemisphere shortages through increased Southern Hemisphere
production, while surplus harvests in the North can be balanced by adjustments in the South. On a
global scale, these adaptations contribute to a more stable and resilient food supply, helping to smooth

out fluctuations in wheat availability and prices.

An additional benefit of this mechanism is its potential to reduce volatility driven by
financial speculation. By disseminating early forecasts in real time, individuals worldwide, including

speculators, can gain equal access to critical market information. In the case of wheat, for instance,
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speculators can anticipate that Southern Hemisphere farmers will adjust their production in response
to poor or abundant harvests in the Northern Hemisphere. This awareness may lead speculators to
approach trading with more caution than they might in the absence of such information, reducing
impulsive trading based purely on initial supply shocks. As a result, this mechanism can help dampen
price swings driven by speculative trading, as well as fluctuations arising from real supply-demand

imbalances, providing an additional stabilizing influence on global markets.

Research analyzing the impact of forecast information on market behavior has frequently
focused on the U.S. Department of Agriculture (USDA) crop forecast reports, providing quantitative
assessments of price fluctuations and volatility. For instance, Isengildina-Massa et al. (2023) explored
how USDA crop forecasts influence futures price volatility, highlighting that market participants’
reactions are significantly shaped by the accuracy of the information provided. Banse et al. (2016)
employed a Dynamic Conditional Correlation (DCC) model to evaluate market price responses
following the release of forecast information, analyzing the degree to which such forecasts contribute
to price increases or decreases. Moreover, Han and Huang (2021) emphasized that highly reliable
forecast information enhances market stability, whereas inaccurate forecasts can lead to market
disruptions. These findings underscore the critical importance of accurate forecast data in informing

policy-making and strengthening risk management strategies.

Tanaka et al. (2023) conduct an in-depth analysis of the stability of global wheat and
soybean markets using a CGE model informed by remote sensing early crop production forecasts. This
pioneering study is the first to examine how international market stability can be enhanced by
leveraging remote sensing forecast data alongside the seasonal differences between the Northern and
Southern Hemispheres. The research evaluates the impact of forecast information using key case

studies, including the bumper and poor wheat harvests in Russia and Ukraine in 2008 and 2012, as



well as the soybean shortfall in Brazil in 2012. Although the study successfully estimates the impacts
for each specific year, the non-time-series nature of the model leaves the precise extent of price

stabilization improvement unquantified.

In this study, we develop an economic model to simulate the stabilization of wheat supply
and prices by leveraging seasonal differences between the Northern and Southern Hemispheres. The
model specifically examines how wheat production forecasts from major Northern Hemisphere
producers—Russia, Ukraine, the United States, and Canada—can be strategically utilized by farmers
in key Southern Hemisphere countries, including Argentina, Australia, Brazil, Paraguay, South Africa,
and Uruguay, to adjust their production decisions accordingly. This proactive adjustment aims to
mitigate supply shocks and price fluctuations. Furthermore, the study quantifies the degree to which
this early forecast information can reduce import price volatility for wheat-dependent nations such as
Algeria, Cyprus, Egypt, Israel, Jordan, Kuwait, Lebanon, Mozambique, Nigeria, Tunisia, Tanzania,
and Yemen, offering insights into the potential for global food price stability through coordinated
information-sharing mechanisms. In addition, we estimated the beneficial impacts of the mechanism

in monetary terms, using the expected utility theory or a certainty equivalent approach.

The key contribution of our research is the first comprehensive quantification of global
wheat supply stabilization and the resulting import price stability. This was achieved through the
integration of remote sensing early forecast information with hemispheric seasonality differences,
using a robust time-series model. Based on this model, we estimated the beneficial impacts of the
prediction information in monetary terms. Unlike Tanaka et al. (2023), who analyzed specific years
and therefore left many periods unexamined, our study encompasses all available data periods,
enabling a broader assessment of the general value of early forecast information. Specifically, we

calculated the standard deviation of import prices for importing countries, clearly illustrating the



stabilizing effect of early forecasts on price volatility. Additionally, we measured the stabilizing
impact on global wheat supply through Southern Hemisphere adjustments using the Coefficient of
Variation. By making the value of remote sensing information more tangible, our research provides
justification for the increased investment in remote sensing technology by governments and

international organizations, fostering a pathway toward enhanced global food security.

Table 1: Planting and harvesting months of wheat in major exporting countries

Calendar Month

Argentina
Australia
Brazil

South Africa

South Hemi

Canada
E.U.
Russia
Ukraine
U.S.A.

Planting . Harvesting

Source: The GEOGLAM.

North Hemi.

2. Empirical results
2.1 Estimated results of revised global wheat production by using remote sensing data

To introduce the global hedging mechanism into our analysis framework, we divide the wheat-
exporting countries into two groups based on their geographic positions: Northern Hemisphere (NH)
countries, including Canada, Russia, Ukraine, and the United States, and Southern Hemisphere (SH)

countries, including Argentina, Australia, Brazil, Paraguay, South Africa, and Uruguay. Given the



hypothesis that SH countries have timely access to remote-sensing information and operate under a
perfect forecasting scenario for NH countries, they can predict potential price changes in the global
wheat market and adjust their wheat production plans to maximize income.

First, we estimated the hypothetical wheat production of SH countries by incorporating remote-
sensing forecasting for NH countries and the responsive production adjustments of SH countries based
on the price elasticity of supply. We then combined this with the historical wheat production of NH
countries to calculate a new global wheat production, referred to as the revised global wheat production.
The detailed process of estimating the revised production is described in the methods section. Due to
the availability of remote-sensing data for NH countries' wheat production from 2003 to 2012, our
sample period for revised global wheat production is confined to these years. The remote-sensing pre-
harvest information of wheat, derived from satellite imagery, was developed by scientists at the
Department of Geographical Sciences, University of Maryland College Park.

Table 2 presents the estimated results of revised global wheat production using remote-sensing
data and historical global wheat production. The difference rates between them, ranging from -0.02%
to 0.17%, are reported in the last column. The similarity in these values further validates the accuracy
and reliability of the remote-sensing data in reflecting actual market conditions. Moreover, we observe
that the coefficient of variation of revised global wheat production (0.439) is smaller than that of
historical global wheat production (0.503). This suggests that global hedging for wheat production

using remote-sensing data could decrease the volatility of global wheat production.



Table 2: The comparison of revised global production and historical wheat production

Revised global Historical global Difference
wheat production wheat production rate
2003 18.926 18.912 0.07%
2004 19.09 19.093 -0.02%
2005 19.092 19.09 0.01%
2006 19.021 18.991 0.16%
2007 18.997 18.964 0.17%
2008 19.212 19.236 -0.12%
2009 19.169 19.159 0.05%
2010 19.056 19.027 0.15%
2011 19.178 19.173 0.03%
2012 19.103 19.098 0.03%
(Y 0.439 0.503

Notes: The revised global wheat production is obtained through in subsection 4.1. The value of revised
and historical global wheat production is presented in their logarithmic form. CV: Coefficient of

Variation = (Standard Deviation / Mean) * 100

2.2 The hedging effectiveness using remote sensing data

In this subsection, we carry out a counterfactual simulation to examine whether remote-
sensing forecasts can reduce wheat import price volatility in wheat-importing countries. We chose 12
net wheat-importing countries whose wheat consumption heavily depends on imports: Algeria, Cyprus,
Egypt, Israel, Jordan, Kuwait, Lebanon, Mozambique, Nigeria, Tunisia, Tanzania, and Yemen. Due
to the limitations of yearly wheat production data, a panel VECM is used to simulate the different
effects between revised and historical global wheat production on the wheat import price in these
countries. It is worth mentioning that our simulation assumes that domestic production and
consumption in wheat-importing countries, as well as global production in exporting countries, can

influence import prices in wheat-importing countries. Although import prices are also subject to
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unpredictable changes due to factors like weather conditions, geopolitical events, market speculation,
etc., these factors are assumed to be constant in our analysis.

We estimate the unhedged and hedged import prices based on the panel VECM and apply
standard deviations to define the import price volatility of each country from 2005 to 2012. Figure 1
reports the comparison of the unhedged and hedged volatility for wheat import prices in wheat-
importing countries. Unhedged volatility refers to the fluctuations in wheat import prices without any
hedging strategies in place, which are typically higher due to exposure to market risks. In contrast,
hedged volatility represents the fluctuations in wheat import prices when hedging strategies, such as
the use of remote-sensing data for better forecasting and production adjustments, are applied. From
the comparison in Figure 1, it is evident that the standard deviation of wheat import prices is lower in
the hedged scenario compared to the unhedged scenario. For example, the standard deviation decreases
from 0.220 (unhedged) to 0.179 (hedged) in Yemen, indicating the largest reduction in import price
volatility. Similarly, the standard deviation decreases from 0.301 (unhedged) to 0.270 (hedged) in
Kuwait, which is the smallest reduction. Overall, the hedged scenario demonstrates a lower standard
deviation in all the wheat-importing countries, suggesting that hedging strategies mitigate market risks

such as supply shocks and stabilize import prices.
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Figure 1: The comparison of hedged and unhedged wheat imports price volatility in wheat-importing
countries
Notes: Blue bars indicate the unhedged wheat import prices using historical global wheat production.

Red bars show the hedged wheat import prices using revised global wheat production.

Furthermore, to understand the role of the global hedging mechanisms, it is crucial to
investigate the hedging effectiveness of revised global production. The hedging effectiveness (HE)

ratio of considering the remote sensing forecasts information are determined as follows:

HE = IMPUVnheged IMP};/edged 5 (1)
IMPUnhzged
where IMP), et and IMP, el indicate the unhedged and hedged import price, respectively. This

ratio quantifies the reduction in price volatility due to the implementation of hedging strategies based
on remote sensing forecasts. A higher HE ratio indicates greater effectiveness in reducing price
volatility. Table 3 summarizes the comparison, showing the effectiveness of remote-sensing forecast
information in reducing the volatility of wheat import prices in each wheat-importing country. From
Table 3, we can observe that HE ratios are positive in all countries, although the values vary across

countries. Consistent with Figure 1, the volatility reduction ranges from a low of 10.254% in Kuwait
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to a high of 18.683% in Yemen. More specifically, countries like Algeria, Lebanon, Tunisia, and
Tanzania have higher HE ratios, while Mozambique exhibits a lower HE ratio. These results highlight
the substantial role that remote-sensing forecast data can play in mitigating market risks and stabilizing

import prices in wheat-importing countries.

Table 3: Results of hedging effectiveness

IMB IMP,,.,  Hedge effectiveness (%)
Algeria 0.203 0.179 11.526
Cyprus 0.167 0.138 17.391
Egypt 0.156 0.131 15.586
Israel 0.166 0.140 15.444
Jordan 0.261 0.231 11.627
Kuwait 0.301 0.27 10.254
Lebanon 0.232 0.194 16.048
Mozambique 0.201 0.175 12.932
Nigeria 0.116 0.101 12.364
Tunisia 0.22 0.179 18.526
Tanzania 0.263 0.221 15.797
Yemen 0.215 0.175 18.638

Notes: The hedge effectiveness are computed using Eq. (1).

Our results show that implementing a global hedging mechanism using remote-sensing data
can significantly reduce the volatility of wheat import prices in wheat net-importing countries. By
decreasing this volatility, wheat-importing countries can benefit from more predictable and stable food
costs, which is particularly important for low-income and food-deficit regions. This stability can lead
to improved food security and economic stability, highlighting the importance of integrating advanced

forecasting techniques and hedging mechanisms in global agricultural trade policies.

2.3 Effects on risk premium
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Our analysis revealed a clear reduction in the volatility of import prices based on our
calculations. This section evaluates the economic benefits derived from the stabilization of import
prices across various countries. Specifically, we estimated the risk premium (RP) associated with
import price fluctuations by categorizing the analysis into scenarios without production adjustment
(Unhedged) and those with adjustment (Hedged), as presented in Table 4.

The reduction in volatility was observed across all countries, resulting in a decrease in the
corresponding risk premium. Although the extent of this reduction varied by country, Nigeria exhibited
the smallest decline, with an RP of 5.3 USD, while Tanzania showed the largest decrease, reaching
24.3. This figure represents the amount a country would be willing to pay to avoid price fluctuations.
For instance, in the absence of timely utilization of remote sensing forecast information, Tanzania’s
willingness to pay for stabilized wheat prices could be interpreted as 96.8 USD per ton.

The adoption of remote sensing information contributes to reduced volatility and a subsequent
decrease in the risk premium. The difference between the original and reduced risk premium reflects
the per-ton economic gain for importing countries. By multiplying this difference by the average
import volume from 2005 to 2012, we can estimate the annual economic benefits for each country
(i.e., beneficial impacts).

As aresult, Egypt stands out among the 12 countries, reaping the highest benefit at 104 million
USD, while Cyprus receives the smallest gain. Table 4 indicates that this outcome is primarily
influenced by the substantial volume of wheat imports rather than the impact of reduced risk premiums.
Collectively, the importers from these 12 countries achieve a total profit of 364 million USD. As
elaborated in the Discussion section, the beneficiaries of this price stabilization extend beyond global
importers and exporters to include consumers and agricultural producers, making this estimate notably

conservative.
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Table 4: Risk premium and economic impacts

Unhedged RP Hedged RP Changes in RP Beneficial impacts
[USD] [USD] [USD] [mil. USD]

(1) @) MH=@ (1) — @ximport
Algeria 60.6 48.5 12.0 70.1
Cyprus 44 .4 31.1 13.3 1.5
Egypt 43.6 31.9 11.7 104.1
Israel 49.5 36.5 13.0 20.3
Jordan 105.9 87.5 18.4 15.6
Kuwait 124.9 106.3 18.7 5.9
Lebanon 84.7 63.0 21.7 9.7
Mozambique 71.3 56.3 15.0 6.5
Nigeria 23.6 18.3 5.3 19.1
Tunisia 72.6 50.5 22.1 33.7
Tanzania 96.8 72.5 24.3 19.5
Yemen 71.7 49.8 21.9 58.0

3. Discussions

This study focuses solely on production fluctuations, estimating the impact of remote sensing

forecast information. However, in reality, non-commercial speculators also play a significant role in

the market. Previous research has shown that markets react instantly to the release of USDA’s WASDE

reports (e.g., McKenzie & Holt, 2002; Isengildina-Massa et al., 2008). If early forecast information

like this were widely accessible, speculators would likely adjust their strategies, factoring in

production changes made by farmers in the Southern Hemisphere. As a result, speculators might

operate with smaller positions than they currently do, even as they respond to the same market

dynamics. This suggests that the real-world value of remote sensing information could exceed the

estimates provided in this study. Furthermore, such forecast data could help diminish the market

influence of speculators.
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To maximize the benefits of this system, it is crucial to establish a platform for sharing early
harvest forecast information. Ensuring that real-time production forecasts are freely and easily
accessible to everyone is key to making the global hedging system effective. Since this system benefits
people worldwide, the information should be shared openly among farmers and other stakeholders.
International organizations such as the World Bank, IMF, or the United Nations could play a leading
role in creating and maintaining such a platform.

This study did not encompass all wheat-importing countries; the 12 countries analyzed in 2022
represented only 16% of the global wheat import volume (FAOSTAT). The total profit for these 12
countries was estimated at 364 million USD, with an average import volume of 27 million tons from
2005 to 2012, resulting in a profit of 13.5 USD per ton (364 million USD / 27 million tons).
Considering the global total wheat import volume of 184.5 million tons, the estimated annual global
profit would be 2,488 million USD (13.5 USD x 184.5 million tons). Additionally, if exporters also
possess risk-averse utility functions, the total profit could potentially double, reaching 4,976 million
USD. Since consumers and agricultural producers are also expected to gain from price stability, the
potential benefits could be even higher. Therefore, the 364 million USD or even 4,976 million USD

figure reported in this study is a highly conservative estimate.

4. Methodology and data
4.1 Remote sensing data.

The remote sensing-based wheat production forecasts were derived using the methodology
originally developed by Becker-Reshef et al. (2010) and improved by Franch et al. (2015). The method
relies on the positive and linear relationship between satellite-observed seasonal maximum normalized
difference vegetation index (NDVI) and wheat yield at the county scale to establish a regression-based

model (Becker-Reshef et al. 2010). Since the evolution of NDVI values throughout the growing season
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is largely determined by the accumulated growing degree days (GDD), seasonal maximum NDVI
values can be predicted using GDD approximately 40 days before the observed NDVI peak date, and
thereby improving the timeliness of yield forecasting (Franch et al. 2015). Daily bidirectional
reflectance distribution function (BRDF)-corrected surface reflectance data from the Moderate
Resolution Imaging Spectroradiometer (MODIS), air temperature reanalysis data from the National
Centers for Environmental Prediction (NCEP) and the National Center for Atmospheric Research
(NCAR), satellite-based wheat crop masks and administrative wheat yield statistics were combined to
generate wheat yield forecasts at the county scale, which were subsequently combined with harvested
area statistics to generate national-scale wheat production forecasts. The methods were tested over the
United States, Ukraine and China and the results were proved to have 7%-10% error against official
statistics. The methods were applied to Russia, Ukraine, the United States and Canada to produce

wheat forecasts from 2003 to 2012 that are used in this study.

4.2 Revised Estimation of Global Wheat Prices Using Remote Sensing Data

First, we estimate the relationship between wheat’s production of NH countries and international

wheat price based on the historical data. Considering that agricultural crops are harvested in year ¢ and

traded in year ¢+1, a one-year lag length is assumed for the production variable. The first order logarithmic

difference data are used to estimate the change rate of the global wheat price with the following ordinary

least squares (OLS) regression model:

pis¢ = a + B QSN + B, QIS + B3OIL, + B, SOYBEAN, + BsRICE, + ¢, )

HisG

where p; is the global wheat price change rate in period . QF%SNH

signify the combined historical

wheat production change rate in year ¢—1 of the four NH countries (Russia, Ukraine, United States and
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Canada) and Qf_ﬁs’{ is that for six SH countries (Argentina, Australia, Brazil, Paraguay, South Africa
and Uruguay). The explanatory variables such as OIL.(global crude oil price change rate), SOYBEAN,
(global soybean price change rate) and RICE; (global rice price change rate) in period # are
considered to influence the pH*%. The data period spans from 1992 to 2021.

In the next step, assuming that wheat producing countries of SH can access the remote-sensing
forecast data for NH countries. The hypothetical wheat’s production change rate of NH countries Qf ypNH
can be calculated by taken the logarithmic difference between the remote sensing wheat production data
for NH countries in year ¢ and the historical wheat production for NH countries in year ¢—1. Then,

based on prediction of wheat price change rate for NH countries and the relationship in equation (1),

SH countries can estimate the hypothetical international wheat price change rate ﬁf YPE a5 follow:

PrPe = @ + B QPN 4 B,QHESH + B,0IL, + BoSOYBEAN, + BsRICE, , (3)

A

where & and f is the OLS estimator of equation (2). Here, since we are focusing solely on the
relationship between wheat production in NH countries and the global wheat price, it is necessary to assume
that other conditions remain constant. Due to the limitation of remote sensing data, which spans from 2003

to 2012, the hypothetical global wheat price data will cover the period from 2004 to 2013.

4.3 Revised Estimation of Global Wheat Production Using Price Elasticity of Supply
Given the hypothesis that SH countries have timely access to remote sensing information and

possess a perfect forecasting scenario for NH countries, they can predict potential price changes in the
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global wheat price and adjust their wheat production plans to maximize income. Based on the estimated

hypothetical change in global wheat price ﬁf Y pG, we can calculate the hypothetical change rate of wheat
production by applying the price elasticity of supply for wheat in each SH country as follows:
Qe =B x ey, @)
where Qflty_ plSH is hypothetical change rate of wheat production of SH countries in year r—1 and e;
is the price elasticity of supply for wheat in SH country i. Then, the hypothetical wheat production for
each SH country can be calculated using the historical wheat production data of SH countries. The
total hypothetical wheat production for all SH countries is calculated by aggregating the data from
these countries. Finally, the revised global wheat production is determined by combining the
hypothetical wheat production of SH countries with the historical wheat production of NH countries.
HypG

Here, we use EXQF%C and EX Q;-7  to definite the historical global wheat production and revised

global wheat production in period -1, respectively. Both variables are in logarithmic form.

4.4 The estimation of the unhedged and hedged volatility for wheat import price by using panel VECM

Since yearly data are used in our study, we apply a panel model to address the issue of data
limitation. Prior to performing the panel data analysis, it is necessary to check the stationarity of each
variable and the existence of a cointegrating relationship among variables. The panel unit root test and
cointegration test indicate that all the variables are integrated at I (1) and there is evidence of a
cointegrating relationship among variables in our panel analysis'. Given the presence of cointegration,
we employ the Pooled Mean Group (PMG) approach developed by Pesaran, Shin, and Smith (1999),
which has been widely applied in panel empirical studies. The PMG model has the advantage of

imposing homogeneity in the long-run coefficients across countries while allowing for possible

! To save space, we do not present the results of panel unit root test and cointegration test, but these are

available from the authors on request.
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heterogeneity in the short-run coefficients and error variances. Furthermore, this approach treats the
explanatory variables as exogenous because the error terms are distributed independently of the
regressors.

Since the lag length in the autoregressive distributed lag model should be determined, we use
the Bayesian information criterion (BIC) to choose the appropriate lag length (p, ¢). Our results show
that the optimal lag is 1 (p = 1, g=1) for the model®. Then, based on panel VECM framework, the
unhedged wheat import price in net wheat-importing countries using historical global wheat
production is estimated by:

AIMPS™e%9% = (IMP,, — 8o; — 84iIMQyp — 8 IMCy — 83, EXQESE) — 0,,,4IMQ;,  (5)
— 0,1, AIMC;y — 03, AEXQISE + ¢,

Considering that agricultural crops are harvested in year f and traded in year ¢+1, a one-
year lag length is assumed for the EXQM%¢ impacting wheat import price in wheat-importing
countries. The error correction term 7, long-run coefficients O, and short-run coefficients & will
be estimated by using maximum likelihood procedure. On the other hand, the hedged wheat import
price in net wheat importing countries using revised global wheat production is estimated by:

AIMPR%9° = ,(IMP,, — 8o; — 61IMQy — 852IMCyy — 65,EXQ{"PC) — 0,1,4IMQ; ()
— 0,0, AIMC; — 031, AEXQPC + &,

Based on equations (5) and (6), we calculate the standard deviations of unhedged and hedged
wheat import prices for each net wheat-importing country from 2005 to 2012. Finally, we compare
the volatility of unhedged and hedged wheat import prices to evaluate the extent to which remote-
sensing forecast information improves the stability of wheat import prices in net wheat-importing

countries.

4.5 Estimating risk premium

2 The results are not provided here to save space but are available upon request from the authors.
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In economics, the theoretical understanding of attitudes toward risk has been shaped by the
contributions of Bernoulli (1738) and Von Neumann & Morgenstern (1944). First, we assume the
utility function of the importer (or consumer). The logarithmic utility function has been widely used
in numerous studies in economics and finance to model risk aversion (Mehra and Prescott, 1985),

which is defined as follows:

Uw) = log(w), @

where w represents the price paid by the importer. Next, we calculate the expected utility. Let u
denote the expected value of the price and denote o the standard deviation of the price. Assuming

that the price follows a normal distribution, the expected utility is expressed as:

®)
E[Uw)] = log() — 525,

where pu and o represent the mean and standard deviation of import price. To determine the

certainty equivalent (CE), which is the guaranteed price that provides the same utility as the expected

utility, we define CE as:

2 )
CE = pexp(— % .
The risk premium (RP) is then calculated by:
RP = u—CE. (10)

4.6 Data for the counterfactual simulation

The data analysis consists of two parts. In the first part, we introduce the data used to
calculate the revised global wheat price and production, incorporating the responses of SH farming
operators to remote sensing data. Because the wheat production data for the former Soviet Union
regions are available from 1992, the historical wheat’s production for NH countries coverage is limited
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between 1992 and 2021. We take the hard red winter wheat (sourced from the IMF Commodity Prices)
as the international price of wheat. The remote sensing data for NH regions (Russia, Ukraine, United
States and Canada) is from 2003 to 2012. The remote sensing-based early crop forecasting information
of wheat retrieved from satellite imageries was developed by scientists at Department of Geographical
Sciences, University of Maryland College Park

We use the price elasticity of supply to represent the degree of response to changes in global
wheat prices by SH farmers in South Africa, Uruguay, Paraguay, Argentina, and Brazil, respectively
(Brescia and Lema, 2007; Griffith et al., 2001; Meyer, 2002) 3. The total SH production altered is
merged with historical production in NH to compose the revised global wheat production. Finally, the
historical global wheat production is replaced by the modified global wheat production to simulate the
virtual impacts of remote sensing-based early crop forecasting information on import prices in wheat-
importing countries.

In the second part, we present the data used in the panel VECM analysis to investigate the
long- and short-term relationships among wheat import price, domestic consumption and production
of wheat in net wheat-importing countries, and aggregated global wheat production of net wheat-
exporting countries. Algeria, Cyprus, Egypt, Israel, Jordan, Kuwait, Lebanon, Mozambique, Nigeria,
Tunisia, United Republic of Tanzania, and Yemen are chosen as the net wheat-importing countries.
Data for the four variables are obtained from the FAOSTAT. Import price is calculated as import value
divided by import quantity in USD. The aggregated global wheat production is composed of the 10
largest net wheat-exporting countries, including Argentina, Australia, Brazil, Canada, Paraguay,
Russia, South Africa, Ukraine, USA, and Uruguay. Table 5 presents the definitions and data sources
of the variables used in our panel analysis. International prices of rice, soybean and oil are retrieved

from the IMF Commodity Prices.

3 The elasticity for Uruguay is applied to that for Paraguay with unavailability of the data.
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Table 5: Definitions of the variables used in the panel data analysis.

importing country i in period .

logarithmic form

;/;rrrll?)zlle Definition Type Source
Monthly historical data
Hi Global wheat price change rate in converted fo yearly data IMF  Commodity
phisG . (No.1 Hard Red Winter, .
period ¢ . . Prices
ordinary protein, Kansas
City)
Wheat production change rate of | Yearly historical data
fl_iiNH 4 NH net wheat-exporting | (Sum of Canada, Russia, | FAOSTAT
countries in period ¢—1. Ukraine and USA)
Yearly historical data
Wheat production change rate of | (Sum  of  Argentina,
ff{SH 6 SH net wheat-exporting | Australia, Brazil, | FAOSTAT
countries in period ¢—1. Paraguay, South Africa,
and Uruguay)
OIL Crude oil price change rate in | Monthly historical data | IMF Commodity
t period ¢. converted to yearly data | Prices
SOYBEAN, Global soybean price change rate | Monthly historical data | IMF Commodity
in period ¢ converted to yearly data | Prices
RICE Global rice price change rate in | Monthly historical data | IMF Commodity
t period ¢ converted to yearly data | Prices
Hypothetical NH wheat
f_ yleH production change rate in period | Yearly hypothetical data | Estimated
t—1.
ﬁf ype iﬁi(ggiiceailnggzzzldvih—e? price Yearly hypothetical data | Estimated
Hypothetical SH wheat
Qf ty_ plsH production change rate for | Yearly hypothetical data | Estimated
country / in period ¢-1.
Brescia and Lema,
e, Price el'astlclty of supply for Estimated in past studies 2007; Griffith et
country i al., 2001; Meyer,
2005.
Historical global wheat
EXQH®S | production (SH+NH) in period | Yearly historical data FAOSTAT
t—1.
EX Qfl_yf ¢ ?Se}\;f;ilf)ﬂ;bglerz,hj a; E)T(.)ductlon Yearly hypothetical data | Estimated
Yearly historical data
Wheat import price of net wheat- estimate.d . from %mport
IMP; ; importing country i in period ¢ value divided by import | FAOSTAT
’ quantity in logarithmic
form
MO, .Wheat.production .o.f net 'wheat- Yearl'y hi.storical data in FAOSTAT
' importing country i in period . logarithmic form
IMC;, Wheat consumption of net wheat- | Yearly historical data in FAOSTAT
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5. Limitation

This study focuses exclusively on the major wheat-producing countries in the Northern Hemisphere—
Russia, Ukraine, the United States, and Canada—by utilizing remote sensing data. However, wheat is also
cultivated extensively across numerous European countries and other regions. Incorporating these regions
into the model would capture additional benefits. Consequently, the estimates presented in this study are
likely conservative when compared to the actual benefits.

Similarly, the analysis in the Southern Hemisphere is restricted to a limited number of wheat-producing
countries, leaving out several other producers. If all wheat-supplying countries were assumed to respond,
the adjustments in global wheat supply would be more substantial. As a result, the price stabilization effects
and associated benefits estimated in this study are also likely to be conservative relative to actual outcomes.

Farmers’ responses were modeled using price elasticity of demand estimates from prior studies.
However, it is plausible that some farmers may lack the capacity to adjust their production within a short
time frame. This limitation suggests that the production adjustments estimated in this study could be
overstated. Future research is needed to quantify the proportion of farmers who are capable of making short-

term production adjustments.
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