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There has been worldwide support for the production and
use of renewable energy sources, especially through major
policy initiatives relating to climate change and bioenergy.
These policies include the United States’ Environmental
Protection Agency’s Renewable Fuel Standard (RFS2) and
the American Clean Energy and Security Act (ACES) of
2009 (H.R. 2454), Brazil’s 2009 National Climate Change
Policy, Canada’s 2006 Renewable Fuels Regulations, and the
European Union’s 2009 Energy and Climate Change Package.
The rationales behind these policies have been multifold,
ranging from less reliance on imported fuels, reducing energy
prices, and improving the rural economy to mitigating
climate change. Some have argued that bioenergy has not
delivered on its promise of energy security and reduction
in greenhouse gas emissions, especially in the case of field
crops utilized to produce biofuels, bioheat, and biopower. The
economic and environmental consequences of this bioenergy
expansion have not been fully understood, primarily because
bioenergy markets are not well developed and are still in
flux. The main objective of this special issue is to better
understand the emergence of bioenergy markets and explore
the direct or indirect consequences of the expansion of
this alternative energy source on the economy, energy, and
commodity markets and associated environmental impacts
at the country, regional, or global level. The broad range
of environmental and economic impacts of biofuel production as well as their dependence on specific feedstocks
and landscapes is reflected in the articles of this special
issue.
Y. W. Zhang and B. A. McCarl analyze the effects of
autonomous adaptation-adjusted climate change and the

Renewable Fuel Standard (RFS2) on US agriculture. For
this analysis, the authors use the agricultural component of
the FASOMGHG model, which models land use allocation
within the US agricultural sector. The results show that while
the impacts of climate change and RFS2 act in opposite
directions, there is a net positive effect on agricultural
consumer welfare and agricultural producer income. The
results also suggest that, for RFS2 biofuel production, climate
change promotes the use of crop residues and energy crops
(other than switchgrass) for cellulosic ethanol production.
F. Taheripour and W. E. Tyner use a multiregional computable general equilibrium model (GTAP-BIO), modified
to include second-generation biofuels, to evaluate induced
land use change (ILUC) emissions for alternative biofuel
pathways in the United States. They calculate the ILUC
emissions using four existing major emission factors and
examine the uncertainties related to these factors and their
consequences for the estimated ILUCs. The results show
that the production of biofuels from dedicated energy crops
shifts existing marginal cropland-pasture to crop production
and also causes moderate deforestation. The largest land use
change is generated from growing switchgrass as a biofuel
feedstock while the lowest land use change is generated
from Miscanthus for bio-gasoline production. This result is
mainly due to the assumed yields for the two crops. However,
biofuel production from crop residues, such as corn stover,
does not significantly affect land use. The authors observe
that calculated ILUC emissions are subject to uncertainties
in emission factors based on the inclusion or exclusion of
cropland-pasture, changes in soil carbon sequestration due
to changes in land cover vegetation, and the wide divergence

2
among emission factor sources, especially for dedicated crop
conversion to ethanol.
A. Elobeid et al. present the impact of two emissionsmitigating policies, a US fertilizer tax and a policy incentivizing afforestation, on both US and world agricultural
markets. Both policies are aimed at mitigating the adverse
environmental effects of the expanding production of agricultural crops used as feedstock for biofuels. The authors
use the FAPRI-CARD agricultural modeling system, which
is a set of multimarket, partial-equilibrium, and nonspatial econometric models, for this analysis. The study also
evaluates the impact of these policy scenarios on global
agricultural greenhouse gas (GHG) emissions using a model
that accounts for GHG emissions from agriculture. Results
show that a US tax on fertilizer reduces the production
of nitrogen-intensive crops. However, the impact on GHG
emissions is muted as the lower fertilizer use in the USA
is partially offset by higher fertilizer use in the rest of
the world, which expands crop production in response to
higher prices. A policy that shifts cropland to forestland
(afforestation) also results in an unintended increase in
global GHG emissions. Crop production shifts from highyielding land in the United States to low-yielding land, and
probably native vegetation in the rest of the world. Thus, the
study shows that unilateral policy changes implemented by
a large agricultural producer like the United States can have
fairly significant impacts on the aggregate world commodity
markets. This analysis highlights the importance of internationally coordinated action in order to avoid the unintended
consequences of inadvertent increases in global greenhouse
gas emissions.
T. A. Maung and C. R. Gustafson analyze the impact
of harvest field time on the potential profit of supplying
corn residues (cob or stover) by farmers for biofuel production in North Dakota. As the harvest window for crops
is relatively short in the north-central United States due to
the weather, the variation in available field time is likely
to affect the volume of corn and the residues collected by
farmers and their profits. The authors apply mathematical
programming models to analyze three harvest options in this
study including (i) corn grain only harvest, (ii) simultaneous
corn grain and cob harvest in a one-pass operation, and
(iii) separate corn grain and stover harvest in a two-pass
operation. By simulating the availability of the fall harvest
field times, results show that the available time to collect
corn and residues is very influential to the net profit of corn
producers. Also, allocating time to collect either cob or stover
by farmers would result in less time for corn harvest and
potentially lower net profit for the producers. Thus, the study
suggests that it would be more economically efficient to have
a professional entity to collect the residues.
D. Brent and S. Rabotyagov examine the land use impact
of producing biofuels from forest residues in Washington
State given that converting land to different uses could create
diverse impacts on the environment. Applying a random utility maximization model to a spatially explicit parcel database,
the decision of land use change is analyzed. Based on the
estimated landowner’s decision model, the potential impact
of two hypothetical biofuel policies on land use change in
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the state is then simulated. When assuming higher forest
returns due to increasing use of forest residues for biofuel
production, the increases in forestland range between 0.1
and 1%. In addition, the area of forestland increases by 0.1–
0.5% assuming the development of a conversion facility in
the state. The potential expansion in the use of forestland for
biofuel production implies a net reduction in atmospheric
carbon, which is in contrast to the experience of corn-based
ethanol.
B. C. English et al. assess the economic impact of growing
switchgrass, a native perennial, for second-generation biofuel
production in Eastern Tennessee linking a mathematical
programming model of lignocellulosic biomass feedstock
supply chain to a regional scale Input-Output model. The
study adds to the literature by including a wide range of
remote sensing and spatially explicit information such as crop
yields, soil types, real road networks, and land ownership type
into the determination of the optimal location of a secondgeneration biorefinery. The authors then estimate the effects
of this optimally located biorefinery on the local economy,
including the one-time investment activities associated with
the establishment of a perennial grass and the construction of the biorefinery and the ongoing operation of the
plant, with its associated supply chain. The study considers
the sensitivity of the results to several harvest technology
and storage scenarios, and the authors conclude that the
biorefinery would be a net benefit to the local economy,
partly because the opportunity costs of the production of
switchgrass, pasture, and hay are associated with an industry
in decline in the region. This study illustrates the importance
of incorporating spatially explicit information in the analysis
of logistics of biofuels and the value of incorporating full
supply chain information for the industry. It provides the
type of information that is critical to private sector investors,
policy makers, and farmers.
E. Affuso and L. M. Duzy study another set of important
issues associated with land-based biofuel production, namely,
their impact on the environment. The authors integrate a
stochastic discrete model of profit maximization incorporating climate information with a widely used water quality
model to determine the environmental impact of firstgeneration ethanol and biodiesel production in northern
Alabama. The authors specifically focus on the potential
role of the El Niño Southern Oscillation (ENSO) cycle
in the farmers’ choice of crops and the impacts of these
choices on nutrients losses in surface waters. Crop yields are
stochastically dependent on the ENSO phase. The authors
examine two biofuel levels production scenarios associated
with meeting different levels of the Renewable Fuel Standard
mandate and associated crop prices to assess long term
expected production levels and nitrogen losses. They find
that as corn production increases to meet the mandate,
nitrogen losses increase, albeit less than proportionally. This
is consistent with the findings of previous literature. This
study links a globally important weather phenomenon—
the ENSO cycle—with individual farmers land use choices
given large scale policies and their impacts on environmental variables. It adds to the literature by illustrating
the importance of including weather-related uncertainty
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to individual choices and their impact on the environment.
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Increased biofuel production has been associated with direct and indirect land-use change, changes in land management practices,
and increased application of fertilizers and pesticides. This has resulted in negative environmental consequences in terms of
increased carbon emissions, water quality, pollution, and sediment loads, which may offset the pursued environmental benefits of
biofuels. This study analyzes two distinct policies aimed at mitigating the negative environmental impacts of increased agricultural
production due to biofuel expansion. The first scenario is a fertilizer tax, which results in an increase in the US nitrogen fertilizer
price, and the second is a policy-driven reversion of US cropland into forestland (afforestation). Results show that taxing fertilizer
reduces US production of nitrogen-intensive crops, but this is partially offset by higher fertilizer use in other countries responding to
higher crop prices. In the afforestation scenario, crop production shifts from high-yielding land in the United States to low-yielding
land in the rest of the world. Important policy implications are that domestic policy changes implemented by a large producer
like the United States can have fairly significant impacts on the aggregate world commodity markets. Also, the law of unintended
consequences results in an inadvertent increase in global greenhouse gas emissions.

1. Introduction
World agriculture has been significantly impacted by a
number of events that have occurred in the past five to ten
years. Arguably the most prominent is the dramatic global
expansion of biofuels, especially in the United States and
Brazil, driven by mandates, federal and state incentives, and
trade barriers [1]. Energy prices have also increased to record
levels, with the world crude oil price exceeding $130 per
barrel in July of 2008 and currently hovering between $101
and $105 per barrel.1 These higher energy prices have a
significant impact on biofuel expansion (Hayes et al., 2009)
as biofuels became economically attractive even without

subsidies [2]. Additionally, several major policy initiatives
relating to climate change in general and biofuels in particular
were initiated in a number of countries. These include such
policies as the American Clean Energy and Security Act of
2009 (ACES) (H.R.2454) and the Energy Independence and
Security Act of 2007 (EISA) in the United States (Public Law
110–140) and the 2009 Energy and Climate Change Package
in the European Union [3, 4], which have also contributed to
increases in ethanol and biodiesel production.2
While biofuel production has been touted as a solution
to the adverse environmental impacts of fossil fuels, studies
have challenged this notion especially as it relates to indirect
land-use change [5–8]. Biofuel expansion leads to increased
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production of agricultural feedstock for biofuels and can lead
to indirect land-use change as the increased production of
crops used for biofuels displaces existing production of other
crops. This can result in an expansion of cropland to replace
displaced crops and the unintended consequence of releasing
more carbon emissions as land with high natural carbon
stocks is brought into production. Thus, climate change policy initiatives are supported by economic analyses pointing
to land-use change as a major contributor in greenhouse
gas (GHG) emissions impacts. The California Air Resources
Board [9] estimates GHG emissions from land-use change
to account for 29% to 69% of total emissions. The U.S.
Environmental Protection Agency’s Renewable Fuel Standard
(RFS2) life-cycle analysis includes other sources of GHG
emissions such as emissions from livestock production, use
of farm inputs such as fertilizer, and methane from rice, but
GHG emissions from land-use change still account for 35%
of total emissions.
Agricultural management practices in general and land
use in particular play a key role in determining the effectiveness of major policy proposals aimed at mitigating climate
change, including the implementation of different offset
policies that encourage afforestation. A report by the USDA
[3] shows that a carbon price of $34 would lead to 34.5
million acres of new forest resulting in a decline of cropland
and pasture by 21 and 13.3 million acres, respectively. Using
a significant amount of US cropland to grow trees would
cause an increase in agricultural commodity prices in the
United States and consequently impact agriculture in other
countries.
Additionally, the increased application of fertilizers and
pesticides as well as changes in land management practices
(e.g., corn-corn rotation versus corn-soybean rotation) associated with higher biofuel production has been shown to
have environmental consequences in terms of water quality,
pollution, and sediment loads [10]. Revell et al. [11] also found
that increased biofuel production leads to large nitrous oxide
(N2 O) emissions from nitrogen-based fertilizer use, which
could be damaging to the ozone layer.
Given the increased use of both agricultural land and
fertilizer brought about by biofuel expansion and the corresponding environmental effects, the overall purpose of this
study is to provide policy-relevant information to further the
development of rational policies aimed at mitigating negative
environmental impacts of the expanded production in the
agricultural sector. Specifically, the objective is to analyze
the impact of two alternative policy scenarios. The first is a
US fertilizer tax scenario, where a tax on nitrogen fertilizer
increases its price by 10%. The second is a policy-driven
afforestation scenario, in which we evaluate the effects of large
areas of cropland being used for forests to sequester carbon,
in response, for example, to incentive payments for carbon.
An improved version of the deterministic FAPRI-CARD
agricultural modeling system is used for this analysis.3 First
a baseline is established and then the two scenarios are run.
The impacts of these scenarios on the production, trade,
prices of agricultural commodities, and GHG emissions both
in the United States and globally are measured in terms of
their resulting difference from the baseline. The paper is
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organized into five sections. The next section describes the
methodology, which includes a detailed description of the
agricultural modeling system. The third section provides an
overview of the baseline projections. A description of the two
scenarios and the results from these scenarios are presented
in Section 4. The last section summarizes and concludes the
paper.

2. Methodology
2.1. Description of the FAPRI-CARD Modeling System. The
FAPRI-CARD agricultural modeling system is a set of multimarket, partial-equilibrium, and nonspatial econometric
models.4 The models cover all major temperate crops, sugar,
biofuels, dairy, and livestock and meat products for all major
producing and consuming countries and are calibrated on
the most recently available data (see Table 1). They have been
used extensively for generating 10- to 15-year baseline projections for agricultural markets and for policy analysis based
on the baseline projections. Data on supply and utilization
for the commodities are obtained primarily from the United
States Department of Agriculture (USDA) PSD Online and
the Food and Agriculture Organization of the United Nations
(FAO) FAOSTAT, and macroeconomic historical data and
projections are obtained from the International Financial
Statistics (IFS) of the International Monetary Fund and IHS
Global Insight, respectively.5
The commodity models capture the biological, technical,
and economic relationships among key variables within a particular commodity and across commodities (see Figure 1).6
They are based on historical data analysis, current academic
research, and a reliance on economic, agronomic, and biological relationships in agricultural production and markets.
Agricultural and trade policies in each country are included
in the model to the extent that they affect the supply and
demand decisions of the economic agents. Examples of these
include taxes on exports, import tariffs, tariff rate quotas,
export subsidies, intervention prices, set-aside rates, and
biofuel mandates. Macroeconomic variables, such as gross
domestic product (GDP), population, and exchange rates, are
exogenous variables that drive the projections in the models.
The modeling system has been widely used and extensively
validated through many peer-reviewed publications (e.g., [5],
Hayes et al., 2009; [12, 13]).
The models specify behavioral equations for production,
use, stocks, and trade between countries/regions. The crop
supply side is the product of area harvested and yields,
wherein the former is determined by a system of land allocation based on the relative expected profitability of competing
enterprises (e.g., corn and soybeans) and the latter is driven
by an exogenous trend yield as well as intensification and
extensification effects. The intensification effect reflects more
intensive use of inputs such as fertilizer when revenue grows
faster than cost. The extensification effect reflects declining
yield as more marginal land is brought into production.
In general, the demand side of the model is categorized
into food, feed, and industrial demand, whereby one aspect
of industrial demand is the demand from the biofuel sector
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Figure 1: FAPRI-CARD model interactions. The model interactions represent trade, prices, and physical flows.

for feedstocks. Food demand is primarily driven by macroeconomic assumptions such as income and population while
feed demand is driven by the livestock, poultry, and dairy
sectors. Industrial (biofuel) demand is determined by the
energy price assumption as well as by existing government
policies such as the US EISA 2007 and the Renewable Energy
Directive of the European Union. The meat supply side is a
combination of investment decisions on the breeding herd
and output decisions on slaughter. The animal inventory is
the main driver of the feed grain and oilseed meals demand.
For each commodity, a number of countries and regional
aggregates are included so as to have worldwide coverage.
In general, for each commodity sector, the economic relationship that quantity supplied equals quantity demanded is
achieved through a market-clearing price for the commodity.
In many countries, domestic prices are modeled as a function
of the world price using a price transmission equation, which
includes exchange rates and relevant trade policies. As is
evident from Figure 1, since the models for each sector can
be linked, changes in one commodity sector will impact the
other sectors.
The agricultural modeling system also includes a fertilizer
component where changes in yields due to intensification
are linked to changes in the fertilizer cost. The fertilizer
cost is composed of the application rate of nitrogen (N),
phosphorous (P), and potassium (K) multiplied by their
respective prices. The linkage between yields and fertilizer
cost is a function of the yield elasticities with respect to
fertilizer application rates and the share of fertilizer cost in
the total variable cost. This component also enables us to
project fertilizer application rates and fertilizer demand by

commodity, by country, and by nutrient. A more detailed
explanation of the FAPRI-CARD fertilizer component is
available in a paper by Rosas [14].
A model that is able to account for the GHG emissions
from agriculture can be linked to the FAPRI-CARD system.
The model, called Greenhouse Gases from Agriculture Simulation Model (GreenAgSiM), estimates emissions according
to the categories for national GHG inventories established
by the Intergovernmental Panel on Climate Change (IPCC).
These categories include emissions from enteric fermentation and manure management from livestock, agricultural
soil management, rice cultivation, and land-use change.
GreenAgSiM consists of two components that use data from
the FAPRI-CARD model as inputs. The first is the agricultural
production component, which includes enteric fermentation,
manure management, rice cultivation, and agricultural soil
management. The second is the land-use change component,
which captures emissions induced by land-use change occurring if forest and grassland are converted into cropland. With
the data derived from the FAPRI-CARD modeling system,
the emissions from direct and indirect land-use change can
be estimated.
The GHG model tracks six categories of land, namely,
forest, shrub land, grass land, set-aside, cropland, and pasture.
Pastureland is derived from changes in animal inventory and
some historical stocking rate. The algorithm of land dynamics
in the model for increases in agricultural land is such that
idle land comes into production first. Moreover, a “last in,
first out” rule is applied in the conversion of agricultural land.
Only when idle land is exhausted will native vegetation be
converted into agricultural land. The GHG model also uses
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Table 1: FAPRI-CARD model inputs and output.

Exogenous inputs
Historical data
(inputs)

Population, GDP, GDP deflator,
exchange rate, population, policy
variables
Production, consumption, exports,
imports, ending stocks, Domestic
prices, world prices

Commodities
Grains
Oilseeds
Livestock products
Dairy
Sugar

Corn, wheat, sorghum, barley
soybeans, rapeseed, sunflower
beef, poultry, pork
milk, cheese, butter

Ethanol/biodiesel
Major countries/regions
North America
South America
Asia
Africa
European Union
Australia,
New Zealand
Middle East
Output by commodity
and country
∗

United States, Canada, Mexico
Brazil, Argentina, and so forth∗
China, Japan, India, Indonesia,
Malaysia, and so forth∗
South Africa, Egypt, and so forth∗

World prices, domestic prices,
production, consumption, net trade,
stocks, area harvested, yield

In the interest of space, not all 58 countries/regions are listed.

fertilizer application rates and aggregate fertilizer demand
information from the FAPRI-CARD model. A more detailed
description of this model is given in Dumortier et al. [8, 12].

3. Baseline Results
3.1. Description of the Baseline. The baseline provides a starting point for evaluating and comparing scenarios. This baseline provides 15-year projections (2011–2025) of world agricultural production, consumption, stocks, trade, and prices
by country and commodity. The projections are grounded
in a series of assumptions about the general economy,
agricultural policies, the weather, and technological change.
Specifically, these projections are based on the assumption
of average weather patterns, existing farm policy, and policy
commitments under current trade agreements and custom
unions. They also generally assume that current agricultural
policies will remain in force in the United States and in other
trading nations during the projection period.
Bioenergy mandates in a number of countries are key
drivers in the baseline. In the United States, the Renewable
Fuel Standard (RFS) and other provisions of EISA 2007 are
implemented, with the exception of the cellulosic ethanol
RFS (because of waivers). The existing US biofuel mandates
are binding in the baseline. Another key assumption is that
ethanol and biodiesel support policies in the United States

disappear in 2012. These include ethanol and biodiesel tax
credits and biofuel import tariffs.7 In addition, the Food,
Conservation, and Energy Act (FCEA) of 2008 in the United
States and the current provisions of the Common Agricultural Policy in the European Union are included in the
baseline.
Additionally, long-run equilibrium is imposed in the
ethanol sector in the United States as well as in the international livestock and dairy sectors. In the long run, in
equilibrium, there is no incentive to build new ethanol plants
and there is no incentive to shut down existing plants. This
means that the profit margins of the ethanol plants are zero
in the long run. In the livestock and dairy sectors, supply and
prices adjust so that net returns go back to “normal” levels in
the long run; that is, the returns are at levels sufficient to keep
producers in business. This long-run equilibrium is imposed
in the year 2023.8
3.2. Macroeconomic Environment. The baseline projections
are run against a backdrop of a macroeconomic environment
that includes an economic turnaround, which began in
2010, continuing population growth and urbanization and
ever-expanding biofuel mandates such as EISA 2007 in the
United States and the Renewable Energy Directive of the
European Union.9 GDP grows in the United States, Canada,
and Mexico by a range of 2.5% to 4% over the projection
period. Asian economies lead the world economic recovery
with aggressive stimulus policies, resumed capital inflow, and
industrial growth momentum. China, Vietnam, and India
post solid growth of between 7% and 8%. Annual growth in
Argentina and Brazil is projected to average 3.6% and 4.4%,
respectively. Growth in the European Union averages 1.9%
over the projection period.
3.3. Baseline Projections
3.3.1. Agricultural Markets. Overall, throughout the projection period, agricultural markets are impacted by increasing
demand and higher prices driven by income growth, population growth, and expanding demand for biofuel feedstocks.
Table 2 shows the baseline prices for the major commodities
for 2011, the first year of the projection, and 2023, which is the
year the long-run equilibrium is imposed.10
In the baseline, the world corn prices are driven by both
strong demand from various uses of corn, which leads to an
increase in price, and growth in trend yields and the capping
of the RFS by 2015. This results in a downward pressure on
prices. Thus, corn prices remain fairly flat over the projection
period, increasing to $200 per metric ton by 2023. Corn
trade grows by 4% annually over the decade. Corn used
as ethanol feedstock also increases with rising mandates in
several countries. For example, Canada’s ethanol feedstock
represents 20% of its total domestic use, the European Union,
12%, and the United States, 39%. Other grains follow the same
pattern as corn, whereby both prices and net trade rise over
the projection period.
Because of rising incomes, strong demand, mostly for
vegetable oils for food and biodiesel use, sustains the prices
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Table 2: Baseline prices for major commodities.
∗

Wheat FOB Gulf
Corn FOB Gulf
Soybean CIF Rotterdam
Beef Nebraska Direct
Barrow and Gilt, National
Broiler U.S. 12-City
Anhydrous ethanol, Brazil
Ethanol FOB Omaha
Biodiesel Central Europe FOB
US biodiesel plant
∗

2011
Long run
(US dollars per metric ton)
270
274
183
200
442
475
2,274
2,530
1,226
1,463
1,924
2,256
(US dollars per gallon)
1.63
2.60
1.97
2.04
4.77
5.81
4.22
4.84

Long-run equilibrium is imposed in 2023.

of oilseeds and their products at high levels. Crush is
increasingly driven by the demand of vegetable oil, which
pressures soybean meal prices downward by the end of the
period.
3.3.2. Fertilizer Use. World fertilizer use increases 5% by 2023
relative to the 2010 crop season, reflecting the expansion of
the world’s cropland. Higher use is also driven by the more
intensive use of fertilizers at the world level in commodities
such as corn, barley, rapeseed, peanuts, and cotton, driven by
their strong prices. World fertilizer use in corn is projected
to be higher in NPK relative to 2010 because of the increase
in both corn harvested areas and fertilizer application rates.
This is especially true for the United States, the world’s second
largest fertilizer consuming country (after China). The use
of P and K increases by a larger percentage relative to N
because of their higher elasticity with respect to corn price
changes. World fertilizer use in soybeans has similar levels of
N and increases of 5% and 2% in P and K, respectively, relative
to 2010. This is caused by the increase in global soybean
harvested area that offsets the decrease in nutrient application
rates per hectare. China, India, the United States, and the
EU countries account for more than two-thirds (65%) of the
world’s fertilizer consumption in agriculture.
3.3.3. Greenhouse Gas Emissions. Increased fertilizer use has
significant implications on GHG emissions as is evident from
Figure 2 for the United States. The map presents the projected
percentage increase in N2 O emissions from US agricultural
soil management synthetic fertilizer use for the baseline
between 2011 and 2025. The Corn Belt region (Iowa, Illinois,
and Indiana), where mostly corn and soybeans are grown and
corn area is increasing, is projected to increase its emissions
of N2 O by 6% or more over the projection period. In the
Northern Plains region (North Dakota, South Dakota, and
Montana), where barley and wheat are grown, but area is
decreasing over the projection period, emissions from N2 O
are projected to decline between 2011 and 2025.
The expansion in crop area as well as the rise in meat
demand and the resulting expansion in livestock increases

emissions from livestock products (especially enteric fermentation) and puts pressure on global forests and grasslands. We
estimate that global emissions from agricultural production
rise by 14% over the projection period.

4. Scenario Results
4.1. Description of the Scenarios. Once the baseline is established, specific scenarios are run and the results are compared
to the baseline. The first scenario is a fertilizer scenario in
which a nitrogen tax increases the price of nitrogen in the
United States by 10% over the baseline beginning in 2011 and
extending to the final projection year of 2025.
In the second scenario, a US afforestation scenario is
analyzed in which we use the crop area displacement from
afforestation used in a report by the United States Department
of Agriculture [3]. The scenario replaces 50 million acres of
cropland with forests mostly in the Corn Belt. This reduction
is equivalent to a 15% decrease in the total cropland used for
the 13 major crops, hay, and Conservation Reserve Program
(CRP). Given high commodity prices and the resulting high
land cash rents in the Corn Belt, we believe that it is very
unlikely to see significant afforestation in the Corn Belt as
modeled in the USDA 2009 report [15]. However, we adopt
the scenario of high afforestation in the Corn Belt because it
leads to interesting results in terms of prices and agricultural
production around the world. In addition, it illustrates the
negative effects in terms of carbon sequestration by shifting
agricultural production from the United States to other
countries.
The two scenarios are presented relative to the baseline
projections by comparing the long-run equilibrium results
for the baseline (year 2023) to those of the scenarios. The
impacts on US and world crops and livestock (i.e., agricultural markets), biofuels, and fertilizer are expressed in terms
of percent change between the 2023 baseline and scenario
numbers. The only exception is the impact on GHG emissions, which are presented in terms of the average percent
change over the projection period. Emissions, particularly for
land-use change, are nonlinear and vary significantly from
year to year. Thus, average changes over the projection period
tend to be more informative than choosing one particular
year.
4.2. Fertilizer Tax Scenario
4.2.1. Impact on Agricultural Markets. We analyze a fertilizer
tax scenario in which the tax increases the price of nitrogen
in the United States by 10% over the baseline from 2011 to
2025. US farmers usually apply more nitrogen than they
need in a typical year. They do this because they realize that
nitrogen can leach in wet years and that it therefore makes
economic sense to apply excess nitrogen to insure against
wet spring weather [16]. That is, when nitrogen fertilizer is
inexpensive relative to its value when it is needed, farmers
will apply more fertilizer than is needed in an average year.
Additionally, Sheriff [17] suggests that overapplication of
nitrogen fertilizer is ex ante optimal. Recent research suggests
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0.9%–1.9%

−0.2%–0.8%
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Figure 2: Baseline change in US nitrous oxide emissions between 2011 and 2025.

that N2 O emissions increase dramatically when nitrogen
fertilizer rates exceed agronomic rates.
To put the magnitude of this shock in perspective,
total fertilizer cost accounts for almost 40% of corn total
variable cost in the US Corn Belt region, and the cost of
nitrogen fertilizer represents about 50% of total fertilizer cost.
In soybeans, total fertilizer cost accounts for 28% of total
variable cost, and the cost of nitrogen fertilizer represents
9% of total fertilizer cost [18].11 Therefore, a 10% increase in
the price of nitrogen fertilizer translates into an increase in
variable costs in the Corn Belt in the order of roughly 2% and
0.25% for corn and soybeans, respectively. The change in the
total variable cost directly affects both the area allocation and
yield equations. Although the impacts are small, as expected,
some interesting results emerge. As illustrated in the case of
corn and soybeans, there will be some differentials in the
impacts across different crops because of the varying intensity
of the use of fertilizer in general and nitrogen fertilizer in
particular. Additionally, since this is a shock only in the
United States, there are offsetting effects when the response
of the rest of the world is considered.
Table 3 shows the impacts of the increase in the price of
nitrogen fertilizer on the price of the major commodities by
comparing baseline numbers to scenario numbers. As shown
in Table 3, corn and wheat prices increase while soybean
prices decline. This follows from the observation that corn
and wheat make more intensive use of nitrogen fertilizer than

Table 3: Change in commodity prices between baseline and
fertilizer tax scenario.
Wheat FOB Gulf
Corn FOB Gulf
Soybean CIF Rotterdam
Beef Nebraska Direct
Barrow and Gilt, National
Broiler U.S. 12-City
Anhydrous ethanol, Brazil
Ethanol FOB Omaha
Biodiesel Central Europe FOB
Biodiesel plant

2011∗
0.11%
0.25%
−0.07%
0.01%
0.01%
0.01%
0.004%
0.05%
0.00%
−0.01%

Long run∗∗
0.09%
0.14%
−0.05%
0.01%
0.08%
0.03%
0.01%
0.08%
−0.01%
−0.02%

∗

2011 is the first year of projection. ∗∗ Long-run equilibrium is imposed in
2023.

do soybeans, and therefore their costs increase more as a
result of the fertilizer price increase. The improvement of the
economic returns of soybeans relative to those of corn and
wheat leads to an expansion of the soybean area in the United
States at the expense of the grains. As a result, soybean prices
go down while wheat and corn prices go up. The table also
shows that the price movement of ethanol follows that of
corn, the major feedstock in the United States.
Table 4 shows the impact on production and net trade
for the year 2023 when long-run equilibrium is imposed.
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United States
Wheat
Corn
Soybeans
Beef
Pork
Broiler
Ethanol
Biodiesel
Rest of the world
Wheat
Corn
Soybeans
Beef
Pork
Broiler
Ethanol
Biodiesel

Production

Net trade

−0.19%
−0.18%
0.07%
0.001%
−0.07%
0.001%
0.0003%
0.02%

−0.45%
−0.52%
0.11%
0.09%
−0.29%
0.02%
0.001%
−4.15%

0.01%
0.07%
−0.02%
−0.004%
0.02%
−0.003%
−0.002%
0.002%

0.07%
0.50%
−1.53%
−0.01%
0.05%
−0.01%
0.001%
−0.01%

The reduced supply of corn and wheat in the United States,
resulting from an increase in the cost of production, leads
to a reduction in US net exports of these commodities and
higher prices. Conversely, the rest of the world responds
to the lower US exports and higher prices by raising their
production levels of corn and wheat, leading to smaller
changes in net exports. Interestingly, production of soybeans
declines in the rest of the world. That is, production changes
for these three commodities (wheat, corn, and soybeans) in
the rest of the world are directionally opposite those of the
United States. The intuition behind these results is that cost
of production does not change for the rest of the world;
therefore, production responses follow the price movements.
On the other hand, changes in the costs of fertilizer in the
United States worsen the domestic competitiveness of wheat
and corn compared with that of soybeans.
The impacts on biofuel and livestock production and
trade are also presented in Table 4. Higher production costs
lead to an increase in corn prices. However, US ethanol
production is relatively unchanged in 2023 relative to the
baseline. Despite the higher world ethanol price, ethanol
production in countries like Canada and China also declines
as prices for the feedstock for ethanol (viz., corn and wheat)
increase. Although US biodiesel net imports decline by 4% in
2023, net imports are only 4.3 million gallons in the baseline,
decreasing to 4.1 million gallons in the scenario. For livestock
products, beef is slightly favored when compared with pork
and poultry. This is because soybean meal and hay prices
decline for beef cattle, while hogs are penalized by the higher
feed cost, particularly for corn. The rest of the world responds
by compensating for any reduction in pork trade from the
United States.
With a binding ethanol RFS, the higher corn feedstock
price induces a substitution of imported sugarcane ethanol

(%)

Table 4: Changes in production and net trade between baseline and
fertilizer tax scenario (2023).

0.20
0.00
−0.20
−0.40
−0.60
−0.80

US
US
US
US
US
US
US World
corn barley oats sorghum wheat soybeans total total

Figure 3: Change in fertilizer use between baseline and fertilizer tax
scenario (2023).

for domestic corn ethanol and higher ethanol prices. In
contrast, the cheaper soybean oil biodiesel feedstock leads to
higher domestic production of biodiesel, despite lower prices
for the product.
4.2.2. Impact on Fertilizer Use. Figure 3 shows that total
fertilizer use in the United States decreases by just under
0.2% because the higher domestic price of fertilizer induces
a decrease in fertilizer application rates and planted areas of
most commodities (except for soybeans and sugar beet).
In the case of corn production, higher nitrogen prices
drive down harvested areas, as well as fertilizer application
rates, decreasing total fertilizer use in corn. This result
shows the inelasticity of demand for fertilizers in corn. A
10% increase in the price of nitrogen has only minor longrun effects on nitrogen demand. A similar result of lower
planted area and lower fertilizer application rates occurs
in other grains such as barley, oats, sorghum, and wheat.
In contrast, soybeans show an increase in fertilizer use
even with a lower fertilizer application rate because area is
shifted from nitrogen-intensive crops. Soybean production is
characterized by a low use of nitrogen fertilizers because of
the crop’s ability to fix nitrogen in soils from other sources.
Thus, an increase in the price of nitrogen is expected to make
soybean production relatively more attractive.
Since the nitrogen fertilizer price increase is isolated to
the United States, the rest of the world responds to the higher
world crop prices by increasing area and rates of fertilizer
use, but the impacts are small. The overall consequence of
such a policy is that the reduction in demand from US
nitrogen-intensive crops such as corn, barley, oats, and wheat
is partially offset by the higher use in the rest of the world
such that world fertilizer use shows only a minor reduction.
The CARD-FAPRI model includes landed prices for each
country expressed in US dollars per metric ton of nitrogen,
phosphate, and potash units, that is, expressed in nutrient
units. Table 5 shows baseline and scenario reference prices for
three fertilizer products in the US case. While this number
may seem small when compared to the sharp changes in
fertilizer prices in recent years, it is relatively large with
respect to existing fertilizer taxes. To put this figure in
perspective, consider that through the 1987 Groundwater
Protection Act (House File 631) for Iowa, in articulation of
its comprehensive policy of groundwater contamination, a
nitrogen tax of $0.75 per ton of product ($0.82 per metric ton)
was established based on an 82% nitrogen content solution. In
the case of urea (with 46% of nitrogen content), for example,
the nitrogen tax represents a 0.1% increase in the price.
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Table 5: US fertilizer landed prices: baseline and fertilizer tax scenario (US$/metric ton).
2011

2012

2013

2014

Urea
Super phosphate
Potassium chloride

440
509
513

459
529
533

473
552
556

473
563
568

Urea
Super phosphate
Potassium chloride

484
509
513

505
529
533

520
552
556

520
563
568

2015

2016
2017
Baseline
481
486
487
580
590
597
585
594
602
Fertilizer tax scenario
529
534
535
580
590
597
585
594
602

4.2.3. Impact on Greenhouse Gas Emissions. In terms of livestock and associated emissions, with the lower prices of
soybean meal and hay offsetting the increase in the price of
corn, there are no significant changes in GHG emissions from
enteric fermentation and manure management.
The more interesting aspect of the scenario is the inability
of the 10% fertilizer price increase to significantly reduce
synthetic fertilizer emissions (nitrogen) in the United States.
Over the projection period, emissions in the United States
decline by an average of only 0.15% and also on a global
scale the reductions are negligible.12 An explanation for this
phenomenon can be found in the fairly inelastic demand
for nitrogen fertilizer in the United States. The scenario
restricts the effects of the fertilizer price increase to the United
States. That is, there is no transmission of the higher nitrogen
fertilizer price in the United States to the fertilizer price in
the rest of the world. Area in the United States goes down
by 0.07% on average, leading other countries to compensate
for the reduced production by increasing their area. Table 6
depicts the increase in million metric tons of CO2 -equivalent
for selected countries and for the rest of the world. Land
carbon sequestration increases by 1.63% in the United States
due to the reduction in cropland.
However, the increase in global crop area is small and
leads to only slightly higher emissions when compared
with the baseline. Carbon savings from land reversion in
the United States may not be significant because reverted
cropland goes into idle cropland category. However, land
conversion in the rest of the world may be from native
vegetation rich with sequestered carbon. The two main
drivers of those emissions are India and China, both having
low available idle land and a greater likelihood of conversion
of native vegetation to supply increases in cropland.
4.3. Afforestation Scenario
4.3.1. Impact on Agricultural Markets. In order to analyze the
impact of the afforestation scenario, we used the crop area
displacement from afforestation used by the EPA in its 2005
report, which projects the afforestation of roughly 100 million
acres of land in the United States under the scenario of $30
per metric ton of carbon and 50 million acres of displaced
area from cropland (Table 7). This displacement is equivalent
to a 15% reduction in the total cropland used for the 13 major
crops, hay, and CRP. The acres were reduced by crop based on

2018

2019

2020

2021

2022

2023

Avg.

492
607
612

500
617
622

508
627
632

508
627
632

508
627
632

508
627
632

486
589
593

541
607
612

550
617
622

559
627
632

559
627
632

559
627
632

559
627
632

535
589
593

Table 6: Change in land carbon sequestration between baseline and
fertilizer tax scenario.
Country
Argentina
Brazil
China
European Union
India
United States
Rest of the world
Total

Change in Mt of CO2 -e
−0.067
0.122
0.414
0.135
1.327
−1.548
1.314
1.697

Change in %
−0.10%
0.02%
0.38%
0.19%
0.69%
1.63%
0.09%
0.07%

Table 7: Initial area reduction by region in the United States (in
million acres).
Regions
Corn Belt
Delta States
Far West
Lake States
Southeast
Southern Plains
Total

2011
3.57
2.29
0.14
0.21
0.21
0.71
7.14

2015
10.71
6.86
0.43
0.64
0.64
2.14
21.43

2020
19.64
12.57
0.79
1.18
1.18
3.93
39.29

2025
25.00
16.00
1.00
1.50
1.50
5.00
50.00

area share by region and each crop’s share of total area within
each region in the baseline. Even though 50 million acres were
originally displaced, the total of 13 crops, hay, and CRP in the
scenario is only 40 million acres below the baseline.13 The
primary reason is that, as cropland is displaced, crop prices
and revenue increase, encouraging some retention of area. Of
the 40 million acres of displaced area, 40% is in soybeans, 22%
in corn, 13% in wheat, 12% in hay, 5% in rice, 3% in cotton, and
2% in sorghum.
Table 8 shows the percent change in the prices of selected
commodities in the crop, livestock, and biofuel sectors
between the baseline and the afforestation scenario. We find
in this scenario an increase in the prices of all agricultural
commodities, as more land is reverted to forestland use, first
contracting agricultural supply in crops, then in all other
commodities, including, biofuels, livestock, and fertilizer.
The initial shock in the United States creates a short supply
situation, causing prices to increase by 10.5% for wheat and
by 17% for corn.
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Table 8: Change in commodity prices between baseline and
afforestation scenario.
Wheat FOB Gulf
Corn FOB Gulf
Soybean CIF Rotterdam
Beef Nebraska Direct
Barrow and Gilt, National
Broiler U.S. 12-City
Anhydrous ethanol, Brazil
Ethanol FOB Omaha
Biodiesel Central Europe FOB
Biodiesel plant

2011∗
1.42%
3.60%
3.45%
0.10%
0.25%
0.28%
0.06%
0.62%
0.16%
0.33%

Long run∗∗
10.51%
17.12%
18.48%
6.78%
9.99%
9.91%
0.24%
7.84%
3.65%
6.48%

∗

2011 is the first year of projection. ∗∗ Long-run equilibrium is imposed in
2023.

Based on the EPA area displacement estimate, most of the
cropland area converted into forest land is from soybean area.
As a result, with a short supply, the soybean price increases by
18.5%. In the livestock sector, the strong feed grain and oilseed
meal prices resulting from afforestation lead to a general short
supply of meat, causing prices to rise for beef, pork, and
poultry.
Table 9 shows the impact of the afforestation scenario
on domestic production and net trade. As more cropland is
diverted for afforestation in the United States, more area is
planted in the rest of the world. That is, while area planted
for wheat and corn declines in the United States, area for
these crops increases outside the United States. In effect, the
price impacts relocate agricultural production away from the
United States and toward the rest of the world.
Similarly, afforestation of soybean area in the United
States increases soybean area in the rest of the world,
with production in Argentina and Brazil increasing. In the
livestock sector, the strong feed grain and oilseed meal
prices resulting from afforestation contract the US livestock
and poultry sectors. Total world production impacts for all
meats reflect the differential feed cost structure, whereby beef
production responds much less than poultry production to
the increase in feed prices.
With the area displacement, US exports of corn and
wheat decline. The rest of the world responds to the short
supply and higher grain prices, with China reducing corn
imports and Brazil and South Africa increasing their corn
exports. In the case of wheat, China and Russia increase their
net wheat exports. As most of the cropland area converted
into forest land is from soybean area, soybean production
in the United States declines with decline in both area and
yields. Moreover, yield declines suggest a decreasing share
of high-yield regions in total US production. With a short
supply, US soybean exports are reduced. In the livestock
sector, net imports of beef increase while exports of pork and
poultry decline. Because of their different feeding rations and
associated cost structures, the beef sector gains in relative
terms compared with pork and poultry when prices of feeds
increase, as consumers substitute away from the relatively
more expensive pork and poultry.

Table 9: Change in production and net trade between baseline and
afforestation scenario (2023).
United States
Wheat
Corn
Soybeans
Beef
Pork
Broiler
Ethanol
Biodiesel
Rest of the world
Wheat
Corn
Soybeans
Beef
Pork
Broiler
Ethanol
Biodiesel

Production

Net trade

−11.20%
−10.31%
−22.85%
−6.95%
−4.69%
−6.01%
−0.02%
−4.66%

−25.14%
−31.38%
−35.97%
118.31%
−19.49%
−14.69%
0.08%
1082.43%∗

0.49%
3.91%
6.52%
0.66%
2.61%
1.75%
−0.06%
−0.60%

3.53%
43.90%
15.73%
2.52%
3.02%
3.00%
0.21%
0.24%

∗

Biodiesel imports increase from 4.3 million gallons to 50.7 million gallons
between the baseline and the scenario.

4.3.2. Impact on Greenhouse Gas Emissions. The afforestation scenario represents a major shift in US agricultural
production, and we see that the unintended consequence of
this policy is an increase in carbon emissions from landuse change on a global scale. In Table 10, which shows the
change in emissions between the baseline and the scenario,
we separate the emissions of synthetic fertilizer from agricultural soil management (ASM) emissions to underline the
effect of the emissions from fertilizer in the fertilizer tax
scenario. Although there is a reduction in emissions from
synthetic fertilizer in the United States, emissions from landuse change due to a shift of agricultural production to other
countries outweigh the savings in the United States.
Emissions from enteric fermentation decrease for all
major countries as most livestock and dairy sectors contract
under a high feed regime with afforestation, the sharpest
decrease occurring in the United States (1.04%). Emissions
from nitrogen application are reduced by 0.39% on a global
scale. The main driver of this result is the US cropland
reduction, although fertilizer consumption in most other
countries increases. For example, total fertilizer emissions
increase by 0.86% in Brazil, by 0.7% in China, and by 0.27%
in the European Union. The most interesting aspect of the
scenario is the increase in carbon emissions related to landuse change in the rest of the world. High-quality US cropland
is replaced with lower quality cropland (quality in terms of
yield), and, hence, more area is needed to compensate for
the reduction in production. We see cropland increase in
almost all countries, including in Brazil (0.21%) and in China
(0.64%). Because many of these countries have exhausted
their idle cropland, any increase in cropland is likely to be
supplied by converting land covered by native vegetation,
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Table 10: Change in emissions between baseline and afforestation scenario.
Enteric fermentation

Argentina
Brazil
China
European Union
India
United States
Rest of the world
World

−0.01
−0.02
−0.30
−0.04
−0.03
−1.23
0.35
−1.29

Argentina
Brazil
China
European Union
India
United States
Rest of the world
World

−0.02%
−0.01%
−0.17%
−0.03%
−0.02%
−1.04%
0.07%
−0.09%

Manure management
Synthetic fertilizer
ASM (except fertilizer)
(Million metric tons of CO2 -equivalent)
−0.01
0.03
0.15
0.03
0.09
1.30
−0.01
0.68
1.51
−0.01
0.11
0.07
0.00
−0.05
−0.02
−0.54
−2.77
−3.48
0.14
0.57
1.05
−0.40
−1.35
0.58
(Percent change)
−0.18%
0.81%
0.18%
0.12%
0.86%
0.51%
−0.01%
0.70%
0.41%
−0.02%
0.27%
0.09%
−0.01%
−0.10%
−0.04%
−1.37%
−6.43%
−1.62%
0.11%
0.60%
0.14%
−0.11%
−0.39%
0.03%

leading to a 6.65% increase in global emissions from land-use
change compared with the baseline.

5. Summary and Conclusion
This analysis evaluates the impact of two policy scenarios on
US and world agricultural markets, as well as on world fertilizer use and world agricultural greenhouse gas emissions.
Both scenarios are adverse supply shocks, the first being a 10%
increase in the price of nitrogen fertilizer in the United States,
and the second a reversion of US cropland into forestland.
At the end of the baseline projection period, the United
States accounts for 18% of the world’s idle cropland, Brazil
43%, Russia 10%, and Mexico 9%. Many of the remaining
countries have almost exhausted their idle cropland, including Argentina with only 0.09 million hectares, Australia with
0.46, Canada with 1.30, China with 0.97, India with 0.02, and
South Africa with 0.04. This situation is important because, in
effect, any shock penalizing the United States in the sense of
reducing US cropland and thereby reducing US exports may
result in unintended consequences elsewhere, with countries
that are short of cropland responding to this new market
incentive and expanding domestic production by converting
native vegetation, thus releasing rich carbon stock.
In the livestock sector, the most interesting lesson from
the scenarios is that they have a differential impact by meat
type because of differences in cost structures across sectors.
That is, feed cost accounts for only 28% of the total cost in a
cow-calf operation while it accounts for 74% of a pork farrowto-finish operation. Any shock in the United States that raises
crop prices will automatically result in relatively higher price
changes in pork and poultry compared with beef, which
sustains domestic beef consumption through substitution
and weakens any reduction of the beef sector from the higher
crop prices. Also, pasture-based production systems in other

LUC emission
6.50
140.51
31.54
8.45
3.46
−158.95
114.24
145.75
9.95%
24.05%
29.29%
12.21%
1.79%
167.27%
7.71%
6.06%

countries may not be too adversely affected by higher grain
prices, allowing expansion in world beef production and an
increase in world GHG emissions.
The impact of a policy that raises nitrogen fertilizer prices
on GHG emissions is muted when the entire agricultural
sector in the world market is allowed to adjust. For example,
although fertilizer-intensive crops (such as corn) are penalized with higher nitrogen fertilizer prices resulting in lower
fertilizer use, more fertilizer is used in the same crops in
the rest of the world. Moreover, market rigidities caused by
policies dull the impact of higher nitrogen fertilizer prices.
This is particularly true in biofuels, which have a binding
RFS in both ethanol and biodiesel production in the baseline.
Higher corn feedstock prices reduce domestic production of
ethanol. But because the RFS is binding, any reduction in
domestic corn ethanol is simply replaced by an increase in the
imports of sugarcane ethanol from Brazil, thereby raising the
world ethanol price, sugarcane area, and sugarcane fertilizer
use.
In the afforestation scenario, crop production shifts from
high-yielding land in the United States to low-yielding land
in the rest of the world. Additionally, there is an increased
likelihood that land with native vegetation will be converted
into cropland. The net impact is an unintended increase in
world greenhouse gas emissions.
In general, the results show that the entire international
commodity market system is robust with respect to policy
changes in one country or in one sector. The policy implication is that domestic policy changes implemented by a
large agricultural producer like the United States can have
fairly significant impacts on the aggregate world commodity
markets. A second point that emerges from the results is
that the law of unintended consequences is at work in world
agriculture. For example, a policy geared toward sequestering
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carbon through afforestation in the United States can end up
resulting in a net increase in world greenhouse gas emissions.
The results suggest that to avoid the kind of leakage
resulting from the unilateral implementation of policies
in a major agricultural producer (like the United States)
internationally coordinated policies and actions might be
needed. An analysis of alternative concerted policy actions
(e.g., simultaneous implementation of the nitrogen tax in all
countries of the world), particularly in terms of their ability
to more effectively reduce emissions, might be an interesting
avenue for future research.

Endnotes
1. Data on the world crude oil price is from the World
Bank [19] (simple average of three spot prices; Dated
Brent, West Texas Intermediate, and the Dubai Fateh in
nominal US dollars).
2. More details on ACES and EISA can be found at http://
thomas.loc.gov/cgi-bin/bdquery/z?d111:H.R.2454: and
http://www.gpo.gov/fdsys/pkg/PLAW-110publ140/html/
PLAW-110publ140.htm, respectively.
3. FAPRI is the Food and Agricultural Policy Research
Institute at Iowa State University.
4. We call the modeling system FAPRI-CARD to distinguish it from the FAPRI system, which involves a
model of the US agricultural sector developed and maintained by the University of Missouri at Columbia and
international models developed and maintained at Iowa
State University. In the FAPRI-CARD system, both the
domestic and international models are maintained at
Iowa State University.
5. Links to these sources are available: for USDA PSD
Online: http://www.fas.usda.gov/psdonline/; for FAOSTAT: http://faostat.fao.org/ ; for IFS: http://www.imf
.org/external/data.htm for IHS Global Insight: http://
www.ihs.com/products/global-insight/index.aspx?pu=1
&rd=globalinsight com/.
6. For a more detailed description of each of the models,
see http://www.fapri.iastate.edu/models/.
7. This turns out to be the case for ethanol. However, the
blender’s tax credit for biodiesel was extended again in
early 2013.
8. Although the projections extend to 2025, we impose the
long-run equilibrium in 2023 to allow the models an
additional couple of years to adjust.
9. This baseline is the FAPRI-ISU World Agricultural
Outlook, available at http://www.fapri.iastate.edu/outlook/2011/.
10. More detailed tables on the baseline and scenario results
by country are available from the authors.
11. The USDA’s Economic Research Service provides data on
fertilizer use by crop and by state for the United States.
12. Unlike the other impacts, which are expressed in terms
of percent change between the baseline and the scenario
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for the year 2023, the impacts on GHG emissions are for
the annual percent changes between the baseline and the
scenario averaged over the projection period 2011–2023.
13. In the model, we implement the reduction of 50 million
acres. After the model is run and equilibrium is reached,
the net result is a 40-million-acre reduction as area
responds to increases in prices and returns.
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The Energy Independence Security Act aims to increase the production of renewable fuels in order to improve the energy efficiency
of the United States of America. This legislation set the biofuel production goal at 136.3 million m3 by 2022, with approximately 79
million m3 derived from advanced biofuels or renewable fuels other than corn ethanol. A bioeconomic model was used to assess the
potential impact of the biofuel mandate in terms of nitrogen loss associated with corn production in northern Alabama considering
the El Nino Southern Oscillation phases. From simulations conducted at the watershed level, the expansion in biofuel production
would increase the production of corn by 122.89% with associated increase in nitrogen loss of 20%. Furthermore, nitrogen loss
would be more severe in climatic transition towards La Nina.

1. Introduction
In an attempt to develop clean energy substitutes for fossil
fuels, bioenergy crops are becoming increasingly popular in
the United States of America (US), with the ethanol industry
using 114 million metric tons of corn to produce 50.41 Mm3 of
ethanol in 2012 [1]. The National Biofuel Action Plan, based
on the Energy Independence and Security Act of 2007 (EISA)
and Food and Conservation Energy Act of 2008 (FCEA), aims
to replace or reduce fossil fuel through the production of
136.3 Mm3 of renewable fuels by 2022. As bioenergy crops
are gaining importance, their efficiency and environmental
impact are becoming an issue. The impact of bioenergy
crops on land-use change plays a significant role in choosing
between different crops.
A major requirement of the EISA is to forecast the
environmental impact of production of biofuels. Searchinger
et al. [2] estimated that the land use change for corn-based
ethanol production would double the greenhouse gas (GHG)
emissions over 30 years rather than reduce it, as estimated by
previous studies [3, 4]. As the demand for ethanol increases,
there would be an economically driven conversion of land

in soybean and wheat to corn. Soils and plant biomass are
the largest natural sources of carbon, containing almost 2.7
times the carbon content of the atmosphere. Conversion of
rainforests, peatlands, savannas, and grasslands would release
CO2 as a result of microbiological processes due to the
decomposition of organic carbon naturally stored in plant
biomass and soils [5]. Studies by Al-Riffai et al. [3], Dumortier
et al. [4], Melillo et al. [6], and Plevin et al. [7] address
the potential environmental impact of the biofuel expansion
in terms of carbon emissions derived by indirect land use
change (ILUC). Although these studies [3, 4, 6, 7] have
contrasting opinions on the exact estimation of ILUC carbon
emissions, in general, they suggest that carbon emissions
derived from the ILUC are not negligible and may potentially
exceed the direct emissions.
There are other environmental issues associated with the
biofuel expansion. If an increase in demand for biofuels
brings marginal farmland into production, this may induce
an increase in demand for fertilizers. Yield growth is also
an important determinant of land conversion for ethanol
production. Feng and Babcock [8] examined the demand for
corn-based ethanol, asserting that, under price subsidies, if
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the demand for ethanol is elastic, then an exogenous increase
in corn yield would increase the demand for land. Therefore,
if corn fertilization increases yield growth, in the long run,
it would create a cycle where both demand for marginal land
and fertilizers would keep increasing. Given the limited world
reserves of potash and phosphorus, Adusumilli et al. [9] claim
that, in the long run, the US economy may move from energy
dependence to a nutrient dependence condition.
While increased corn fertilization for production of corn
ethanol would contribute to the emission of nitric dioxide and
carbon dioxide associated with the manufacture of fertilizers
[10], biomass harvesting exposes land to wind and rainfall,
increasing the potential for soil erosion and land degradation, thereby potentially diminishing soil productivity [11].
Consequently, large amounts of fertilizers would be necessary
to produce corn on less productive lands, due to increased
fertility needs and additional land being brought into production. Khanna et al. [12] estimated that, in 2022 in Illinois,
there will be a potential increase in nitrogen fertilization
of corn fields of up to 25% as a consequence of the EISA
biofuel mandate. As a result, during rainfall events, sediment
and nutrients may be transported downstream to larger
water bodies generating increased levels of sedimentation
and nutrient loading, becoming a nonpoint source of water
pollution. Nitrogen is a main component that is depleted
by plants during the photosynthesis process, and, when it
reaches water recipients, it becomes a main contributor for
the formation of toxic algae through the eutrophication
process. The US Environmental Protection Agency (EPA)
as part of Section 305(b) and 303(d) of the Clean Water
Act reports the status of assessed waters in the USA by
size of water, cause of impairment, and probable source of
impairment for the USA and by state [13]. For example, EPA
has identified 158.7 thousand km of rivers and streams and
3.02 million ha of lakes, reservoirs, and ponds threatened or
impaired due to nutrients throughout the USA Additionally,
algal growth threatens or impairs approximately 361 thousand
ha of lakes, reservoirs, and ponds.
Simpson et al. [14] estimated a 37% increase in nutrient
loads from nitrogen for a 6.5 million hectare increase in
corn nationally. Donner and Kucharik [15] concluded that,
across the Mississippi-Atchafalaya River Basin, meeting the
136.3 Mm3 goal would increase dissolved inorganic nitrogen
export by 34% to 38%, depending on model assumptions.
The increases in total nitrogen loads due to increased corn
acreage, as estimated by Secchi et al. [16], were more conservative than those estimated in other studies [14, 15]. They
estimated a 5.4% increase in total nitrogen loads and a 4.1%
increase in total phosphorus loads at the outlet of the Upper
Mississippi River Basin with a 14.4% increase in corn acreage.
The level of increase in nutrient loads was dependent on the
corn acreage, which was driven by corn prices.
Secchi et al. [17] used the Environmental Policy Integrated
Climate (EPIC) model, coupled with a profit maximization algorithm to assess the potential increase in nitrogen
losses, in case that land from conservation programs are
converted into cropland for production of biofuels in Iowa.
The authors estimated a potential increase of nitrogen loss
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up to 190%, compared to the baseline scenario, assuming the
price of corn would double as a consequence of the ethanol
production expansion. They estimated that the amount of
land that would be converted from CRP back to production
agriculture depends on the price of corn. For example, at
118.10 US$ ton−1 , they estimated approximately 400,000 ha
would move back into continuous corn or corn/soybean
production. They based the producer’s decision to participate
in CRP or convert the land back to crop production on 2-year
profit margins.
While approximately 64% of corn and 54% of soybeans
produced in the USA were grown in Illinois, Indiana, Iowa,
Minnesota, and Nebraska [18]. In 2011, corn and soybean production has increased in AL over the last ten years. This study
investigates the potential impact of the US biofuel mandate on
nonpoint source nitrogen loss associated with the production
of energy cultivars (corn and soybean) in northern Alabama
(AL). The State Energy Program of AL was awarded $55.57 US
million from the American Recovery and Reinvestment Act
of 2009 by the US Department of Energy (DOE) to invest
in public and private sectors aimed at building a sustainable
biobased economy. As the biobased economy grows in AL,
it is important to understand the implications of changes to
the agricultural landscape (i.e., increased corn and soybean
production) and the environment (i.e., increased fertilizer
use).
To measure the extent to which the expansion of biofuel
production may increase the nonpoint source of nitrogen
pollution, a modeling approach was used that differs slightly
from previous studies available in the literature. The methodology consisted of a bioeconomic model that relied on the
joint use of the Soil and Water Assessment Tool (SWAT) [19,
20] and a stochastic discrete model of profit maximization,
including climate information. The overall objective of this
study is to assess the potential impact of the biofuel mandate
in terms of nitrogen loss associated with corn production in
northern AL considering the El Nino Southern Oscillation
phases. To the best of our knowledge, we are the first to aim to
answer this research inquiry in this specific geographic area.

2. Data and Methodology
The analysis was conducted for the northern portion of
AL. In the past six years there has been an increasing
trend in the agricultural area dedicated to corn production
[21]. For example, in 2011, Lawrence County, AL, was the
top corn producer in the state with a total production of
approximately 95,610 metric tons and 11,502 ha harvested by
the local corn producers [21]. The counties adjacent to or
in close proximity to Lawrence County, including Madison,
Lauderdale, Limestone, and Colbert, were in the top five
corn producing counties in 2011. While the United States
Department of Agriculture (USDA) ranked AL in 2011 as
the 26th state in corn production with total corn production
valued at $178.1 US million [20], an increase in demand for
corn ethanol will keep the current trend in corn production
positive in the coming years.
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The predominant soils in the area are of US class
B, C, and D with clay characteristics of low infiltration
rate and high levels of runoff. In addition to corn, the
other major crops grown by the local farmers are cotton
and soybeans; the latter is also suitable for production of
biodiesel with a high net energy value. Furthermore, this
area of AL was chosen because of its close proximity to a
biorefinery: Green Plains Renewable Energy in Obion, Tennessee (http://www.gpreinc.com/Locations/13). This biorefinery started grinding corn in November 2008, and has a
current capacity of 454,249 m3 .
As previously mentioned, the biophysical component
of the bioeconomic model is implemented with the SWAT
model, which is a physical continuous dynamic mathematical
model used to predict surface runoff, sedimentation (soil
erosion), nutrient yields, soil bacteria and other pathogens,
and crop yields. Therefore, the bioeconomic analysis was
extended to a larger area, part of the Black WarriorTombigbee and the Middle Tennessee-Elk Basins, which are
comprised of the following counties or portions of the following counties in northern AL: Colbert, Cullman, Franklin,
Jackson, Lauderdale, Laurence, Limestone, Madison, Marion,
Marshall, Morgan, and Winston. A digital elevation map
(DEM) for this area was created by EROS Data Center of
the United States Geologic Survey (USGS), and it is available
from the USDA, National Resources Conservation Service
(NRCS) [22]. This map was used for the DEM-based stream
definition in ArcSWAT 2009 to delineate a major watershed
of 2.015 million ha that lays on four major subbasins or
8 digit Hydrologic Unit Code (HUC) watersheds drained
by Sipsey Fork, a major tributary (118 km length) of the
Black Warrior River, Wheeler Lake, Pickwick Lake, and Bear
Creek, respectively. ArcSWAT allows users to set a minimum
subbasin size in the stream definition process. The lower the
area threshold value, the more detailed the drainage network.
The 10,000 ha threshold value was chosen for this analysis,
which is similar to the preprocessing value suggested by
ArcSWAT (8,886 ha), to delineate a total of 120 subbasins
(Figure 1). The average elevation of the entire watershed is
approximately 74 meters above sea level (standard deviation
= 60.73 meters).
The 120 subbasins were further divided into 470 pedologically and phenologically independent hydrological response
units (HRUs) with a territory that has three different geomorphological classes. Soil data were from the STATSGO
Database included in ArcSWAT 2009. Land use was modeled
using the 2010 Alabama (AL), Tennessee (TN), and Mississippi (MS) Cropland Data Layers of the USDA, National
Agricultural Statistics Service (NASS). Both the DEMs and
the Cropland Data Layers are freely available at the Geospatial
Data Gateway of USDA, NRCS [22]. The watershed’s area
devoted to agricultural activities represents approximately
10% of the total area, while the land covered by deciduous and evergreen forest is approximately 65.24%. Monthly
stream flow data, used for the calibration and validation of
the hydrological model, were available from the National
Water Information System of the USGS [23]. Climatic data
used for the biophysical model were available from the
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Grassland Soil and Water Research Laboratory of USDA,
Agricultural Research Service (ARS) [24] for 57 rain gaugeclimatic stations located in the area and consisted of daily
precipitation and minimum and maximum daily temperature
from 01/01/1950 to 12/30/2010.
2.1. Hydrological Calibration. The hydrological component
of the biophysical model is parameterized to estimate the
long run stream flows of the gauge stations at: (1) Elk
River at Prospect, TN (USGS 03584600); (2) Shoal Creek
at Iron City, TN (USGS 03588500); (3) Hester Creek near
Plevna, AL (USGS 0357479650); (4) Paint Rock River near
Woodville, AL (USGS 03574500); and (5) Big Nance Creek
at Courtland, AL (USGS 03586500). The calibration was
performed according to the guidelines of Arnold et al. [25].
Based on data availability the measured data were divided
into two continuous equitemporal intervals (except for USGS
03584600), for calibration and validation, to include both
wet and dry periods. The model was calibrated from January
2004 to December 2007 (validated from January 2008 to
December 2010) for USGS 03584600; from January 2001 to
December 2005 (validated from January 2006 to December
2010) for USGS 03584600; from January 1999 to December
2004 (validated from January 2005 to December 2010) for
USGS 0357479650; and from January 1991 to December 2000
(validated from January 2001 to December 2010) for the
USGS 03574500 and USGS 03586500 gauge sites.
The calibration procedure was implemented using the
automatic SWAT Sequential Uncertainty Fitting (SUFI-2)
developed by Abbaspour et al. [26–28]. The SUFI-2 algorithm
is an iterative procedure used to determine the value of the
hydrological inputs of the SWAT model that predict stream
flows which are close to the one observed at the USGS
gauge stations. This procedure is based on the maximization
of the coefficient of determination (𝑅2 ) between observed
and predicted stream flows. The algorithm subdivides the
variability range (range determined by the minimum and
maximum value) for each parameter in subintervals; the
Latin hypercube technique is used to resample the parameter space by extracting a uniform random value in each
subinterval of each parameter; an iteration consists of finding
the set of resampled hydrological inputs which maximize
the objective function (𝑅2 ). The SUFI-2 uncertainty analysis
routine estimates a 95% confidence range of hydrological
parameters which includes the specific parameter values used
to calibrate the model. The hydrological parameters used
for the calibration were those suggested by Abbaspour et
al. [28] and are presented in Table 1 ranked in order of
their sensitivity with respect to the value of the objective
function. A warm-up period of ten years was used to stabilize
the initial conditions of the watershed prior to start the
calibration procedure that produced the fitted values of the
19 hydrological parameters (Table 1).
It should be pointed out that initially the hydrological
model failed to simulate some peak flows during the calibration period. A further investigation of the available precipitation data confirmed that data from the meteorological
stations near Hester Creek, Paint Rock, and Elk River were
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Figure 1: Watershed delineation of the study area.

only 20% accurate [24]. Therefore, during the calibration
procedure rainfall data, where appropriate, were resampled
to mitigate the error between observed and simulated peak
flows.
The validation of the hydrological model was implemented by performing an additional iteration of the SUFI2 algorithm for the validation periods, replacing the SWAT
default values of the hydrological parameters (minimum and
maximum) with the new range of parameters obtained from
the calibration step (i.e., new minimum and new maximum
reported in Table 1) [28]. Figure 2 is a graphical illustration
of the predicted and observed stream flows for the calibration/validation procedures of the hydrological model. The
statistical summary of the calibration/validation procedure
is reported in Table 2, where the p-factor ∈ [0, 1] and the
r-factor ∈ [0,∞] are the SUFI-2 parameters that quantify
the uncertainty associated with the hydrological variables
used for the calibration. A p-factor equal to one and r-factor
equal to zero refers to a simulation that produces predicted
stream flows identical to the measured data. The hydrological
model efficiency can be evaluated from the values of the
coefficient of the determination (𝑅2 ). However, the coefficient
of determination alone is not a good measure of efficiency
because it may only capture correlation between measured
and simulated stream flows [29]. Hence, the Nash-Sutcliffe
Efficiency (NSE) coefficient, the percent bias (Pbias), and the
ratio of the root mean square error to the standard deviation
of measured data (RSR) were also considered as part of the
hydrological model assessment.

Moriasi et al. [30] suggested that the performance of
hydrological models should be evaluated by a simultaneous
assessment of NSE, Pbias, and RSR, in addition to the
graphical techniques. According to the authors, satisfactory
simulations of models for stream flows should have values of
NSE > 0.50, RSR ≤ 0.70, and Pbias ±25%, respectively.
The hydrological model had acceptable performance during the validation period for all the monitoring points except
for USGS 03584600, which simulated a slightly upwards
biased stream flow (Pbias = +35.78%). However, the statistics
recorded for the validation period showed a slight decline in
model efficiency for the monitoring point USGS 03584600
(NSE = 0.49; RSR = 0.72) and a more severe decline for
the monitoring point USGS 0357479650 (NSE = 0.18; RSR
= 0.90; Pbias = −83.94%) in spite of a high coefficient of
determination (𝑅2 = 0.78). Overall the calibrated model
simulates the hydrological processes relatively well.

2.2. Nitrogen Calibration. The nitrogen calibration should be
focused on the main constituent of nitrogen loss: mineral
nitrogen and organic nitrogen. However, the lack of available
data can be a serious impediment for the calibration of
nutrient losses. If nutrient monitoring data are not available,
then the proportion of the main constituents of the nutrient
loss can be assessed by an expert who has knowledge of the
watershed [25]. For this study, measured data on mineral and
organic nitrogen loss were only partially available on daily
basis for the gauge Hester Creek near Plevna, AL (USGS
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Figure 2: Calibration and validation of the hydrological model: observed versus predicted monthly stream flows.
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Table 1: Hydrological model calibration: parameters.

Parameter
CN2
ALPHA BNK
HRU SLP
Precipitation (Hester Creek)
ESCO
Precipitation (Paint Rock)
GW DELAY
RCHRG DP
Precipitation (Elk River)
GWQMN
EPCO
SLSUBBSN
CH K(2)
ALPHA BF
REVAPMN
CH N(2)
GW REVAP
CANMXd
SURLAG

Default values
Min
Max
b
57.000
80.000b
0.000
1.000
0.000b
0.400b
0.000c
179.830c
0.010
0.100
0.000c
152.950c
0.000
500.000
0.000
1.000
c
0.000
179.320c
0.000
5000.000
0.010
1.000
109.820b
0.785b
5.000
130.000
0.100
1.000
0.000
500.000
0.000
0.300
0.020
0.100
−1.000
1.000
0.000
20.000

New min
52.900b
0.356
0.000b
0.000c
0.046
0.000c
−89.328
0.001
0.000c
−2017.763
−0.182
0.720b
31.424
0.461
105.690
0.108
0.047
−0.357
−9.272

New max
73.800b
1.074
0.523b
92.250c
0.119
466.500c
304.328
0.669
542.440c
2667.763
0.608
100.750b
97.326
1.188
369.310
0.327
0.100
0.937
10.272

SUFI-2 estimated values
Fitted value
𝑃 valuea (sensitivity analysis)
—
0.000∗∗∗
0.715
0.000∗∗∗
—
0.005∗∗∗
—
0.007∗∗∗
0.082
0.020∗∗
—
0.023∗∗
107.500
0.034∗∗
0.335
0.075∗
—
0.182
325.000
0.190
0.213
0.217
—
0.233
64.375
0.372
0.825
0.419
237.500
0.452
0.218
0.468
0.073
0.698
0.290
0.859
0.500
0.925

CN2: initial Soil Conservation Service runoff curve number, function of land use, soil’s permeability, and previous soil water condition; ALPHA BNK: baseflow
alpha factor for bank storage (days); HRU SLP: average slope steepness (m/m); precipitation: rainfall at monitoring point (mm); ESCO: soil evaporation
compensation factor; GW DELAY: groundwater delay time (days); RCHRG DP: deep aquifer percolation fraction; GWQMN: threshold dept of water in shallow
aquifers (mm H2 O); EPCO: plant uptake compensation factor; SLSUBBSN: average slope length (m); CH K(2): effective hydraulic conductivity (mm/hrs);
ALPHA BF: baseflow alpha factor (days); REVAPMN: threshold dept of shallow aquifers evaporation/deep aquifer percolation (mm H2 O); CH N(2): Manning’s
roughness coefficient for channel flow; GW REVAP: groundwater evaporation coefficient; CANMX: maximum canopy storage (mm H2 O); SURLAG: surface
runoff lag coefficient. ∗∗∗ 99%, ∗∗ 95%, and ∗ 90% confidence intervals. a probability of the t-statistic of the coefficients obtained by regressing the Latin hypercube
parameters, generated during the calibration procedure and against the objective function values [23]; b minimum and maximum value of the HRU sample of
parameters; c minimum and maximum value of measured and resampled precipitation at monitoring points; d the fitted value is summed to one and multiplied
by the default value (percentage change).

0357479650), from March 1999 to August 1999. Since these
data, available at USGS-NWIS [23], were not continuously
measured on daily basis, they have been averaged to produce
a monthly time series of nitrogen loadings and used for the
nitrogen calibration using the SUFI-2 automatic calibration
procedure. Unfortunately, consistent data (from March to
August of another year of simulation) were not available
for the validation of the model; therefore, the nitrogen
load calibration performed only has the scope to verify the
proportions of mineral and organic nitrogen to the nitrogen
load. Therefore, the results of this procedure are a “substitute”
assessment made by an expert with the physical knowledge of
the region modeled. The parameters used for the calibration
and statistical summary of this procedure are reported in
Table 3, while Figure 3 is a graphical summary of simulated
and measured nitrogen loads.
According to the literature, satisfactory simulations of
nitrogen loads should have the modeling efficiency coefficients NSE > 0.50, RSR ≤ 0.70, and Pbias ±70% [30].
Although the measured data used for the nitrogen calibration
were limited, and considering the potential bias associated
with aggregating daily loads into monthly base loads, the
simulation of nitrogen loads was fair for the calibration

period. To reduce the bias introduced by missing data into
calibration procedures of hydrological models, there are two
viable solutions that might be explored in future extensions of
this study. First, if prior information of the statistical parameters of the distribution of partially observed data is available
(even for a similar watershed), then the maximum entropy
criterion can be used to recover the missing data (unknown)
subject to the available data (known) in order to maximize the
entropy of the distribution. Affuso and Caudill [31] developed
a linear approximation of the maximum entropy formalism
that is computationally convenient and may be included as
an extension of the SUFI2 calibration algorithm. A second
method to recover the missing data would be to use a multiple
imputation technique before the calibration procedure that is
based on Expectation Maximization (EM) or a Markov chain
Monte Carlo algorithm after a careful analysis of the data
missingness pattern [32].
2.3. Crop Yield Calibration. Based on the local climatic
conditions, one crop per year and a corn-soybean rotation are
common practices in the study area as well as the addition
of supplemental water through irrigation. For each HRU,
water and fertilizer applications were simulated by selecting
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Table 2: Statistical summary of the SUFI-2 hydrological calibration procedure.
Gauge station
USGS 03584600
USGS 03588500
USGS 0357479650
USGS 03574500
USGS 03586500

Period
Jan-2004/Dec-2007
Jan-2001/Dec-2005
Jan-1999/Dec-2004
Jan-1991/Dec-2000
Jan-1991/Dec-2000

𝑝-factor
0.67
0.78
0.52
0.63
0.54

USGS 03584600
USGS 03588500
USGS 0357479650
USGS 03574500
USGS 03586500

Jan-2008/Dec-2010
Jan-2006/Dec-2010
Jan-2005/Dec-2010
Jan-2001/Dec-2010
Jan-2001/Dec-2010

0.39
0.65
0.35
0.41
0.82

Calibration
𝑟-factor
0.82
0.99
0.67
0.88
0.66
Validation
0.58
0.80
0.68
0.8
0.81

𝑅2
0.84
0.69
0.62
0.71
0.90

NSE
0.52
0.68
0.54
0.57
0.87

Pbias
35.78%
−6.91%
−21.58%
20.93%
−16.61%

RSR
0.70
0.57
0.68
0.66
0.35

0.53
0.87
0.78
0.59
0.83

0.49
0.84
0.18
0.51
0.80

13.54%
12.82%
−83.94%
4.03%
−16.75%

0.72
0.40
0.90
0.70
0.45

USGS 03584600: Elk River at Prospect, TN; USGS 03588500: Shoal Creek at Iron City, TN; USGS 0357479650: Hester Creek near Plevna, AL; USGS 03574500:
Paint Rock River near Woodville, AL; USGS 03586500: Big Nance Creek at Courtland, AL. NSE: Nash-Sutcliffe efficiency coefficient; Pbias: percent bias; RSR:
ratio of the root mean square error to the standard deviation of measured data.

Hester Creek near Plevna, AL-USGS 0357479650
Nitrates and nitrites loss (kg)

Organic nitrogen loss (kg)

Hester Creek near Plevna, AL-USGS 0357479650
3500
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4000
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1000
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(b)

Figure 3: Monthly calibration of the nitrogen loads: observed versus predicted.

Table 3: Nitrogen load model calibration.
Parameter
RCN
NPERCO
BIOMIX
UPDIS
AI1
RSDCO
CDN
Constituent
N organic
Nitrates and nitrites

Default values
Min
0.00
0.01
0.00
0.00
0.07
0.02
0.00
Period
Mar-1999/Aug-1999
Mar-1999/Aug-1999

Max

New min

New max

SUFI-2 estimated values
Fitted value 𝑃 valuea (sensitivity analysis)

7.098
21.327
15.00
0.476
1.410
1.00
−0.212
0.597
1.00
14.000
24.700
50.00
0.084
0.112
0.09
0.048
0.106
1.00
0.880
2.645
3.00
Statistical summary of the calibration procedure
𝑟-factor
𝑅2
𝑝-factor
0.43
0.68

1.01
0.79

0.88
0.85

0.000∗∗∗
0.000∗∗∗
0.000∗∗∗
0.001∗∗∗
0.268
0.379
0.822

14.212
0.943
0.192
19.300
0.098
0.077
1.762
NSE

Pbias

RSR

0.60
0.53

21.16
42.49

0.63
0.69

Monitoring point: USGS 0357479650; RCN: concentration of nitrogen in rainfall; NPERCO: nitrogen percolation coefficient; BIOMIX: biological mixing
efficiency; N UPDIS: nitrogen uptake distribution parameter. ∗∗∗ 99% confidence intervals. a probability of the test statistic of the coefficients obtained by
regressing the Latin hypercube parameters, generated during the calibration procedure and against the objective function values [23].
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the autoirrigation and autofertilization option in SWAT. The
advantage of using this option is that applying an optimal
rate of water and fertilizer is a function of the phenological
characteristics of the HRU and the water and nutrient stress
threshold which is a function of the potential plant growth.
If the plant goes into water/nutrient stress, then the SWAT
model will apply an optimal amount of water and fertilizer to
ensure functional plant growth [20].
Plant growth was manually calibrated using a trial-byerror procedure to adjust the SWAT growth parameters to
match the simulated crop yields with the observed data
from USDA-NASS for the 12 counties in northern AL.
The SWAT plant growth parameters, which were manually
calibrated, were the maximum leaf area index (LAI), light
extinction coefficient (LEC), conversion of intercepted light
into biomass based upon radiation use efficiency (RUE),
and the harvest index (HVSTI), which is the fraction of the
aboveground biomass that is removed in a harvest operation.
A quantitative summary of the yield calibration procedure is
reported in Table 4.
The calibrated model was used to simulate crop yields
and nitrogen losses associated with each agricultural activity
from 1950 to 2010. Additionally, an econometrics procedure
was implemented to estimate the crop yields and nitrogen
losses for El Nino, La Nina, and neutral years, as identified
by the National Oceanographic Atmospheric Administration
(NOAA) [33]. The reason for following this approach was to
capture the impact of climatic change across the simulation
years and to reduce the bias associated with omitting the
climate information. The SWAT model outputs panel datasets
(HRUs × Years) of the simulated variables. For each land
use, the SWAT output variables were averaged across the
HRUs to obtain a panel dataset of 120 subbasins × 61 years.
A final sample of 7,320 observations was used to estimate the
following random coefficients model:
y𝑗 = X𝑗 𝛽𝑗 + 𝜀𝑗 ,

𝑗 = 1, 2, . . . , 𝑛,

(1)

where yj is a 𝑇 × 1 vector of crop yields (nitrogen losses), Xj
is a 𝑇 × 𝑘 matrix of chemical and environmental data, 𝛽𝑗 is a
𝑘 × 𝑇 vector of chemical and environmental parameters, and
𝜀𝑗 is a 𝑇×1 vector of spherical disturbances, such that 𝐸[𝜀𝑗 𝜀𝑗 |
X𝑗 ] = 𝜎𝜀2 I with I being a 𝑇 × 𝑇 identity matrix. In a random
coefficients model, under the assumption of no serial and
cross-sectional correlation, the vector of parameters 𝛽𝑗 varies
across the cross-sectional units as 𝛽𝑗 = 𝛽 + u𝑗 such that
𝐸[uj | X𝑗 ] = 0 and 𝐸[uj u𝑗 | 𝑋𝑗 ] = 𝜎𝜀2 Γ with Γ being
the 𝑛𝑇 × 𝑛𝑇 covariance matrix of a stochastic process of
mean 𝛽 that produced 𝛽𝑗 . Swamy [34] proposed the following
estimator for 𝛽:
𝑛

−1

−1

̂ = [ ∑ (Γ
̂ ,
̂ + 𝜎̂𝑗2 (X𝑗 X𝑗 )−1 ) ] (Γ
̂ + 𝜎̂𝑗2 (X𝑗 X𝑗 )−1 ) 𝛽
𝛽
𝑗
[𝑗=1
]
(2)

where an unbiased estimator for the errors’ variance 𝜎̂𝑗2 for
each cross-sectional unit can be obtained empirically from a
preliminary estimation of


𝑛
𝑛
𝑛
̂ ) (𝛽
̂ )
̂ − 1 ∑𝛽
̂ − 1 ∑𝛽
̂ = 1 ∑ (𝛽
Γ
𝑗
𝑗
𝑛 − 1 𝑗=1
𝑛 𝑗=1 𝑗
𝑛 𝑗=1 𝑗
−1
1 𝑛
− ∑ 𝜎̂𝑗2 (X𝑗 X𝑗 ) ,
𝑛 𝑗=1

(3)

where the last term in (3) is dropped in the instance that
̂ is not positive semidefinite
the estimated covariance matrix Γ
[35]. The random coefficient model was used to estimate the
following scalar equations for each crop:
𝑦𝑗𝑡 = 𝛽0𝑖 + 𝛽1𝑗 rain𝑗𝑡 + 𝛽2𝑗 tmp𝑗𝑡
+ 𝛽3𝑗 etm𝑗𝑡 + 𝛽4𝑗 nrate𝑗𝑡 + 𝛽5𝑗 elnino𝑗𝑡 + 𝛽6𝑗 lanina𝑗𝑡
+ 𝜀𝑗𝑡 ;

𝑗 = 1, 2, . . . , 120; 𝑡 = 1, 2, . . . , 61,
(4)

𝑁𝑗𝑡 = 𝛽0𝑗 + 𝛽1𝑗 rain𝑗𝑡 + 𝛽2𝑗 tmp𝑗𝑡
+ 𝛽3𝑗 nrate𝑗𝑡 + 𝛽4𝑗 elnino𝑗𝑡 + 𝛽5𝑗 lanina𝑗𝑡
+ 𝜀𝑗𝑡 ;

(5)

𝑗 = 1, 2, . . . , 120; 𝑡 = 1, 2, . . . , 61,

where rain𝑗𝑡 is the precipitation (mm), tmp𝑗𝑡 is the average
temperature in the growing season (∘ C), etm𝑗𝑡 is the evapotranspiration (mm), nrate𝑗𝑡 is the nitrogen application rate
(Kg/Ha), and elnino𝑗𝑡 and lanina𝑗𝑡 are dichotomous variables
that take values one if the SWAT simulated year was identified
as El Nino or La Nina by NOAA, respectively. The dependent
variable in (4) is the crop yield expressed in ton ha−1 ,
while 𝑁𝑗𝑡 is the total nitrogen loss (5), expressed in kg ha−1
calculated as the sum of nitrate and organic nitrogen loss in
surface runoff and lateral flow. The econometric estimation of
(4) and (5) consists of estimating six independent equations
(yield and nitrogen use for cotton, corn, and soybean).
Equation (4) yielded 840 parameter estimates (7 parameters
(including intercept) × 120 subbasins) and (5) yielded 720
parameter estimates (6 parameters (including intercept) ×
120 subbasins) for each crop. To conserve space, the statistics
related to the parameter estimates are not reported in this
paper but are available as additional Supplementary Material available online at http://dx.org/10.1155/2013/521254. The
advantage of using this econometric technique is that of
mitigating the aggregation bias that would occur by averaging
the crop yields across the HRUs and across the ENSO years.
This econometric technique is convenient because it allows
stochastic variation of climate and biophysical processes
across each subwatershed.
The estimated coefficients (𝛽𝑗 ) of (4) and (5) were
plugged into (1) to simulate the impact of the ENSO events
on crop yields and nitrogen loss. The simulation consisted
of setting equal to zero the mutually exclusive coefficients of
the ENSO event (or simultaneously set equal to zero for the
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Table 4: Calibration of plant growth parameters.

Growth parameter
LAI
LEC
RUE
HVSTI
Observed yield [𝑦] (t ha−1 )
̂ (t ha−1 )
Simulated yield [𝑦]
Bias

SWAT range
All crops
0.500–10.000
0.000–2.000
10.000–90.000
0.010–1.250
Average 1990–2010
Average 1990–2010
Average 1990–2010

Corn
6.000
0.650
39.000
0.489
6.088
6.092
+0.06%

Calibrating values
Cotton
4.000
0.650
15.000
0.128
0.766
0.752
−1.84%

Soybeans
3.000
0.450
25.000
0.194
1.874
1.908
+1.76%

LAI: maximum leaf area index (m2 /m2 ); LEC: light extinction coefficient; RUE: radiation use efficiency (kg m2 /ha MJ); HVSTI: harvest index (kg ha/kg ha).
Bias is calculated as (𝑦̂ − 𝑦)/𝑦.

neutral event) to predict the expected value of crop yield and
nitrogen losses for each crop, in each subbasin, in each ENSO
scenario. A summary of the simulated crop yields for the
entire watershed is reported in Table 5, while Figure 4 graphs
the kernel density estimates of the univariate predicted crop
yields and nitrogen losses for the ENSO phases.
2.4. Stochastic Model of Farm Management. The farmers’ land
use decision process was simulated to maximize their future
returns at watershed level, affected by weather change, using a
stochastic dynamic discrete algorithm of profit maximization
developed by Affuso [36] based on a recursive algorithm
of discrete stochastic programming (DSP) [37–39]. There
are a number of reasons to use a DSP approach in the
current study. First, this approach allows for the possibility of
modeling farmer anticipation of climate variation. Second, as
previously mentioned, by including the weather information,
bias is reduced which is of typical deterministic agricultural
decision support systems that disregard the climatic variability of crop yields. Unfortunately, perfect information of
future variables’ outcomes is unavailable; therefore, Birge [40]
shows the quantitative benefit of solving stochastic models,
which include stochastic processes that are not accounted
for by deterministic models. Finally, DSP allows the analysts
to understand the behavior of the state variables in the
transitional phases of different states of nature. For example,
in the current study, it would be interesting to understand
how nitrogen losses would change between the ENSO phases.
There was also a computational advantage of using DSP.
The algorithm was expressed in a simple linear algebraic
framework that provided identical solutions obtainable from
dynamic programming algorithms (DP) using Bellman’s
recursive equation. The advantage of using DSP, in contrast
to DP, was that it ensured a continuous representation of the
state space without the need of creating arrays that discretize
the set of variables used in the model. Further details on DSP
are available in [41].
Assuming the climate is a random state variable (𝜔𝑡 ∈
Ω) that defines the ENSO phase at year t, the multistage
stochastic problem of the farmer that maximizes the net

return as a function of the ENSO climatic state can be read
as follows:
{ 120
max { ∑ ∑𝜋𝑖𝑗0 𝑥𝑖𝑗0
𝑥𝑖𝑗𝑡 (𝜔𝑡 )≥0 𝑖∈𝐶 𝑗=1
{
𝑡
120
𝑇
}
1
+E𝛾𝑖𝑗𝑡(𝜔 ) [∑(
) ∑ ∑ 𝜋𝑖𝑗𝑡 (𝜔𝑡 ) 𝑥𝑖𝑗𝑡 (𝜔𝑡 )]}
𝑡
1
+
𝜌
𝑖∈𝐶 𝑗=1
]}
[𝑡=1
(6)

subject to
∑ 𝑎𝑖𝑗0 𝑥𝑖𝑗0 = 𝑏𝑗0 ;

𝑗 = 1, 2, . . . , 120;

(7)

𝑖∈𝐶

∑ 𝑎𝑖𝑗𝑡 (𝜔𝑡 ) 𝑥𝑖𝑗𝑡 (𝜔𝑡 )

𝑖∈𝐶

− ∑ 𝑎𝑖𝑗𝑡−1 (𝜔𝑡−1 ) 𝑥𝑖𝑗𝑡−1 (𝜔𝑡−1 ) ≤ 0;

(8)

𝑖∈𝐶

𝑗 = 1, 2, . . . , 120; 𝑡 = 1, 2, . . . , 𝑇; ∀𝜔𝑡 ∈ Ω,
where 𝑖 is a member of the set 𝐶 = {corn, cotton, soybean};
𝑗 is the subbasins index, which have been chosen as decision
units; the subscript “0” refers to the known initial condition;
and 𝑡 refers to future years (stages) 1 to 𝑇. The gross
margins per unit of output (𝜋𝑖𝑗𝑡 ) includes governmental direct
payments received by the farmers (i.e., 𝜋𝑖𝑗𝑡 = (𝑝𝑖 − 𝑐𝑖 ) ⋅
𝑥𝑖𝑗𝑡 + ba ⋅ ℎ𝑦𝑗 ⋅ dp𝑖 , where 𝑝𝑖 is the cash price for crop 𝑖, 𝑐𝑖
are accounting costs, and ba and ℎ𝑦𝑗 are base acreage and
direct payment yield, while dp𝑖 is the direct payment rate per
crop 𝑖). The stochastic crop yields (𝛾𝑖𝑗𝑡 (𝜔𝑡 )) are expressed in
ton ha−1 . Under the independent axiom, 𝑥𝑖𝑗𝑡 (𝜔𝑡 ) are optimal
levels of output chosen by the farmers at period 𝑡 in the
ENSO state 𝜔𝑡 . The optimal level of output (𝑥𝑖𝑗𝑡 (𝜔𝑡 )) is an
element of the vector of farmers’ decisions on output choice,
which is a function of the previous output choice at period
𝑡 − 1, as algebraically shown in (8); therefore, it is also a
function of previous crop yields realized in each state of
nature. The mathematical expectation operator E𝛾𝑖𝑗𝑡(𝜔 ) denotes
𝑡
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Figure 4: Kernel density estimates of the univariate crop yields and nitrogen losses.
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Table 5: Simulated crop yield (ton ha−1 ) by climate event.

Crop
Corn
Cotton
Soybeans

Mean
6.47
1.06
1.75

El Nino
St. Dev.
2.08
0.37
0.98

Mean
7.18
0.97
1.61

La Nina
St. Dev.
2.09
0.34
0.93

Neutral
Mean
6.31
1.01
1.98

St. Dev.
2.10
0.35
1.11

Mean
6.65
1.01
1.78

Average
St. Dev.
2.06
0.35
0.99

Table 6: Economic data for corn, cotton and soybeans production.
Crop
Corn
Cotton
Soybeans

Cash Price:
Baselinea

Cash Price: Scenario
a,b
(a) 56.7 Mm3

Cash Price: Scenario

163.00
119.60
409.00

198.00
155.90
438.00

259.00
162.50
484.00

a,b

(b) 132.3 Mm3

Accounting
Costsc

Direct
Paymentsd

Base acreagee

736.075
1302.85
388.45

11.00
14.70
1.70

59.80
168.83
83.09

Cash prices are expressed in US $ ton−1 [32]. b Source: [36]. c Accounting costs are expressed in US $ ha−1 and are comprised of fixed and variable costs but do
not include opportunity costs [33]. d Direct payments are expressed in US $ ton−1 . The total agricultural subsidy is calculated by multiplying the direct payment
rate times 83.3% of the base acreage times the yield [31]. e Base acreage is expressed in ha and it was estimated as the average farm size in Alabama in 2007
(source: [32]).

a

the probability of one of the ENSO states occurring (and
therefore the probability of the realization of the expected
yield in the ENSO state). The scalar 𝜌 is a 5% discount rate.
This value was chosen to be above the average return on assets
from US agricultural income (3.29%) since, in the current
study, farm returns are endogenous. The cropland available at
year 𝑡 in subbasin 𝑗 is 𝑏𝑗 , and 𝑎𝑖𝑗𝑡 (𝜔𝑡 ) are stochastic technical
coefficients whose elements at each year 𝑡 equal the inverse
of the stochastic crop yield (i.e., 𝛾𝑖𝑗𝑡 (𝜔𝑡 )−1 ). This assumption
is legitimate since land (ℓ) is assumed to be the only limiting
factor in agricultural production in this study. Consequently,
the elements 𝑎𝑖𝑗𝑡 (𝜔𝑡 ) are expressed in ha ton−1 . It is straight
forward to verify that E𝛾𝑖𝑗𝑡(𝜔 ) [𝑎𝑖𝑗𝑡 (𝜔𝑡 )𝑥𝑖𝑗𝑡 (𝜔𝑡 )] = ℓ𝑖𝑗𝑡 .
𝑡
The stochastic program (6)–(8) may be nonlinear for
general probability distributions of the random state variable
𝜔𝑡 [41]. However, assume that the probability set of the
ENSO state of nature is discrete, then (1) can be linearized
by assuming a deterministic equivalent problem where the
objective function is the probability weighted sum of agricultural profit in each ENSO state across the entire modeling
time horizon. The simplest way to discretize the probability
set of the ENSO states is to assume that the ENSO phases
are an ergodic first-order Markov chain. Affuso and Hite [42]
tested this hypothesis and estimated the stationary transition
probabilities of having El Nino, La Nina, or a neutral event
being 0.33, 0.30, and 0.37, respectively. The transitional
probabilities converge to their steady state after four years.
Consequently, if a time horizon of five years is assumed, the
deterministic equivalent of the probability model, as shown
in (6)–(8), is a linear problem and its objective function can
be written in scalar form as follows: max ∑𝑖∈𝐶 ∑120
𝑗=1 (𝜋𝑖 𝑥𝑖𝑗0 +
0.33𝜋𝑖 𝑥𝑖𝑗1 + 0.30𝜋𝑖 𝑥𝑖𝑗1 + 0.37𝜋𝑖 𝑥𝑖𝑗1 + 0.09𝜋𝑖 𝑥𝑖𝑗2 + 0.099𝜋𝑖 𝑥𝑖𝑗2 +
0.111𝜋𝑖 𝑥𝑖𝑗2 + ⋅ ⋅ ⋅ + 0.006934𝜋𝑖 𝑥𝑖𝑗5 ). This linear model does
not present particular computational difficulties and can be
solved using the simplex method.

2.5. Economic Data. Table 6 summarizes the economic data
used in the current study, including data on agricultural
subsidies. The direct cyclical payments are calculated as
product of 83.3% of the base acreage times the direct cyclical
payment yield times the direct cyclical payment rate. Direct
cyclical payment rates are available at the USDA Farm Service
Agency (FSA) [43]. Although data on base acreages and direct
payment yields were not available, the base acreages were
estimated as 83.3% of the average farm size of Alabama,
datum which is available from the US Census of Agriculture
[44]. The program yields used to calculate direct payments
were assumed to be equal to 93.5% of the historical farm
crop yields, which were estimated as the 61-year average of
the SWAT simulated yields per each subbasin. The economic
data for the baseline year 2010 are available from the USDA
Economic Research Service (ERS) and NASS [45, 46]. The
crop price data, related to the US biofuels expansion, for
two different scenarios was estimated by Taylor and Lacewell
[47]. The authors used AGSIM [48], a large-scale dynamic
econometric-simulation model to simulate the economic
impact of the US biofuels mandate on the cash price of the
major field crops in the USA According to their analysis,
assuming that 95% of biofuel produced will be corn ethanol
and the remaining 5% will be soybean biodiesel, the price
of corn, soybean, and cotton may potentially increase by
96 US $ ton−1 , 74 US $ ton−1 , and 26 US $ ton−1 , respectively,
in 2025.

3. Results
The bioeconomic model was used to perform a simulation of
the agricultural activities in the Northern part of Alabama in
two different scenarios: (a) 56.7 Mm3 of biofuels are produced
nationwide and (b) 132.3 Mm3 of biofuels are produced
nationwide when the EISA mandate is fully implemented. It

25,000.00
20,000.00
15,000.00
10,000.00
5,000.00
0.00

Baseline

Scenario (a)
56.7 Mcm

Scenario (b)
132.3 Mcm

Thousands metric tons
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Soybeans

Scenario (b) 132.3 Mcm

Figure 5: Nitrogen loss and agricultural production.

should be pointed out that scenario (b) is an ideal scenario
since the US fleet is close to the 10% blend wall, which is
the quantity that can be blended without damaging vehicles’
engines. On the other hand, scenario (a) is more realistic
if it is considered that in 2010 the US production of corn
ethanol was approximately 48.8 Mm3 per year [49]. However,
the EPA recently approved a number of companies that
met the requirements to bring E15 to the market, which
is a high standard 15% blend of gasoline and ethanol [50].
Consequently, it is likely that with the expansion of the blend
wall, a possible future scenario may occur between the two
scenarios assumed in the current study.
It was assumed that the national biofuel expansion would
shift the national demand for corn and soybeans by increasing the price of these crops in both scenarios (a) and (b) as
estimated by Taylor and Lacewell [47]. In both scenarios, it
was assumed a reduction in cotton supply would occur as a
straight consequence of corn and soybeans competing with
cotton for cropland. Consequently, the price of cotton lint
would also rise. Using the new prices, and restricting the
analysis to the existing land cultivated to corn, cotton, and
soybeans, the stochastic model was solved for the long run
steady state solution. This approach is legitimate because the
stochastic variables of the model depend on a climatic state
variable, which generally quickly converges to its historical
value. In fact, it was assumed that the weather state variable
is a first-order Markov chain, which converges to the steady
state after only four years. If both scenarios (a) and (b) would
ever occur, they will certainly occur in a period that is greater
than four years from the baseline; therefore, based on the
available weather information (at the baseline), the expected
long run solution of the model will be stationary for any
year of simulation that is larger than four. The steady state
solution can be calculated after the fourth year by rewriting
the objective function of (6), for an infinite time horizon as
120

∑ ∑𝜋𝑖𝑗0 𝑥𝑖𝑗0

𝑖∈𝐶 𝑗=1

𝑡
120
4
1
+ E𝛾𝑖𝑗𝑡(𝜔 ) [∑(
) ∑ ∑𝜋𝑖𝑗𝑡 (𝜔𝑡 ) 𝑥𝑖𝑗𝑡 (𝜔𝑡 )
𝑡
1 + 𝜌 𝑖∈𝐶 𝑗=1
[𝑡=1

∞

+∑(
𝜏=5

𝜏
120
1
) ∑ ∑𝜋𝑖𝑗5 (𝜔5 ) 𝑥𝑖𝑗5 (𝜔5 )] ,
1 + 𝜌 𝑖∈𝐶 𝑗=1
]

(9)
where the last term in the expectation operator is the salvage
function [51]. It is important to note that since the variables
of the model will not change after the fourth year (steady
state assumption), the salvage function can be rewritten
∞
𝜏
as ∑𝑖∈𝐶 ∑120
𝑗=1 𝜋𝑖𝑗5 (𝜔5 )𝑥𝑖𝑗5 (𝜔5 ) ∑𝜏=5 (1/(1 + 𝜌)) where the dis-

count factor (1/(1 + 𝜌))𝜏 , is a geometric series that converges
to (1/𝜌)(1/(1 + 𝜌))5 as 𝜏 → ∞. Hence, the steady state
solution of the model is the expected value of 𝑥𝑖𝑗5 that is
obtained after the maximization of the following objective
function subject to constraints (7) and (8):
120

∑ ∑𝜋𝑖𝑗0 𝑥𝑖𝑗0

𝑖∈𝐶 𝑗=1

𝑡
120
4
1
+ E𝛾𝑖𝑗𝑡(𝜔 ) [∑(
) ∑ ∑𝜋𝑖𝑗𝑡 (𝜔𝑡 ) 𝑥𝑖𝑗𝑡 (𝜔𝑡 )
𝑡
1 + 𝜌 𝑖∈𝐶 𝑗=1
[𝑡=1

+

(10)

5
120
1
1
(
) ∑ ∑𝜋𝑖𝑗5 (𝜔5 ) 𝑥𝑖𝑗5 (𝜔5 )] .
𝜌 1 + 𝜌 𝑖∈𝐶 𝑗=1
]

A comparison was made between the production level
and nitrogen loss of these scenarios (a) and (b) at their steady
state to the baseline, as reported in Table 7.
When the assumption that the entire harvest of corn
and soybeans produced in the study area was converted
to biofuels, there was the potential for an increase in corn
production in both scenarios. This was a consequence of a
high national corn price that makes corn more profitable than
cotton and soybeans, and therefore there was an incentive
for farmers to allocate more cropland to corn production.
In fact, in scenario (a), as compared to the baseline, corn
production increased by approximately 19.32%, while the
production of soybeans and cotton potentially decreased by
10.58% and 7.41%, respectively. In scenario (a) nitrogen loss
would increase by approximately 3.32%. In scenario (b), when
the biofuel mandate was fully implemented, corn production
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Figure 6: Nitrogen loss response to climate states.
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increased by up to 122.89%, with an increase in associated
nitrogen loss of approximately 20%, compared to the baseline.
This increase is similar to the increase in nitrogen loss
predicted by Khanna et al. [12] in Illinois as a consequence of
the EISA biofuel mandate. A quantitative graphic illustration
of the results is provided in Figure 5.
As previously mentioned, the results of the analysis
reported in Table 7 and Figure 5 are long term expected
production levels and nitrogen losses calculated as the
average production and nitrogen loss quantity across the
entire modeling period. In other words, this is the sum of
production and nitrogen losses in each ENSO state weighted
by the joint probability of the occurrence of each event (this
is shown in (6) where the activity level 𝑥𝑖𝑗𝑡 is a function
of the climate state 𝜔𝑡 ) divided by the number of modeled
years [52]. The impact of climate on nitrogen losses was
also simulated for the baseline and scenarios (a) and (b). To
accomplish this task, the stochastic model was run separately
for each scenario to forecast the nitrogen losses in a random
five-year ENSO sequence (e.g., El Nino-La Nina-Neutral-La
Nina-El Nino). The difference between the three simulations
was in the assumption of the model’s initial conditions. For
example, if one is interested in knowing the nitrogen loss
response to the aforementioned ENSO sequence when the
biofuel mandate is fully implemented in 2022 (scenario (b)),
this would consist of a forecast exercise from 2022 to 2027.
Again, it is possible to use this approach because the ENSO
transitional probabilities are stationary in this modeling
period. Therefore, the expected land use in each year of
simulation, ℓ𝑖𝑗𝑡 (E𝛾𝑖𝑗𝑡(𝜔 ) [𝑎𝑖𝑗𝑡 (𝜔𝑡 )𝑥𝑖𝑗𝑡 (𝜔𝑡 )]), is then multiplied by
𝑡
the nitrogen loss realized in each ENSO phase, 𝑁𝑖𝑗 (𝜔𝑡 ), and
summed across subbasins (j) and crops (i), to calculate the
nitrogen loss in the ENSO transitional periods as illustrated
by Figure 6.
According to the estimation, given the current information on ENSO past events (prior to 2010), the majority
of nitrogen losses would occur during climatic transition

Baseline
Mandate

Figure 7: Geographic distribution of nitrogen loss: baseline versus
scenario (b) assuming 132.3 Mm3 .

towards La Nina (i.e., from El Nino to La Nina and from neutral to La Nina). An investigation on the spatial distribution of
the nitrogen losses confirmed that the nitrogen loss, both in
the baseline and the 132.3 Mm3 mandate (scenario (b)), was
concentrated in the highly concentrated agricultural areas
of the watershed (Figure 7) within the political boundaries
of the counties of Colbert, Lauderdale, Limestone, Madison,
and Lawrence. The higher levels of nitrogen loss are identified
by a greater density of red dots in Figure 7.
It should be pointed out that the SWAT model was
not calibrated to predict the impact of individual farming
decisions on fertilizer management because of lack of data
at the watershed level. The assumption was that farmers
were applying fertilizers to their crops at an optimal rate.
There is evidence that farmers in some areas of the USA
overuse nitrogen beyond the profit maximizing level [53].
Additional evidence is found in current Total Daily Maximum Load (TMDL) documents maintained by EPA. For
example, the Big Nance Creek Watershed in northern AL
was identified as having waters impaired by organic loading
and ammonia as nitrogen. Agricultural activities, such as
row crop production, are nonpoint sources in the watershed,
and, in 2002, the Alabama Department of Environmental
Management estimated a required theoretical total organic
load reduction of 50% for nonpoint sources [54] in order
to meet the dissolved oxygen water quality standard for fish
and wildlife. Therefore, considering that the results could be
slightly downward biased, it is undeniable that an increase
in nitrogen source of water pollution in northern AL may be
potentially caused by the national biofuel expansion.
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Table 7: Simulation results for the baseline, scenario (a), and scenario (b).

Baseline
Scenario (a) 56.7 Mm3
Scenario (b) 132.3 Mm3

Nonpoint source pollution
Nitrogen loss
19,803.25
20,461.67
23,764.07

Corn
519,888.66
620,338.82
1,158,759.62

Total production
Cotton
107,067.46
95,735.05
37,180.14

Soybeans
122,184.51
113,136.25
41,175.48

Nitrogen loss and total agricultural production are expressed in metric tons.

Although the current debate on biofuels focuses on the
indirect land use change as a major concern, the nonpointsource pollution is an additional externality that results in
increased social cost due to biofuel expansion and thus it
should not be disregarded. There are conservation practices
and technology that could be adopted by producers to
mitigate the increase in corn production and nitrogen losses,
such as precision and variable-rate application of nitrogen
fertilizer, the use of cover crops in rotation with corn, and
the installation of riparian buffers and filter strips at the
field edge [14]. Secchi et al. [55] considered the impact
of implementing seven conservation activities (enrollment
in the Conservation Reserve Program, mulch-till, no till,
contour farming, grassed waterways, terraces, and nutrient
management) across watersheds in Iowa. They found that
estimated nitrate reductions ranged from six to 20%; however,
additional research is needed to determine if these results are
similar in other parts of the USA.

4. Conclusions
The Energy and Independence Security Act (EISA) aims
to replace or reduce fossil fuel through the production of
136.3 Mm3 of renewable fuels by 2022. Previous research [14–
16] has identified that corn-based biofuels are not environmentally sustainable since the conversion of land use to
grow corn for ethanol production will raise nitrogen losses
associated with nitrogen fertilization. A stochastic dynamic
bioeconomic model was used, including climate information,
to assess the potential environmental impact of the EISA
mandate on the degradation of water quality due to nitrogen
loss associated with corn production in northern Alabama.
The bioeconomic model includes a biophysical component
implemented with the Soil and Water Assessment Tool
(SWAT) calibrated to describe the phenological and hydrological processes of agricultural areas in northern Alabama
affected by the ENSO phases. The model was used for
prediction of the potential nitrogen loss associated with the
EISA biofuel expansion, based on crop prices generated from
AGSIM [47] assuming two scenarios (56.7 Mm3 of biofuel
and 132.3 Mm3 of biofuel). If 132.3 Mm3 of biofuel (125.9 Mm3
of ethanol) will be produced to meet the mandate, there
would be an increase in corn production of approximately
122.89% with associated increase in nitrogen loss of 20% in
northern Alabama with respect to the baseline scenario in
2010. Furthermore, the nitrogen losses would be more severe
in the climatic transition towards La Nina (i.e., from El Nino
to La Nina and from neutral to La Nina).

A limitation of this study, that is common to similar
studies that use SWAT as a biophysical component of the
bioeconomic model, is that of having the bioeconomic model
uncalibrated with respect to long term cropland use. This
issue could be mitigated by using a Bayesian calibration
procedure for constrained optimization models in presence
of missing information that has been proposed by Jansson
and Heckelei [56]. However, this is a standalone research
question that may be explored in future studies.
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Biofuel policy in the United States is transitioning away from corn towards second-generation biofuels in part because of the debate
over environmental damages from indirect land use change. We combine a spatially explicit parcel level model for land use change
in Washington State with simulations for biofuel policy aimed at utilizing forest residue as feedstock. Using a spatially explicit
model provides greater precision in measuring net returns to forestland and development and indicates which areas will be most
impacted by biofuel policy. The effect of policy is simulated via scenarios of increasing net returns to forestry and of siting feedstockprocessing plants. Our results suggest that forestland will increase from such a policy, leading to a net reduction in atmospheric
carbon from indirect land use change. This is in contrast to the experience of corn ethanol where the change in carbon emissions
is potentially positive and large in magnitude.

1. Introduction
Biofuels policy in the United States developed as a plan to
move towards energy independence and reduce the environmental externalities associated with fossil fuels. The policy
was largely successful at creating a thriving domestic ethanol
industry as the combination of high fuel prices and generous
subsidies led to significant amounts of corn devoted to
ethanol production. The recent spike in food prices starting
in 2007, and research on emissions from indirect land use
change [1], spurred debate over the net benefits of ethanol
policy. The combination of biofuel mandates with high fuel
prices, along with economic growth in Asia and a decline
of the USA dollar, is thought to have contributed to price
increases for several staple food commodities [2]. However,
there is no consensus on the extent that price increases are
directly due to biofuel mandates. Using an aggregate calorie
index, Roberts and Schlenker [3] estimate that the USA
ethanol mandate increased food prices by 20–30%, while in
a computable general equilibrium model (CGE) Timilsina et
al. [4] find small effects of biofuel policy for all crops except
for sugar. There is also debate regarding the emissions from

land use change associated with biofuel growth. The widely
cited paper by Searchinger et al. [1] suggests that impacts
from land use change dominate the environmental effects of
biofuel policy. Several studies [5–7] argue that estimates for
land use change are sensitive to modeling assumptions, and
accounting for crop yield growth substantially ameliorates
cropland conversion.
Public discourse over the potentially deleterious secondary effects of conventional corn ethanol catalyzed an evolution of biofuel policy towards second-generation advanced
biofuels. Cellulosic biofuel is receiving attention due to the
perceived environmental benefits since feedstocks are not
derived from food crops and can be cultivated on marginal
land. In contrast to conventional ethanol that requires a
20% life cycle greenhouse gas (GHG) reduction, cellulosic ethanol derived from nonfood feedstock such as cellulose, hemicellulose, or lignin require a 50% reduction
(the definitions of different fuel categories are available
at http://www.afdc.energy.gov/laws/RFS/). Since land use
impacts are a key component of the life cycle emission
from biofuels, it is essential to estimate the expected land
use changes from various cellulosic feedstocks In particular,
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a land that is retained, in or converted to, forestland due to
cellulosic biofuels will contribute to net GHG reductions as
carbon is sequestered while trees mature and deforestation
emissions are avoided. This research offers a preliminary
assessment of the potential land use changes from ethanol
derived from forest residue.
The current market penetration of advanced biofuels is
still small, at only 13% of total biofuel production; meanwhile
cellulosic ethanol is essentially a rounding error at less than
0.1% of total renewable fuel [8]. Initial academic research
supported cellulosic ethanol’s competitiveness [9], but more
recent research restrains the early optimism [10]. There are
several reasons to expect growth in the advanced biofuels
industry, despite its current stature. First, the second Renewable Fuel Standard (RFS2) established in 2007 mandates
that growth in renewable fuel comes from advanced biofuel.
Conventional corn ethanol already exceeds the mandate; and
since current production hovers around 10% of total gasoline,
its growth is further constrained by the blend wall, whereby
many standard cars cannot accept fuel blends with more than
10% ethanol. These two factors and the ability of some cellulosic ethanol to act as a drop-in fuel, or direct replacement,
for petroleum-based gasoline suggest that growth in the
renewable fuels industry will come from advanced biofuels
[11]. Despite the forces that signal a burgeoning cellulosic
ethanol industry, costs need to decrease and infrastructure
needs to be developed before cellulosic ethanol is a major
component of the US energy portfolio.
Washington State is poised to take advantage of a
burgeoning cellulosic ethanol industry, particularly from
forest residue-derived feedstock. In addition to incentives for
biofuels at the state level, since much of the State’s agricultural
land produces high value crops such as apples, grapes, and
hops, there is a drive for feedstock to come from woody
biomass consisting primarily of forest residue (see WA state
incentives at http://www.afdc.energy.gov/laws/laws/WA/
tech/3251). The desire to promote this industry is evidenced
by $80 million worth of grant money given to Washington
State universities in collaboration with private industry
to advance the commercialization of advanced drop-in
cellulosic biofuels (details on the grants can be found at
http://www.washington.edu/news/2011/09/28/nw-biofuelscoming-of-age-with-80-million-in-separate-projects-ledby-uw-wsu/). Given the optimism for second-generation
biofuels there is little research investigating the land use
change implications from these fuels. While feedstocks for
advanced biofuels are assumed to be cultivated on marginal
lands, empirical research is necessary to prevent the pitfalls
of unintended consequences that marred the first round of
ethanol policy. Assessing the land use implications of biofuels
from forest residue is crucial in order to meet the criteria for
50% GHG reductions laid out in the RFS2. We build a land use
model based on a spatially explicit parcel database for Washington State to assess the potential land use implications from
a state biofuel policy targeting forest residue as a feedstock.
Feedstock prices, tax and zoning policy, urban growth
pressures, and agricultural productivity are some of the
many factors influencing land use decisions. This research
will quantify some of the major variables influencing land
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use change in Washington State. We pay close attention to
variables potentially driven by biofuel policy such as the
location of feedstock processing plants and returns to
forestry. Estimating an empirical land use model with
parcel-level data yields spatially explicit predictions of land
use decisions. We find intuitive results from the land use
model such as proximity to feedstock processors and net
returns to forestry increase the probability of retaining or
converting to forestland. Armed with these parameters, we
run land use simulations to explore the consequences of a
second-generation biofuel policy. The simulations suggest
that forestland could increase by 0.1%–1%, depending on
our assumptions about the implications of biofuel policy.
Although small in percentage terms since forestland makes
up a large part of total land use in Washington State, a
1% increase in forestland equates to over 500,000 acres
in our sample alone. Since forested land stores carbon as
biomass as the trees grow, this suggests that there are actually
beneficial secondary environmental impacts from land use
change in terms of carbon. There are also important local
environmental impacts, such as water quality, associated
with land use change that will be left for future research.
These results are most informative for Washington State
policy for forest residue, and further research can extend the
methodology to a national scale and other forms of feedstock.

2. Literature Review
2.1. Land Use and Environmental Outcomes. The United
States pursues one of the world’s largest biofuel policies aimed
at decreasing emissions from fossil fuel, increasing energy
independence, and supporting the domestic agricultural
industry. This research focuses on the secondary environmental impacts due to land use change, although the primary
carbon benefits of replacing gasoline with corn-based ethanol
are also debated. One of the most prominent studies, by
Searchinger et al. [1] investigates the impact of ethanol
mandates on global greenhouse gas (GHG) emissions. In all
scenarios, the loss of carbon sequestration from conversion of
forestland and grassland to cropland for either food or biofuels generates a net global increase in GHG. Other research
suggests much lower emissions from land use change and
argues that Searchinger et al.’s [1] estimates depend on specific
modeling assumptions. For example Dumortier et al.’s [5]
estimates from a CGE model are as low as 15% of those
based on the assumptions employed by Searchinger et al. [1].
Much of the debate rests on the assumption about how crop
yields respond to higher food crop prices; and accounting
for market-induced yield change greatly ameliorates the land
use change and consequent GHG emissions, associated with
biofuel policy [5–7]. While GHG emissions are a global pollutant, land use change also affects local environmental outcomes. Several studies [12, 13] estimate that cultivated croplands have deleterious impacts on local water quality, suggesting local as well as global impacts from land use change.
2.2. Land Use Theory. In order to determine the environmental costs and benefits of land use change from biofuel
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policy, we need to identify the causal factors affecting land
use allocations. A review of land use change models by Irwin
and Geoghegan [14] advocates for spatially explicit economic
models to explain the element of human behavior in land use
decisions. While early studies face data and computational
limitations in developing a spatially explicit model, currently
there are a plethora of publically available spatial data and
software packages that facilitate spatial data analysis.
The primary method based on microeconomic foundations for modeling land use is the random utility maximization (RUM) model where an agent chooses between
a discrete set of alternatives in order to maximize utility.
A common econometric specification for discrete choice
analysis is the logit family that estimates the probability of
choosing each alternative given some explanatory variables.
Various forms of logit are used in estimating land use change.
In addition to the conventional multinomial logit nested logit
creates wider categories and models the choice of subgroup
within each class, while random parameters allow for random
heterogeneity in the parameters at the level of the agent. The
first spatial models of land use change focus on a subset
of possible land use decisions, such as the risk of forested
land to be converted to urban development, but more recent
research models the full land use decision. Since landowners
have multiple options at their disposal when choosing their
land use, models must account for the costs and benefits
of all options in a landowner’s choice set. Lubowski et al.
[15] focus on the decision to enter the Conservation Reserve
Program (CRP), which is the first national scale analysis of
land use change in the United States that covers all major
land use options available to private landholders. The research
emphasizes that net returns to all land uses must be included
in an empirical analysis of land use change. The authors
create proxies for net return to each land use at the county
level combined with parcel-level attributes such as soil quality
to predict land use allocations conditional on the initial
land use. A more complete overview of the economic and
econometric theory, as well as details of the data, is described
by Lubowski [16].
A different approach using real option value highlights
the dynamic nature of land use decisions. Behan et al.
[17] model the decision of when to switch rural land from
agriculture to forestry. If the decision is to never switch or
immediately switch the model is analogous to a discrete
choice model, the interior solution adds richness to the model
if the timing of land use decisions is important.
2.3. Land Use Empirical Applications. This study focuses on
an empirical application of a land use change using microlevel
data. Most empirical studies first estimate the parameters
in a land use model and then simulate the potential effect
of changes to the exogenous variables due to new policies.
Lubowski et al. [15] use the estimates of a national land
use model to predict the change in land use given changes
in private returns, changes in government subsidies, and
the elimination of the CRP. The EU helped fund the Irish
government to increase hectares of forest as part of a carbon
mitigation strategy, though the transition to forestry is far
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behind the scheduled goals. Behan et al. [17] employ a land
use model to estimate the additional payments necessary to
increase the speed of the process. Langpap et al. [13] merge
a model for land use with a water quality model to delineate
the mechanisms through which land use affects water quality
and offers policy advice for cost effective methods to improve
watershed health. Polyakov and Zhang [18] analyze how
preferential tax laws in Louisiana influence the allocation of
rural and urban land, and also the composition of rural land
between agricultural and forested land.

3. Methodology
3.1. Theoretical Background. We employ a discrete choice
(RUM) model that is the preferred [12, 13, 15, 18] methodology
to estimate spatially explicit micro-level empirical land use
models in the literature. First we overview some of the economic theory behind discrete choice models and then discuss
the estimation strategy. A dynamic optimization problem
determines land use decisions where the land chosen yields
the highest discounted sum of expected profits. Since only
private landholders can be assumed to be profit maximizers,
all public land will be excluded from the analysis. The full
theoretical model is outlined in detail in [16], and some of
the primary features are presented here. The landowners’
problem of how many acres (𝑎𝑗𝑘𝑡 ) to allocate from use 𝑗 to use
𝑘 at time 𝑡 is determined by the stock of land in use 𝑗 at time
𝑡 (𝑆𝑗𝑡 ), the returns to each use (𝑅𝑗𝑡 ), the costs of converting
𝑎 acres from use 𝑗 to use 𝑘 (𝐶𝑗𝑘𝑡 (𝑎)), the continuation value
of the optimal program (𝑉𝑡+1 ), and the discount rate 𝑟. The
dynamic optimization problem is
𝐽 𝐾
{𝐽
∑𝐸𝑡 [𝑅𝑗𝑡 ] 𝑆𝑗𝑡 𝑒−𝑟𝑡 − ∑ ∑ 𝐸𝑡 [𝐶𝑗𝑘𝑡 (𝑎𝑗𝑘𝑡 )] 𝑒−𝑟𝑡
{
𝑡=0 𝑗=1
𝑗=1 𝑘=1
{
∞

max
𝑎
𝑗𝑘𝑡

∫

}
+𝐸𝑡 [𝑉𝑡+1 ] 𝑒−𝑟𝑡 } 𝑑𝑡
}
𝐾

s.t.

̇ = ∑ (𝑎𝑘𝑗𝑡 − 𝑎𝑗𝑘𝑡 ) ,
𝑆𝑗𝑡
𝑘=1

𝐾

∑ 𝑎𝑗𝑘𝑡 ≤ 𝑆𝑗𝑡 ,

𝑘=1

𝑎𝑗𝑘𝑡 ≥ 0.
(1)
There are several simplifying assumptions that help reduce
the optimization problem to facilitate estimation. If landowners are risk neutral, they base their decisions on expected
value 𝐸𝑡 [𝑅𝑗𝑡 ] = 𝑅𝑗𝑡 ; 𝐸𝑡 [𝐶𝑗𝑘𝑡 (𝑎𝑗𝑘𝑡 )] = 𝐶𝑗𝑘𝑡 (𝑎𝑗𝑘𝑡 ); 𝐸𝑡 [𝑉𝑡+1 ] =
𝑉𝑡+1 . If land use change is thought to be an irreversible
decision, or landowners only plan one conversion at a time,
then the continuation value is just equal to the net present
−𝑟𝑡
value from use 𝑘, 𝑉𝑡+1 = ∑∞
𝑡=0 𝑅𝑘𝑡 𝑒 . With these assumptions
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the current value Hamiltonian, with shadow prices 𝜇𝑗 (𝑡) for
𝑗 = 1, . . . , 𝐽, is
𝐽

𝐽

𝐾

H = ∑𝑅𝑗𝑡 𝑆𝑗𝑡 − ∑ ∑ 𝑎𝑗𝑘𝑡 (𝑡) 𝐶𝑗𝑘 (𝑡)
𝑗=1

𝑗=1 𝑘=1

𝐽

𝐾

𝑗=1

𝑘=1

(2)

+ ∑ 𝜇𝑗 (𝑡) { ∑ [𝑎𝑘𝑗 (𝑡) − 𝑎𝑗𝑘 (𝑡)]} .
The necessary and sufficient conditions for an optimum are
−

𝜕H
̇ − 𝑟𝜇𝑗𝑡 = −𝑅𝑗𝑡 ,
= 𝜇𝑗𝑡
𝜕𝑆𝑗𝑡

𝜕H

= −𝐶𝑗𝑘𝑡
(𝑎𝑗𝑘𝑡 ) + 𝜇𝑘𝑡 − 𝜇𝑗𝑡 , ≤ 0,
𝜕𝑎𝑗𝑘𝑡
𝑎𝑗𝑘𝑡

(3)

𝑃𝑛𝑘𝑡+1|𝑗 = Prob (𝑉𝑛𝑘𝑡+1|𝑗 + 𝜖𝑛𝑘𝑡 > 𝑉𝑛𝑖𝑡+1|𝑗 + 𝜖𝑛𝑖𝑡 )

𝜕H

= 𝑎𝑗𝑘𝑡 [𝐶𝑗𝑘𝑡
(𝑎𝑗𝑘𝑡 ) + 𝜇𝑘𝑡 − 𝜇𝑗𝑡 ] = 0.
𝜕𝑎𝑗𝑘𝑡

= Prob (𝜖𝑛𝑘𝑡 − 𝜖𝑛𝑖𝑡 > 𝑉𝑛𝑖𝑡+1|𝑗 − 𝑉𝑛𝑘𝑡+1|𝑗 ) .

An additional set of assumptions helps clarify the optimality
conditions and outline an empirical strategy for modeling
land use change. The first is that marginal conversion costs

̇ = 0,
(𝑎𝑗𝑘𝑡 ) ≤ 0. In the steady state 𝜇𝑗𝑡
are nonincreasing, 𝐶𝑗𝑘𝑡
and therefore 𝜇𝑗𝑡 = 𝑅𝑗𝑡 /𝑟. The shadow value of use 𝑗, 𝜇𝑗𝑡 ,
represents the net present value of future returns for that use
and provides the basis for the decision rule of how much
acreage to switch from use 𝑗 to use 𝑘 at time 𝑡 (𝑎𝑗𝑘𝑡 ). If 𝑎𝑗𝑘𝑡 = 0
landowners retain all land in current use 𝑗 because the gain in
future payments from switching to use 𝑘 does not outweigh
max
the decision is to
the conversion costs. Likewise, if 𝑎𝑗𝑘𝑡 = 𝑎𝑗𝑘𝑡
switch all possible land from use 𝑗 to use 𝑘. This may be equal
to the total stock of land, or some maximum feasible acres
∗
landowners convert a distinct
to switch. Lastly, if 𝑎𝑗𝑘𝑡 = 𝑎𝑗𝑘𝑡
amount of land to use 𝑘, where the landowner is indifferent
to converting one more acre from 𝑗 to 𝑘. This corresponds
to an interior solution. If the return to use 𝑖 = 𝑗, 𝑘 does not
vary with 𝑎𝑗𝑘𝑡 , this means that marginal conversion costs are
not constant, or that the landowner is indifferent between
all allocations of 𝑗 and 𝑘. Note that this will be difficult to
max
because the researcher in
distinguish empirically from 𝑎𝑗𝑘𝑡
general does not observe when a feasibility constraint on
the maximum number of acres is obtained. If expectations
about future returns are static, then the decision to switch all
available land from use 𝑗 to use 𝑘 at time 𝑡 depends on the
single period returns and conversion costs

(𝑎𝑗𝑘𝑡 ) > 𝑅𝑗𝑡 .
𝑅𝑘𝑡 − 𝐶𝑗𝑘𝑡

costs will depend on the current land use. Studies use one
period [13, 15] or current value of all future [18] returns
conditional on the initial use. Land is converted to a use 𝑘
if 𝑅𝑛𝑘𝑡 − 𝐶𝑛𝑘𝑡|𝑗 > 𝑅𝑛𝑖𝑡 − 𝐶𝑛𝑖𝑡|𝑗 for all 𝑖 where 𝑅𝑛𝑖𝑡 is the return
on parcel 𝑛 for use 𝑖 at time 𝑡, 𝐶𝑛𝑖𝑡|𝑗 is the cost of converting
land from on plot 𝑛 to use 𝑖 at time 𝑡 given current use 𝑗, and
𝐶𝑛𝑖𝑡|𝑗 = 0 for 𝑖 = 𝑗. Utility from converting land on plot 𝑛
from use 𝑗 to use 𝑘 is represented 𝑈𝑛𝑘𝑡+1|𝑗 = 𝑅𝑛𝑘𝑡 −𝑅𝑛𝑗𝑡 −𝐶𝑛𝑘𝑡|𝑗 .
Though utility is not directly observable, it can be separated
into a systematic component 𝑉𝑛𝑘𝑡+1|𝑗 and a random element
𝜖𝑛𝑘𝑡 . Systematic utility is separated into a section on usespecific 𝑥𝑛𝑘𝑡 and general attributes 𝑝𝑛𝑡 of plot 𝑛 affecting the
returns and conversion costs at time 𝑡. Since returns from
all uses are relevant to the landowner’s decision, 𝑉𝑛𝑘𝑡+1|𝑗 =
(𝑥𝑛𝑖𝑡 , 𝑝𝑛𝑡 ). The probability of converting land from use 𝑗 to
use 𝑘 at time 𝑡 is

(4)

Equation (4) allows us to estimate an empirical model to
determine land use change.
3.2. Econometric Model. The most common model for estimating land use change is a form of the logit model. In
order to overcome the independence of irrelevant alternatives
(IIAs) property of the traditional logit, researchers estimate a
nested logit [15] or a random parameter logit [18]. The model
conditions on the initial use of land because land conversion

(5)

Assuming the random elements of utility are independent
and identically distributed with a type I extreme value distribution, the probabilities can be estimated with a multinomial
logit model [19] with estimated probabilities
𝑃𝑛𝑘𝑡+1|𝑗
=

exp (𝛼𝑘𝑗 + 𝜏𝑘𝑡 + 𝛽 𝑥𝑛𝑘𝑡 − 𝛽 𝑥𝑛𝑗𝑡 + 𝛾𝑘 s𝑛𝑡 − 𝛾𝑗 s𝑛𝑡 )

,
∑𝐽𝑖=1 exp (𝛼𝑖𝑗 + 𝜏𝑖𝑡 + 𝛽 𝑥𝑛𝑖𝑡 − 𝛽 𝑥𝑛𝑗𝑡 + 𝛾𝑖 s𝑛𝑡 − 𝛾𝑗 s𝑛𝑡 )
(6)

where 𝛼𝑖𝑗 is a conversion specific constant, 𝜏𝑖𝑡 is a year fixed
effect, 𝛽 is a vector of coefficients on parcel-use specific
variables, and 𝛾𝑖 is a vector of coefficient on the parcel-specific
variables. The 𝛽 𝑥𝑛𝑗𝑡 and 𝛾𝑗 s𝑛𝑡 terms appear in the numerator
and denominator, and they cancel out producing the model
to estimate
𝑃𝑛𝑘𝑡+1|𝑗 =

exp (𝛼𝑘𝑗 + 𝜏𝑘𝑡 + 𝛽 𝑥𝑛𝑘𝑡 + 𝛾𝑘 s𝑛𝑡 )
∑𝐽𝑖=1 exp (𝛼𝑖𝑗 + 𝜏𝑖𝑡 + 𝛽 𝑥𝑛𝑖𝑡 + 𝛾𝑖 s𝑛𝑡 )

.

(7)

4. Data
The primary data sources are the Washington State Parcel and
Forestland databases hosted by the University of Washington Geographic Information Service (WAGIS). Rogers and
Cooke [20] provide a detailed description of the database
development. Figure 1 shows a map of Washington State
with the data coverage for the Parcel and Forestland data.
Previous studies use the National Resource Inventory (NRI),
a national panel survey dataset containing information on
land use, soil and water quality, conservation practices, and
land ownership, and merge the plot-level NRI data with
proxies for net returns collected at the county level [13, 15, 18].
The advantage of the WAGIS data lies in the richness of data
available at the parcel level. Returns to forestry and urban uses
can be calculated at the parcel level through observed biomass

5

Forest
Development

Figure 1: Map of Washington State and feedstock processors. Note:
the green area is composed of points for a 1000 ft sample grid
and represents the location of parcels in our sample. Blue dots
are existing, proposed, or hypothetical facilities that process forest
residue feedstock. The white areas are counties that did not comply
with data requests for the parcel and forestland data projects.

combined with a simple harvesting rule and the assessed
values, respectively.
No study, to the best of our knowledge, compiles all the
data at the parcel level, so this will provide new depth to
the land use change literature. One variable missing in
the WAGIS dataset is the soil quality, which we spatially
merge from the Soil Survey Geographic Database (SSURGO)
maintained by the United States Department of Agriculture’s
(USDA) Natural Resources Conservation Services (NRCS)
division. We use the Land Capability Class (LCC) as our
measure of soil quality, and similar to [15] we condense the 8
discrete soil classes to four classes (we define our soil classes,
with lower classes representing higher quality soil, as follows:
Class 1 is LCC I-II, Class 2 is LCC I–IV, Class 3 is LCC VVI, and Class 4 is LCC VII-VIII). The WAGIS parcel data
contains the assessed value of the land for each parcel, which
we use as a proxy to returns to development, and the 2007
Forestland database has returns to forestry at the parcel level.
We construct returns to agriculture from county level data
obtained from the Bureau of Economic Analysis using the
same methodology as Lubowski [16] to generate net returns
from total farm income minus production costs. Distance
to feedstock facilities, which are displayed in Figure 1, is
obtained through the WAGIS group.
We observe land use over two periods: 2007 and 2010.
Since some parcels do not match up exactly over time (mostly
due to small errors in GIS parcel boundaries), we take a fine
scale grid of sample points every 1000 feet throughout the
state to obtain our estimation sample. Only private land is
included in the study, since we are modeling a landowner’s
maximization problem and the government may have a
different objective function. The gaps from the sample grid
within compliant counties seen in Figure 1 consist primarily
of federal, state, and local government-owned land. This
ensures that we are observing land use at a given location over
time. Table 1 displays a matrix of observed land use changes
from 2007 to 2010 by acreage. While most of the land stays in

Number of
facilities

Top soil
class

Distance
to UGA

Return to
forestry

Return to
agriculture

100
75
50
25
0
−25
−50
−75
−100
Return to
development

(%)
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Figure 2: Summary statistics. Note: statistics are sample average
of key variables by land class. The values shown are percentage
deviations for each land use from the sample average. A positive
value designates a land use that has a higher than average mean for
that variable. All values are per acre and are annualized using a 5%
discount rate. Distance to UGA is in miles. Soil class is categorical.
The number of facilities is the number of feedstock facilities within
200 miles of a parcel.

its initial use, there are significant changes over time. There
are net declines in developed, forest, and undeveloped land
and net increases in agricultural land. Looking at some of
the major categorical conversions, we see that 41,018 acres of
undeveloped land switched to agriculture and 34,537 acres
of forestland switched to undeveloped. Figure 2 shows the
summary statistics for 2007 by land use class in a graphical
format by mean deviations over the whole sample in order
to highlight the differences in the covariates across land
uses. Not surprisingly, each land use class for which we have
returns has above average returns to the currently employed
land use. This is particularly apparent for developed and
agricultural land. The Top Soil Class is the percentage of
parcels with the highest quality soil in our sample (this is
equal to LCC I-II from SSURGO), and predictably the best
soil is most often used for agriculture.

5. Empirical Results
5.1. Parameter Estimates. Land use is modeled as a discrete
choice, and a multinomial logit model is estimated. Though
there are drawbacks to this specification, it is a commonly
used model and provides a good starting point for the analysis. The empirical model uses data in 2007 to predict land
use for four classes in 2010: developed, agriculture, forest, and
undeveloped. The parameters in Table 2 are estimates of the
marginal effect of exogenous variables on the probability of
a parcel being in each of the four land uses. Since most of
the land stays in the same use, we also estimate four separate
equations conditional on the land use in 2007.
An advantage of our dataset is that parcels are georeferenced allowing explicit treatment of the spatial component of land use as advocated in Brady and Irwin [21].
Developing a spatial model adds richness to the empirical
analysis, but it also raises many challenges. Spatial models
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Table 1: Observed land use changes.

Agriculture

Land use in 2010
Development
Forest

Undeveloped

Total

Land use 2007
Agriculture
Development
Forest
Undeveloped

492,032
9,793
16,714
41,018

9,703
1,186,729
6,387
9,861

10,265
20,788
5,415,103
20,622

11,890
16,953
34,537
516,097

523,890
1,234,263
5,472,740
587,599

Total

559,557

1,212,681

5,466,778

579,476

7,818,492

Matrix represents acres of land in 2010 in each use based on land use in 2007. The diagonal terms are acreage totals for land that stayed in the same use, and
the off-diagonal terms are the acreage values for parcels that switched use.

impose a lot of structure on the error term that relies on
the researcher’s choice of spatial weight matrix. Robertson
et al. [22] provide an excellent review of econometric issues
in estimating discrete choice spatial models and provide a
series of workarounds when a structural spatial model is
unwarranted or infeasible. For large samples the spatial error
model (SER) is often intractable due to the need to invert
an 𝑁 × 𝑁 matrix. A spatial autoregressive model (SAR)
is not appropriate in a setting where the goal is to make
predictions because it requires the spatially lagged values of
the dependent variable. Discrete data adds a host of other
problems in analyzing the likelihood function in the presence
of spatial effects. Some recent advances [23, 24] employ
Bayesian Markov Chain Monte Carlo simulation methods to
estimate the joint posterior distributions with discrete data,
but the computational power limits the potential sample size.
We select the second workaround of Robertson et al. [22]
that adds spatial variables as additional covariates since we
have a large dataset, a discrete dependent variable, and aim
to generate predictions for land use in response to several
policy scenarios. This workaround also performs well relative
to structural spatial models that capture the true underlying
spatial data generating process in Monte Carlo simulations by
Robertson et al. [22].
In addition to the variables described above, we include
the averages of neighbors’ net returns to forestry and development as well as the proportion of neighbors in each of the
four land use categories in 2007 (returns to agriculture are not
included because they are only available at the county level).
Using these variables we capture some of the unobserved
heterogeneity due to spatial proximity inherent in modeling
land use. We use five specifications for the spatial weight
matrix (SWM) to define neighbors for each parcel: 5, 10, and
20 nearest parcels, as well as all parcels within 5,000 and
10,000 feet. In order to select a preferred model we perform a
series of specification tests based on the Bayesian Information
Criteria (BIC) (while we do not include all the specifications
in the paper, interested readers can contact the authors for
additional results). The five specifications derived from the
unique SWMs are estimated for both the full model and the
model that conditions on 2007 land use. Based on the BIC
the spatial variables strongly improve model fit compared
to the nonspatial model. While the conditional model also
benefits from the spatial variables, the gain in fit is much

less significant. This is likely due to the fact that land use
in 2007 captures a significant portion of the unobserved
heterogeneity.
The model produces intuitive results with returns to
a given use consistently increasing the probability of land
ending up in that use. Additionally, returns to alternate uses
generally reduce the probability of being in a given use;
for example, returns to development reduce the probability
of land being used for agriculture and forestry. There are
several results that are particularly relevant in examining the
potential effects of biofuel policy using forest residue as a
feedstock. In our dataset, we observe the location of facilities
that processes forest residue; these are primarily pulp and
paper mills, and no facility currently generates ethanol from
forest residue. Regulatory uncertainty for ethanol’s tax breaks
and subsidies, challenges for integrating within the fuel
blending industry, and large initial capital costs are some of
the reasons why we do not observe an active cellulosic ethanol
industry despite the abundance of cheap feedstock (some
of the regulatory uncertainty hinges on the government’s
acceptance of the life cycle analysis for carbon in order
to qualify as advanced biofuels under RFS2). However, the
implications of utilizing forest residue from a landowner’s
perspective are similar regardless of the end use of the forest
residue. Therefore, we use the number of current feedstock
processing facilities to proxy for the land use implications of
the creation of ethanol plant that utilizes forest residue. The
distance a landowner is willing to haul forest residue depends
on the price received and the costs associated with collecting
and hauling the biomass. In a biomass assessment for WA
State Perez-Garcia et al. [25] find that for some price and cost
specifications, landowners will send residue to facilities more
than 100 miles away, a finding confirmed in other research
as well (Johansson et al. [26] examine hauling distance for
forest bundles up to 200 km, and Tahvanainen and Anttila
[27] look at hauling distance up 200 km for road and over 300
km for barge). In our data we observe the number of facilities
within radii of 50, 100, and 200 miles, and we choose 200
miles in order to capture the effects in all harvest scenarios.
As seen in Table 2 an additional feedstock facility has a strong
positive impact on the probability of land being in forestry
but has negative and insignificant impacts for other land
uses or switches signs based on the land use in 2007 ([25]
describes the current state of the industry for forest biomass
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Table 2: Marginal effect of land use model.

Land use in 2007

Returns to development
Returns to agriculture
Returns to forestry
Distance to urban growth
Area
No. of feedstock processors
(𝑤/𝑖 200 miles)
Soil Class 1
Soil Class 2
Soil Class 3
Property tax
% Neighbors in agriculture
% Neighbors in development
% Neighbors in forestry
Neighbors returns to development
Neighbors returns to forestry

Returns to development
Returns to agriculture
Returns to forestry
Distance to urban growth
Area
No. of feedstock processors
(𝑤/𝑖 200 miles)
Soil Class 1
Soil Class 2
Soil Class 3
Property tax
% Neighbors in agriculture

(1)
Any
8.53𝑒 − 05∗∗∗
(2.44𝑒 − 06)
−2.24𝑒 − 05∗∗∗
(4.63𝑒 − 06)
−0.00262∗∗∗
(9.47𝑒 − 05)
−0.00115∗∗∗
(0.000211)
−0.00662∗∗∗
(0.00106)
0.0623∗∗∗
(0.00742)
0.0359∗∗∗
(0.00545)
0.0152∗∗
(0.00744)
−0.0103
(0.0149)
0.497∗∗∗
(0.0116)
0.0505∗∗∗
(0.0147)
−0.490∗∗∗
(0.0103)
0.00285∗∗∗
(0.000117)
−1.28𝑒 − 05∗∗∗
(3.39𝑒 − 06)
−8.51𝑒 − 05∗∗∗
(1.49𝑒 − 06)
9.41𝑒 − 06∗∗∗
(9.09𝑒 − 07)
−0.000321∗∗∗
(1.91𝑒 − 05)
−0.000164∗∗∗
(3.36𝑒 − 05)
0.000661∗∗∗
(0.000200)
0.0198∗∗∗
(0.00192)
0.0105∗∗∗
(0.00104)
−0.00187
(0.00122)
−0.00541∗
(0.00320)
0.0129∗∗∗
(0.00245)

(2)
Development
Development (2010)
6.66𝑒 − 06∗∗∗
(6.24𝑒 − 07)
3.90𝑒 − 06∗
(2.04𝑒 − 06)
−3.84𝑒 − 05∗
(2.22𝑒 − 05)
0.000146
(9.00𝑒 − 05)
−0.00213∗∗∗
(0.000371)
0.00311
(0.00230)
0.00591∗∗
(0.00234)
0.00487∗∗
(0.00210)
0.000958
(0.00531)
0.0242∗∗∗
(0.00452)
0.0138∗∗
(0.00570)
0.0245∗∗∗
(0.00437)

(3)
Agriculture

(4)
Forest

(5)
Undeveloped

5.08𝑒 − 06∗∗∗
(1.87𝑒 − 06)
1.15𝑒 − 06
(2.17𝑒 − 06)
6.86𝑒 − 05∗∗
(2.67𝑒 − 05)
−0.000209∗∗
(9.49𝑒 − 05)
0.000338
(0.000463)
−0.00319
(0.00254)
−0.00495∗∗
(0.00228)
−0.00518∗∗
(0.00252)
−0.00357
(0.00716)
0.0314∗∗∗
(0.00827)
−0.00697
(0.00687)
0.0156∗∗
(0.00715)

3.43𝑒 − 07
(4.24𝑒 − 07)
3.37𝑒 − 07
(6.71𝑒 − 07)
−1.22𝑒 − 05
(7.72𝑒 − 06)
2.26𝑒 − 05
(2.94𝑒 − 05)
−7.72𝑒 − 05
(0.000138)
0.000393
(0.00101)
−0.000263
(0.000674)
−0.000592
(0.000881)
−0.00223
(0.00225)
0.00944∗∗∗
(0.00234)
−0.00270
(0.00317)
−0.00241
(0.00192)

4.26𝑒 − 06∗∗∗
(7.83𝑒 − 07)
−3.13𝑒 − 05∗∗∗
(4.66𝑒 − 06)
0.000446∗∗∗
(4.99𝑒 − 05)
0.000232
(0.000166)
0.00219∗∗
(0.000882)
−0.00864
(0.00612)
0.00192
(0.00489)
0.00156
(0.00645)
−0.0306∗∗
(0.0124)
0.106∗∗∗
(0.0107)
0.0950∗∗∗
(0.0130)
0.0515∗∗∗
(0.00984)

Agriculture (2010)
−1.55𝑒 − 06∗∗∗
(1.97𝑒 − 07)
1.99𝑒 − 06∗∗∗
(3.10𝑒 − 07)
−6.15𝑒 − 06∗∗∗
(2.12𝑒 − 06)
−4.42𝑒 − 05∗∗∗
(1.51𝑒 − 05)
0.000228∗∗∗
(5.38𝑒 − 05)
0.00346∗∗
(0.00137)
0.000838∗∗∗
(0.000263)
0.000277
(0.000568)
−0.00144∗
(0.000763)
−0.00113∗∗∗
−0.000436

−3.65𝑒 − 06
(5.47𝑒 − 06)
1.43𝑒 − 05∗∗∗
(4.44𝑒 − 06)
−0.000355∗∗∗
(4.88𝑒 − 05)
0.000607∗∗∗
(0.000170)
−0.00367∗∗∗
(0.000840)
0.00352
(0.00565)
0.00245
(0.00466)
−0.0200∗∗∗
(0.00677)
−0.0205
(0.0135)
−0.0141
−0.0149

−1.18𝑒 − 06∗∗∗
(3.68𝑒 − 07)
−4.60𝑒 − 07
(4.49𝑒 − 07)
−3.15𝑒 − 06
(4.05𝑒 − 06)
−3.06𝑒 − 05∗
(1.60𝑒 − 05)
9.81𝑒 − 06
(6.86𝑒 − 05)
0.00474∗∗
(0.00193)
0.00171∗∗∗
(0.000560)
6.50𝑒 − 06
(0.000691)
−0.00226∗
(0.00137)
−0.00185
−0.00148

−3.79𝑒 − 06∗∗∗
(5.91𝑒 − 07)
8.21𝑒 − 06∗∗∗
(8.68𝑒 − 07)
−2.13𝑒 − 05∗∗
(1.03𝑒 − 05)
−0.000131∗∗∗
(4.67𝑒 − 05)
0.000417∗
(0.000215)
0.0206∗∗∗
(0.00655)
0.00526∗∗∗
(0.00130)
0.000230
(0.00194)
−0.00589∗
(0.00333)
0.00244
−0.00206
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Table 2: Continued.

Land use in 2007
% Neighbors in development
% Neighbors in forestry
Neighbors returns to development
Neighbors returns to forestry

Returns to development
Returns to agriculture
Returns to forestry
Distance to urban growth
Area
No. of feedstock processors
(𝑤/𝑖 200 miles)
Soil Class 1
Soil Class 2
Soil Class 3
Property tax
% Neighbors in agriculture
% Neighbors in development
% Neighbors in forestry
Neighbors returns to development
Neighbors returns to forestry

Returns to development
Returns to agriculture
Returns to forestry
Distance to urban growth
Area
No. of feedstock processors
(𝑤/𝑖 200 miles)
Soil Class 1

(1)
Any
0.147∗∗∗
(0.00478)
−0.0261∗∗∗
(0.00223)
0.000185∗∗∗
(2.21𝑒 − 05)
1.14𝑒 − 05∗∗∗
(6.27𝑒 − 07)
∗∗∗

5.82𝑒 − 05
(3.33𝑒 − 06)
2.72𝑒 − 05∗∗∗
(5.61𝑒 − 06)
0.00452∗∗∗
(0.000105)
−3.13𝑒 − 06
(0.000222)
0.0137∗∗∗
(0.00119)
−0.0666∗∗∗
(0.00744)
−0.0423∗∗∗
(0.00576)
−0.0253∗∗∗
(0.00769)
−0.0475∗∗∗
(0.0181)
−0.0405∗∗∗
(0.0144)
0.243∗∗∗
(0.0171)
1.243∗∗∗
(0.0122)
−0.00400∗∗∗
(0.000130)
−7.36𝑒 − 05∗∗∗
(5.03𝑒 − 06)
−5.84𝑒 − 05∗∗∗
(2.43𝑒 − 06)
−1.42𝑒 − 05∗∗∗
(3.88𝑒 − 06)
−0.00158∗∗∗
(7.99𝑒 − 05)
0.00131∗∗∗
(0.000162)
−0.00777∗∗∗
(0.000902)
−0.0155∗∗∗
(0.00581)

(2)
Development
−0.000403
−0.000483
−0.00250∗∗∗
−0.000566

(3)
Agriculture
0.0445∗∗∗
−0.0114
−0.00553
−0.0126

(4)
Forest
0.00461∗∗∗
−0.00127
−0.00193∗
−0.00107

(5)
Undeveloped
0.0105∗∗∗
−0.00216
−0.00147
−0.00202

Forestry (2010)
−3.48𝑒 − 06∗∗∗
(2.89𝑒 − 07)
4.26𝑒 − 06∗∗∗
(5.44𝑒 − 07)
1.09𝑒 − 05∗∗
(4.97𝑒 − 06)
−4.99𝑒 − 05∗∗
(2.23𝑒 − 05)
0.000612∗∗∗
(0.000105)
−0.000687
(0.000495)
0.000400
(0.000404)
−0.000365
(0.000597)
−0.00546∗∗∗
(0.00157)
−0.00143
(0.00110)
−0.00620∗∗∗
(0.00177)
0.00146
(0.000937)

−9.30𝑒 − 06∗∗
(4.65𝑒 − 06)
−1.77𝑒 − 05∗∗∗
(2.81𝑒 − 06)
0.000188∗∗∗
(2.54𝑒 − 05)
−0.000226∗∗
(8.96𝑒 − 05)
−0.000329
(0.000446)
0.00701∗
(0.00382)
−0.00169
(0.00221)
0.00446
(0.00320)
0.0482∗∗∗
(0.00796)
0.00284
(0.00794)
−0.0134∗∗
(0.00595)
0.0267∗∗∗
(0.00630)

−1.03𝑒 − 06
(8.89𝑒 − 07)
−2.95𝑒 − 06∗∗
(1.35𝑒 − 06)
4.11𝑒 − 06
(1.53𝑒 − 05)
−8.25𝑒 − 05
(5.39𝑒 − 05)
−4.52𝑒 − 05
(0.000280)
−0.00967∗∗∗
(0.00311)
−0.00469∗∗∗
(0.00150)
0.000914
(0.00198)
0.00295
(0.00479)
0.00717
(0.00444)
0.0199∗∗∗
(0.00556)
0.0325∗∗∗
(0.00330)

−8.27𝑒 − 06∗∗∗
(9.86𝑒 − 07)
1.77𝑒 − 05∗∗∗
(1.29𝑒 − 06)
8.60𝑒 − 05∗∗∗
(1.56𝑒 − 05)
−0.000244∗∗∗
(6.15𝑒 − 05)
0.00124∗∗∗
(0.000294)
0.00224
(0.00263)
0.00543∗∗∗
(0.00146)
0.00451∗
(0.00272)
−0.0104∗
(0.00530)
0.00151
(0.00338)
−0.0134∗∗∗
(0.00484)
0.0128∗∗∗
(0.00269)

Undeveloped (2010)
−1.63𝑒 − 06∗∗∗
(5.20𝑒 − 07)
−1.02𝑒 − 05∗∗∗
(1.94𝑒 − 06)
3.37𝑒 − 05
(2.15𝑒 − 05)
−5.17𝑒 − 05
(8.60𝑒 − 05)
0.00129∗∗∗
(0.000352)
−0.00588∗∗∗
(0.00179)

7.87𝑒 − 06∗∗∗
(2.11𝑒 − 06)
2.22𝑒 − 06
(2.76𝑒 − 06)
9.88𝑒 − 05∗∗∗
(3.24𝑒 − 05)
−0.000171
(0.000113)
0.00366∗∗∗
(0.000548)
−0.00734∗∗
(0.00336)

1.87𝑒 − 06∗∗∗
(6.87𝑒 − 07)
3.07𝑒 − 06∗∗∗
(1.09𝑒 − 06)
1.12𝑒 − 05
(1.26𝑒 − 05)
9.05𝑒 − 05∗∗
(4.24𝑒 − 05)
0.000113
(0.000234)
0.00454∗∗
(0.00225)

7.80𝑒 − 06∗∗∗
(1.33𝑒 − 06)
5.42𝑒 − 06
(4.86𝑒 − 06)
−0.000510∗∗∗
(5.30𝑒 − 05)
0.000143
(0.000181)
−0.00385∗∗∗
(0.000948)
−0.0142
(0.00900)
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Table 2: Continued.

Land use in 2007
Soil Class 2
Soil Class 3
Property tax
% Neighbors in agriculture
% Neighbors in development
% Neighbors in forestry
Neighbors returns to development
Neighbors returns to forestry
Pseudo-𝑅2
Observations

(1)
Any
−0.00415
(0.00457)
0.0119∗∗
(0.00602)
0.0632∗∗∗
(0.0126)
−0.469∗∗∗
(0.00925)
−0.441∗∗∗
(0.0112)
−0.728∗∗∗
(0.00771)
0.000970∗∗∗
(9.90𝑒 − 05)
7.50𝑒 − 05∗∗∗
(2.67𝑒 − 06)
0.3454
113,953

(2)
Development
−0.00715∗∗∗
(0.00229)
−0.00478∗∗
(0.00193)
0.00594
(0.00502)
−0.0216∗∗∗
(0.00436)
−0.00721
(0.00540)
−0.0234∗∗∗
(0.00423)

(3)
Agriculture
0.00420
(0.00346)
0.0207∗∗∗
(0.00553)
−0.0241∗∗∗
(0.00824)
−0.0202∗∗
(0.00962)
−0.0241∗∗∗
(0.00695)
−0.0367∗∗∗
(0.00829)

(4)
Forest
0.00324∗∗∗
(0.00122)
−0.000329
(0.00164)
0.00155
(0.00400)
−0.0148∗∗∗
(0.00347)
−0.0218∗∗∗
(0.00440)
−0.0282∗∗∗
(0.00247)

(5)
Undeveloped
−0.0126∗∗
(0.00523)
−0.00630
(0.00716)
0.0469∗∗∗
(0.0137)
−0.110∗∗∗
(0.0113)
−0.0921∗∗∗
(0.0139)
−0.0628∗∗∗
(0.0103)

0.1297
33,380

0.0792
14,229

0.0556
43,740

0.0714
22,609

Reading across the column within a section displays the marginal effects on that section’s predicted land use in 2010, given the 2007 land use shown in the
column. For example, the agriculture section in column (3) reports the marginal effects on the probability of being in agriculture in 2007 given that the parcel
was in forestry in 2007. Standard errors in parentheses; ∗∗∗ 𝑃 < 0.01, ∗∗ 𝑃 < 0.05, ∗ 𝑃 < 0.1.

and concludes that a binding supply side constraint is not
likely).
We also perform robustness checks using radii of 50 and
100 miles that can be seen in Table 3. The results are similar in
sign but smaller in magnitude and level of significance, most
likely because there is not much variation in the number of
facilities in the smaller radii. Using facilities within 50 miles
significantly dampens the effect of a facility. There is also the
potential that the location of feedstock processors is endogenous since they will likely choose to locate near forestland.
While we cannot refute this claim outright, we believe that
potential endogeneity of facilities is not too problematic since
the average number of facilities within 200 miles is greater for
developed and undeveloped land than for forestland (average
number of facilities within 200 miles is 8.97 for developed
land, 7.23 for agriculture, 8.42 for forestland, and 8.65 for
undeveloped land). Using the models of land use change
alleviates these concerns because all the processors were in
place in 2007 and we condition on land use in 2007. Therefore,
while feedstock processors may have chosen to locate in areas
with high concentration of forestland, once they are built by
definition land use cannot dictate their location.
5.2. Simulation. Unfortunately there is no state-wide largescale forest residue biofuel policy in WA that provides us
with data to estimate the effects on land use. Therefore, we
must postulate the impact the policy may have using our
existing historical data. One potential mechanism through
which a burgeoning biofuel industry using woody feedstock
impacts land use is by increasing the returns to forestry.

Currently demand for forest residue consists primarily of
pulp and paper mills; ethanol plants using forest biomass
as a feedstock will add an additional consumer of forest
residue thus increasing demand for the biomass. Increased
demand for forest biomass will raise the price and, in addition
to increasing profits for landowners currently harvesting
forest residue, will make harvesting residue profitable for
landowners who currently do not sell their timber debris.
The question remains whether the extra revenue would cause
greater forest retention or actually generate conversion to
forestland. Since we do not observe the increase in returns to
forestry, we assume three scenarios where increased biomass
prices generate additional forest returns of 1%, 5%, and 10%.
Another way to proxy for the impact of a biofuel policy is
to explore the influence of proximity to a feedstock processor
on land use decisions. In the spirit of the Von Thünen
rent gradient, forestland close to processor plants has lower
transportation costs, and therefore profits from harvesting
forest residue are higher than forestland far away from a
processing plant. A new plant that processes forest residue for
biofuels will make it economically viable to sell forest residue
for parcels close to the facility. Therefore, lands surrounding
processing plants can proxy for a biofuel policy targeting
forest residue.
Armed with the estimates from the land use model, we
are able to simulate the land use impacts of biofuel-policy
scenarios. First we estimate the model conditioning on initial
land use (columns (2)–(5) in Table 2) since we are interested
in land use change. Next we generate a base prediction of land
use given the current variables. Finally, we change a specific
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Table 3: Robustness checks for proximity to feedstock processing facilities.

Distance—Classification
200—All
200—Existing
200—Proposed
200—Hypothetical
100—All
100—Existing
100—Proposed
100—Hypothetical
50—All
50—Existing
50—Proposed
50—Hypothetical

Development
−0.0311∗∗∗
(0.00727)
−0.0464∗∗∗
(0.00896)
−0.0187∗∗∗
(0.00564)
−0.0281∗∗∗
(0.00671)
−0.00739∗
(0.00400)
−0.0202∗∗∗
(0.00557)
−0.00140
(0.00284)
−0.00421
(0.00263)
0.0202∗∗∗
(0.00293)
0.0119∗∗∗
(0.00293)
0.00844∗∗∗
(0.00178)
0.00894∗∗∗
(0.00164)

Agriculture
0.0124∗∗∗
(0.00139)
0.0104∗∗∗
(0.00173)
0.00713∗∗∗
(0.00111)
0.0154∗∗∗
(0.00125)
0.000499
(0.000792)
0.0102∗∗∗
(0.00120)
0.000544
(0.000562)
−0.00202∗∗∗
(0.000539)
−0.00334∗∗∗
(0.000616)
−0.00247∗∗∗
(0.000640)
−0.00313∗∗∗
(0.000413)
−0.000213
(0.000327)

Forest
0.0870∗∗∗
(0.00829)
0.103∗∗∗
(0.0100)
0.0589∗∗∗
(0.00650)
0.0818∗∗∗
(0.00775)
0.0329∗∗∗
(0.00445)
0.0223∗∗∗
(0.00665)
0.0215∗∗∗
(0.00312)
0.0216∗∗∗
(0.00299)
0.00571∗
(0.00329)
−0.00494
(0.00326)
−6.54𝑒 − 05
(0.00204)
0.00716∗∗∗
(0.00180)

Undeveloped
−0.0683∗∗∗
(0.00609)
−0.0674∗∗∗
(0.00761)
−0.0473∗∗∗
(0.00471)
−0.0690∗∗∗
(0.00558)
−0.0260∗∗∗
(0.00340)
−0.0122∗∗∗
(0.00461)
−0.0206∗∗∗
(0.00244)
−0.0154∗∗∗
(0.00222)
−0.0225∗∗∗
(0.00251)
−0.00448∗
(0.00246)
−0.00525∗∗∗
(0.00149)
−0.0159∗∗∗
(0.00143)

The values reported are the marginal effects for the number of facilities within different radii and for different classifications. In the first column the radius in
miles is given followed by whether the facilities are existing, proposed, hypothetical or any of the three categories. The last four columns represent the impact
of the variable on land in that use. All control variables in the regressions reported in Table 2 column (1) are included. Standard errors in parentheses; ∗∗∗ 𝑃 <
0.01, ∗∗ 𝑃 < 0.05, ∗ 𝑃 < 0.1.

variable and then repredict land uses given the new variables
and compare acreage to the base prediction. Our policy scenarios are to increase returns to forestland by 1%, 5%, and 10%
and to add facilities at three potential locations: Centralia,
Aberdeen, and Spokane. Our selected facility locations are
identified as promising by a preliminary feasibility analysis
and offer good geographic coverage for the state. In order to
obtain inference for our simulation results we use a bootstrap
approach to draw with replacement from our sample and
reestimate the simulated land use changes. This produces
bootstrap standard deviations and confidence intervals.
As seen in Figure 3 both policy scenarios predict increases
in forestland leading to environmental benefits from land
use change. Since we are using a sample of a 1000 foot grid
over WA State, we present percentage changes in land use as
opposed to total acreage. The increase in forestland due to
higher forest returns ranges from 0.1–1% depending on the
assumptions of the increase in forest net returns. The facility
simulations depend on where the facilities are located. Facilities in Centralia and Aberdeen both produce a 0.5% increase
in forestland, while the increase for a facility in Spokane is
only 0.1%, with some repetitions of the simulation producing
small decreases in forestland. The spatially explicit data allow
us to estimate the specific parcels most likely to be experience

land use change due to biofuel policy. This information can be
used for the overall life cycle assessment to analyze the carbon
footprint of a forest residue biofuel policy in WA and to assess
whether cellulosic biofuels meet the federal carbon reduction
requirements for second-generation biofuels.

6. Conclusions
The land use model helps to understand some of the secondary effects of biofuel policy in WA State. Researchers
tend to focus on the negative environmental consequence
of converting land to grow crops for biofuels such as loss
of carbon sequestration [1] and pollution due to agricultural runoff [13]. However, the biofuel policy in question is
one relating to harvesting forest residue and has much
different implications for land use. We find that biofuel
policy targeting forest residue will increase land in forestry,
leading to a reduction in GHG emissions due to the carbon
sequestration. A key limitation is that our simulations are
based on assumptions of how a biofuel policy will affect
variables that impact land use. We also cannot determine
whether the underlying relationship between these variables
and land use will remain constant after a biofuel policy is
established. Nonetheless, these results produce an empirical
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Figure 3: Land use change from policy simulations. Note: simulations are run on land use models conditional on land use in 2007 and
correspond to columns (2)–(5) in Table 2. One thousand bootstrap simulations are performed to generate out of sample predictions. The
average percentage change in each land use is shown with numerical bootstrap standard errors used to create confidence intervals.

and quantitative exploration of the potential indirect effects
of a biofuel policy in Washington State. The next steps are to
link the land use model to local water quality. While carbon
emissions are a global pollutant, impacts of water quality will
be felt locally and therefore warrant further analysis.

Appendix
Table 3 shows results dependent on the designation of the
facility and the threshold distance for proximity to feedstock
processing facilities. Each row is the estimate of the marginal
effect of the variable for the number of facilities within a given
radii on the probability of land being in each of the four uses.
Each row represents a separate regression that contains all
the control variables from the regression in Table 2. These
regressions are on the pooled data as opposed to conditioning
on the initial land use. In our dataset, we have the number
of facilities within 50, 100, and 200 miles of each parcel for
existing facilities, as well as formally proposed facilities and
locations mentioned in news and reports but without the
formal paperwork.
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The challenges and opportunities facing today’s agriculture within the climate change context are at least twofold: in addition to
adapting to a potentially more variable climate, agriculture may also take on the addition role of mitigating GHG emissions—such
as providing renewable fuels to replace fossil fuels to some extent. For the US, a large-scale GHG mitigation effort through biofuels
production pursuant to the Renewable Fuel Standard (RFS2) is already unfolding. A question thus naturally arises for the RFS2relevant US agricultural sector: will climate change make it harder to meet the volume goals set in the RFS2 mandates, considering
that both climate change and RFS2 may have significant impacts on US agriculture? The agricultural component of FASOMGHG
that models the land use allocation within the conterminous US agricultural sector is employed to investigate the effects of climate
change (with autonomous adaptation at farm level), coupled with RFS2, on US agriculture. The analysis shows that climate change
eases the burden of meeting the RFS2 mandates increasing consumer welfare while decreasing producer welfare. The results also
show that climate change encourages a more diversified use of biofuel feedstocks for cellulosic ethanol production, in particular
crop residues.

1. Introduction
Key to agricultural production, climate and the atmosphere
provide essential inputs such as solar radiation, water, and
CO2 for plant and animal growth [1]. Changes in climate and
the atmosphere, projected by IPCC WGI [2] as inevitable for
the coming decades, raise concerns regarding the adaptive
ability and/or the likely responses of the agricultural sector.
The challenges and opportunities facing today’s agriculture
within the climate change context are, however, at least
twofold: in addition to adapting to a potentially more variable
climate, agriculture may also take on the additional role
of mitigating GHG emissions—such as providing renewable
fuels to replace fossil fuels to some extent [3]. In the
US, a large-scale GHG mitigation effort through biofuels
production, pursuant to the Renewable Fuel Standard (RFS2),
is already unfolding. A question thus arises naturally for
the RFS2-relevant US agricultural sector: will climate change
make it harder to meet the volume goals set in the RFS2

mandates, considering that both climate change and RFS2
may have significant impacts on US agriculture?
Current climate change studies have shown a growing
interest in “synergies” between the agriculture-based mitigation and adaptation under climate change and/or identification of an optimal mix of the two—which implicitly
acknowledges the existence of some tradeoff between the two
[3–6]. In other words, the issue of integrating agricultural
mitigation and adaptation under climate change is increasingly mentioned and discussed, although few studies have
examined if such “synergies” or the opposite exists, and if they
exist, to what extent.
Readjusting the framework of “mitigation versus/in conjunction with adaptation under climate change” outlined in
the previous studies, the research presented in this paper aims
to examine the “synergy,” or perhaps the opposite, between
mitigation and climate change effects (with adaptation) that
are taking place or will very likely occur within the US
agricultural sector—focusing on the implementation of RFS2,

2
a principally US agriculture-based GHG mitigation activity,
as well as the autonomous, evolving farm-level adaptation
under climate change. This study will report on the “synergy”
(or the opposite) outcomes of US agricultural welfare, agricultural market equilibrium, land use change, and the RFS2
biofuel production mix with respect to a baseline in which
climate change and RFS2 are absent.
The remainder of this paper is organized as follows. In
the literature review part, a visit of climate change studies
focusing on agriculture and a discussion of several major
research approaches are presented. Then in the methodology
part, this paper introduces how climate change effects and
adaption activities have been incorporated in FASOMGHG to
date and how the investigation of climate change interacting
with RFS2 for this study is carried out. After that, this
paper displays and discusses model results. Finally, this paper
concludes and discusses about future research.

2. The Literature Review
Numerous studies have been carried out to gain an understanding about climate change impacts on agricultural production since the publication of the first IPCC report in 1990
[1]. For example, crop response simulation models that combine agronomic response of plants and management practices
were developed to estimate the physical, biological, and
economic outcomes in agricultural system [7]. Frequently
used crop modeling systems include CERES, CENTURY,
SOYGRO, and PNNL EPIC models [8–11]. These simulation
models can estimate changes in both crop yields and demand
for irrigation water under transient climate scenarios [10],
and they are predominant tools for estimating likely climate
effects on crop yields [12]. An apparent strength of the
simulation models is that they can incorporate the whole
distribution of weather conditions over the growing season
to develop a distribution of yield and water use outcomes.
However, they typically take production systems and nutrient
applications as exogenous [12], limiting the involvement of
farmers’ behavior changes.
Another approach to study the effects of climate on crop
production involves statistical estimation using cross-section
data (the spatial analogue approach). This spatial analogue
method attempts to forecast how cool regions would adopt
warm regions’ practices if climate gets warmer by comparing
production activities in warm and cool regions under past
and current climates [7]. Unlike crop simulation models, the
spatial analogue approach is considered to have a greater success in capturing farmers’ behavioral and adaptive responses
[12] and possibly some other macrofactors. Nevertheless, this
approach is subject to the problem of omitted variables—
its likely inadequate specification of underlying physiological
processes can lead to biased estimates. Moreover, the inherent
assumptions of exogenous prices and policy regimes plus a
lack of treatment of CO2 effects on crop yields may seriously
limit the predictive power of this method.
In addition to crop simulation models and the spatial analogue method reviewed earlier, integrated assessments spanning several disciplines are carried out to explore possible
outcomes of agricultural production under climate change as
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well. The integrated assessments typically use estimates from
the aforementioned crop simulation models and econometric
studies as data inputs. According to Antle (2009) [1], the
most comprehensive study to date is the US Global Climate Research Program’s national agricultural assessment—
namely, Reilly et al. (2003) [10]. This assessment used the
ASM model—the agricultural component in FAOMSGHG—
to simulate the US agricultural sector under transient climate
scenarios, taking into consideration climate impacts on crops,
pesticide use, irrigation water supply and demand, livestock
grazing supply, and international trade effects. In addition,
this study carried out case studies examining climate change
effects on nutrient loading to the Chesapeake Bay and
groundwater depletion of the Edwards Aquifer in Texas,
offering forecasts of environmental consequences under climate change. These case studies imply research opportunities
that pay attention to multiple objectives, such as meeting
environmental standards and adapting agriculture to climate
change simultaneously.
Earlier major integrated assessments include the works of
Adams et al. (1990) [13] and Adams et al. (1995) [14]. In their
research, General Circulation Models (GCMs) for future
climate projections, models of plant science, hydrology, and
agricultural economics, are utilized. Their results suggest that
irrigated cropland acreage will expand and regional patterns
of US agriculture will shift under future climate change.
Collectively, the typical procedure of integrated assessments introduced earlier is as follows: firstly, obtain biophysical estimates describing changes in crop yields, irrigation
water requirements, and resources availability under GCM
projections of interest; then incorporate these data and their
associated economic terms into economic models to generate
solutions from which people can draw implications of climate
change and/or evaluate economic returns to possession of or
improvement in adaptation ability in agriculture.
The literature review so far has focused on agricultural
climate change effects and (autonomous) adaptation to projected future climate change. Examples of real successful
adaptations in US history include agricultural production
in irrigated areas in the Texas High Plains and the dryland
areas in the Midwestern Corn Belt [15]. Besides adapting
to climate forces, producers also adapt to or respond to
changes in economic and policy conditions. An examination
of historic shifts in crop production locations conducted in
Reilly et al. (2003) [10] suggests that nonclimate forces—
government policies that help limit farmers’ financial losses—
have likely dominated the climate forces in inducing the
northward and the westward crop movements in the US,
when there is evidence showing that climate has changed over
the past 100 years. As for today, the US agricultural sector
has actively responded to biofuel policy incentives and/or
mandates in facilitating the expansion of biofuels production
since the early 2000s which otherwise may not occur, as the
works of McCarl and Schneider (2001) [16] and Schneider
and McCarl (2003) [17] point out that without a relatively
high carbon price (incentive), biofuels production in the US
has no role in GHG emissions reduction among many other
agriculture-based mitigation strategies. Note that so far the
climate change studies that used FASOM did not include
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Figure 1: Impacts of adaptation-adjusted climate change (a) and RFS2 (b) on cropland use allocation.

the presence of US biofuels production since 2000, not to
mention the RFS2 mandates.
In a well-functioning market system that rewards successful decisions and penalizes less wise decisions, a continuous and appropriate adaption to changes in environmental
conditions (here including economic and policy conditions
also) is a natural result [18], as demonstrated in some of
the previous examples. For agriculture under climate change,
this continuity in adaptation could lead to quite different
outcomes from the “do nothing” counterfactuals derived
under transient climate scenarios. As pointed out in Rose
and McCarl (2008) [15], adaptation is nothing new but
an ongoing routine in the agricultural sector. Meanwhile,
Rose and McCarl (2008) [15] also noted the inertia in the
socioeconomic system that can slow down taking actions
to change. In FASOMGHG, each region’s crop mix under
new market equilibriums is constrained to fall within the
convex space built by the mixes observed in the past 30
years, and for climate change scenarios, a possible 200 mile
northward migration of crop mixes is allowed [19]. The
research presented in this paper considers these crop-mix
constraints a reasonable approach to capture both the inertia
and evolving adaptation mentioned earlier.

3. Methodology
The agricultural component of FASOMGHG that models the
land use allocation within the conterminous US agricultural
sector is employed to investigate the effects of autonomous
adaptation-adjusted climate change (adaptation-adjusted climate change henceforth) coupled with RFS2 on US agriculture for this study. To obtain a general picture about
the implications of adaptation-adjusted climate change and
RFS2 in the land use context, a simplified graphic analysis
following Mendelsohn and Dinar (2009) [20] is provided
in Figure 1, where 𝐷crop and 𝐷pature denote the two major
competing uses—cropland demand and cropland pasture
demand—for the US cropland base, respectively, with 𝑝 being
the equilibrium cropland price.
Figure 1(b) shows that RFS2 is expected to induce a
𝑟
, to the right of 𝐷crop ,
greater demand for cropland—𝐷crop
resulting in an increase in cropland base allocation to

cropland (𝑞𝑟 > 𝑞) and a decrease in allocation to cropland
pasture. A higher cropland price (𝑝𝑟 > 𝑝) is also expected.
Figure 1(a) shows the situation in which adaptation-adjusted
climate change causes a lower national cropland demand
𝑐
𝑐
and a lower cropland pasture demand 𝐷pasture
, resulting
𝐷crop
in a decrease in allocation of cropland base to cropland (𝑞𝑐 <
𝑞) and a lower cropland price (𝑝𝑐 < 𝑝).
Note that the adaptation-adjusted climate change impacts
on national cropland usage are indefinite, since the varying
regional effects can lead to either a higher or a lower overall
demand for cropland. Consider that crop production may
respond to climate change by shifting to relatively more
productive regions under a competitive market system. If
the effect of higher productivity outweighs the effect of
cropland reallocation, then a reduced cropland demand
would result and vice versa. Similarly, if the effect of higher
forage productivity is greater than the pasture reallocation
effect, then a less pressing pasture demand would follow
and vice versa. The equilibrium land use allocation will
depend on the relative shifts of cropland and pasture demand
curves. In addition, though Figure 1 shows a scenario in
which adaptation-adjusted climate change and RFS2 impose
opposite effects on cropland use allocation, it does not necessarily suggest that adaptation-adjusted climate change and
RFS2 would counteract each other on changing agricultural
welfare, as market-mediated outcomes involve price effects as
well.
3.1. FASOMGHG Overview. To outline the conceptual framework of FASOMGHG, an abstract mathematical depiction of
the FASOMGHG structure is presented as follows:

max
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𝑃𝑠𝑖𝑡 (𝑋𝑖𝑡 ) 𝑑𝑋𝑖𝑡 ]

1 𝑡
)}
1+𝑟

(1)

4

Economics Research International
s.t.

𝑍ℎ𝑡 − ∑ ∑ 𝑐ℎ𝛽𝑘𝑡 𝑄𝛽𝑘𝑡 ≤ 0,
𝛽

∀ℎ, 𝑡,

𝑘

− 𝑋𝑖𝑡 + ∑ ∑ 𝑎𝑖𝛽𝑘𝑡 𝑄𝛽𝑘𝑡 ≤ 0,
𝛽

∀𝑖, 𝑡,

𝑘

∑ 𝑏𝑗𝛽𝑘𝑡 𝑄𝛽𝑘𝑡 ≤ 𝑌𝑗𝛽𝑡 ,

Table 1: Scenarios for the climate change and RFS2 study.
Scenario

RFS2

(3)
Base

∀𝑗, 𝛽, 𝑡,

(4)

∀𝑖, ℎ, 𝛽, 𝑘, 𝑡,

(5)

𝑘

𝑍ℎ𝑡 , 𝑋𝑖𝑡 , 𝑄𝛽𝑘𝑡 ≥ 0,

(2)

Climate change
Hadley
Canadian
None
(with adaptation) (with adaptation)
√
√

BaseHC

√

BaseCC
RFS2

√

where 𝑃𝑑 (𝑍) is the inverse demand function for commodities
traded on market, and 𝑃𝑠 (𝑋) the inverse supply function for
purchased inputs; 𝑍 presents the quantities of commodities,
with ℎ being the index; 𝑄 refers to the levels of production
processes, including primary (e.g., corn) and secondary
(e.g., biofuels) commodities production and processing, with
𝛽 indexing firm and 𝑘 indexing process; 𝑋 presents the
amounts of purchased inputs, with 𝑖 being the index; 𝑌 refers
to the resources endowments such as land supply, with 𝑗 as its
index. Also, 𝑡 indexes year and 𝑟 is the discount rate.
Turning to the mathematical structure, (1) sets the
objective of maximizing the net present value of aggregate
consumer and producer surpluses over time; (2) describes
the relationship between final produced commodities and
production processes, with coefficient 𝑐 giving the output
yield 𝑍ℎ for production process 𝑄; (3) connects production
processes and input factors, with coefficient 𝑎𝑖𝛽𝑘 describing
the input usage level 𝑋𝑖 for production process 𝑄; (4)
links production processes with resources endowments, with
𝑏𝑗𝛽𝑘 representing the production process-specific resource
usage; finally (5) points out that the quantities or levels of
commodities, purchased inputs, and production processes
need to be nonnegative.

RFS2HC

√

RFS2CC

√

3.2. Incorporating Climate Change Effects. In the literature
review section, the strengths of integrated assessments are
discussed and the importance of including continuous,
evolving adaptation is noted. To match the RFS2 schedule,
the research presented in this paper sets the time scope
focusing on the period of 2000–2035 and uses the Hadley
and Canadian GCM projections for 2030 as the climate
change background. The incorporation of climate change
effects in previous climate change studies using FASOM,
the predecessor of FASOMGHG, such as Reilly et al. (2003)
[10], has typically involved modification of coefficients. This
research also follows the same procedure and uses the same
data to include the changes, as detailed next.

3.3. Phasing in Biofuels Production. As noted in the literature
review section, so far the climate change studies using
FASOMGHG have not included the expansion of US biofuels
production since the early 2000s yet. To reflect this biofuel
growth and the RFS2 policy, further constraints are imposed
in the model as follows:

(a) The crop and livestock yields—coefficient 𝑐 in (2)—
are adjusted to reflect the climate change effects. Data
on crop yield changes with variety and planting date
adaptation arise from CERES, SOYGRO, CENTURY,
and DSSAT models, as detailed in Reilly et al. (2003)
[10] and Tubiello et al. (2002) [11]. Data on changes in
livestock-related products production are drawn from
Adams et al. (1999) [23].
(b) Coefficient (𝑎) parameters in (3) are modified to
reflect climate change induced changes in input
usages. Specifically, the data on pesticide use changes

√
√
√

with respect to the Hadley and Canadian climate
change projections are obtained from Chen and
McCarl (2001) [24]. And the data on changes in
cropping use of irrigation water are from the same
source as crop yield changes specified in step (a).
(c) The right-hand-side (RHS) values in (4) are altered
to reflect the climate change effects on resources
availability. As documented in Reilly et al. (2003) [10],
the data on changes in irrigation water supply are
from Gleick and Adams (2000) [25], and the grazing
supply data are modified by utilizing the crop models
mentioned in step (a).
(d) International trade effects that consider the changes
in grain production elsewhere in the world are incorporated in the supply functions in (1). The average of
GISS and UKMO estimates from Reilly et al. (2001)
[26] are used, following McCarl (2006) [27].

𝑍ℎ∗ 𝑡 = 𝑀ℎ∗ 𝑡 ,

∀ℎ∗ , 𝑡,

(6)

where ℎ∗ indicates grain-based ethanol and cellulosic
ethanol, and 𝑀 represents the projected or mandated volumes.
3.4. Scenarios Used. Table 1 presents the scenarios used
for this study. Each scenario represents a particular combination of biofuels production assumption—with or without RFS2—and adaptation-adjusted climate change effects,
which include the information of estimates for agricultural
production performance and resources availability, under the
Hadley or Canadian climate change scenario.
Note that the future climate change projections, based
on which the agricultural adaptation-adjusted climate change
effects were derived, are assumed to be independent of the
RFS2 mitigation efforts in this study due to data limitation.
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Table 2: Projected adaptation-adjusted climate change effects on switchgrass versus corn yields in percentage changes, 2030.
Hadley
Region
Corn belt
Great plains
Lake states
Northeast
Pacific northwest east
Pacific southwest
Rocky mountains
South central
Southeast
Southwest

Switchgrass
3.98
3.59
2.01
1.34
27.54
30.96
8.21
−16.72
−17.70
−11.31

Canadian
Corn

Dry
10.14
19.20
50.92
5.16
17.60
17.60
25.55
7.60
3.60
11.60

Irrig.
−3.25
−3.18
40.45
−3.80
−2.50
−2.50
−4.00
−1.23
2.10
−3.60

Switchgrass
−15.57
−5.64
−3.95
−11.40
10.46
46.86
9.86
−44.25
−41.50
−19.09

Corn
Dry
8.84
18.10
55.20
−0.41
19.20
19.20
21.95
−2.61
−8.20
3.60

Irrig.
−7.78
−6.20
47.37
−8.70
−7.30
−7.30
−8.80
−14.56
−15.80
−14.50

Data based on the U.S. National Assessment [10].

4. Data
As summarized in Reilly et al. (2001) [26], the Hadley and
the Canadian scenarios employed in this study are in the
middle and the high end of the 1996 IPCC projections of
climate change by the year 2100, respectively. Specifically, the
Hadley scenario predicts a 1.4∘ C increase in temperature and
a 6% increase in precipitation by 2030, whereas the Canadian
scenario projects an average 2.1∘ C temperature increase and
a 4% precipitation decline.
In this study, most adaptation-adjusted climate change
effects data for the Hadley and Canadian climate scenarios
are adapted from Reilly et al. (2003) [10]. The data sources
are mentioned in the FASOMGHG modification part earlier.
To conserve space, the data on percentage changes in corn
and switchgrass yields under the projected 2030 climate
change scenarios are presented in Table 2. These data illustrate
the estimated differentiated yield outcomes of conventional
crops versus dedicated energy crops. The adaptation-adjusted
climate change effects on hay production derived from the
CENTURY model [10] are applied to switchgrass.
Broadly speaking, the estimates of adaptation-adjusted
climate change effects on dryland corn are more positive or
less negative than those of switchgrass. Adaptation-adjusted
climate change effects on irrigated corn are, however, negative
except in the Lake States and Southeast regions. Meanwhile,
the “hotter and drier” Canadian climate scenario appears
to have greater negative effects on crop yields than the
“milder and wetter” Hadley scenario. Notice that under all the
scenarios, there are crop-specific, USDA-based technological
progress rates being applied to the crop yields (and the
crop residues) over the modeling period (see Adams et al.
1999 [23]). Under the climate change scenarios, the climate
change effects are being applied on top of those USDA-based
projections.
As for the specification of biofuels production assumptions, the No RFS2 and RFS2 representations have followed
Beach and McCarl (2010) [28], which contributed to the
Regulatory Impact Analysis (RIA) of RFS2 by the US Environmental Protection Agency (EPA) [22]. The No RFS2

biofuel volumes are based on AEO 2007 projections which
considered the impacts of the Energy Policy Act (EPACT)
of 2005 [21]; the RFS2 volumes are based on AEO 2009
projections which incorporated the provisions under the
Energy Independence and Security Act (EISA) of 2007 [29].
Note that the AEO 2007 projected that corn-based ethanol
would be economically competitive against conventional
gasoline and its production volume would exceed the minimum 7.5 billion gallons per year (BGY) goal set in RFS1.
Also, AEO 2009 projects that cellulosic ethanol and diesel
would eventually become competitive liquid fuels based on
National Renewable Energy Laboratory (NREL) production
cost estimates. However, they indicate that by 2022, only 31
BGY instead of the full 36 BGY of ethanol-equivalents will be
achieved domestically. These AEO projected biofuel volumes
are market-mediated outcomes—based on an analysis using
the Petroleum Market Module (PMM) in the National Energy
Modeling System (NEMS). Specifically they modeled the
biofuel and the conventional petroleum fuel production in
a competitive market, taking into consideration the future
demands and production costs (see AEO 2007 and 2009
Appendix on PMM for more details). Our analysis in this
paper takes the AEO-based, EPA-compiled biofuel volumes
as data inputs in building non-RFS2 and RFS2 scenarios.
Table 3 displays the key assumptions for biofuel volumes
used in this study. We assume that under RFS2, the amount of
agriculturally sourced cellulosic ethanol is 13.7 BGY by 2022
and beyond, and the amount of grain-based ethanol is capped
at 15 BGY (see Schnepf and Yacobucci (2013) [30]). In the
absence of RFS2, the cellulosic ethanol production level is
kept at the minimum 0.25 BGY for periods 2010 and beyond
and no more than 13.6 BGY of grain ethanol will be produced
during the modeling period.
Furthermore, in NREL’s engineering-economic analysis
on cellulosic biofuel production [31], the nonfeedstock conversion costs are projected to decrease significantly over time,
and accompanying this cost reduction is an increase in per
unit ethanol yields. These two advances together result in
economic viability of cellulosic biofuels production in the
future. In this study, by the period 2020, the non-feedstock
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Table 3: Ethanol production assumptions for no RFS2 and RFS2.
2000
2.13∗
0
2.13∗
0

GrainCellulosicGrainCellulosic-

No RFS2
RFS2

2010
10.81∗∗
0.25∗∗
12.83#
0.43#,##

2020
12.29∗∗
0.25∗∗
15.00#
13.7#,##

2030
13.56∗∗∗
0.25∗∗
15.00#
13.7#,##

∗

Table 11 U.S. motor fuels consumption, 2000–2005 (million gallons per year), AEO 2007 [21].
Table 1.2-1. AEO 2007 Reference case renewable fuel volumes (billion gallons), RIA of RFS2 [22].
∗∗∗
Table A17. Renewable energy consumption by sector and source, AEO 2007 [21].
#
Table 1.2-3. Primary control case projected renewable fuel volumes (billion gallons). RIA of RFS2 [22].
##
The volume is derived using the formula (cellulosic ethanol + 1.7 ∗ cellulosic diesel) ∗ (13.7/16). Consult RIA of RFS2 [22] for more details.
∗∗

Table 4: U.S. agriculture welfare changes relative to base in $2004 billion dollars under alternative scenarios, 2030.
No RFS2
Consumer surplus
Producer surplus

Hadley
12.95
−1.61

Canadian
9.41
−0.86

None
−3.12
9.48

RFS2
Hadley
12.36
3.20

Canadian
8.24
4.18

Table 5: Fisher indices relative to base (base = 100) under alternative scenarios, 2030.

No RFS2

RFS2

Hadley
Canadian
None
Hadley
Canadian

Price
83.5
86.3
105.6
85.2
88.6

Conventional crops
Quantity
119.9
116.0
98.6
119.6
115.6

conversion cost for cellulosic ethanol production is assumed
to decline from $3.29 per gallon (derived from Aden (2008)
[32]) in period 2000 to only 20% of that number—following
the NREL (2008) based projection [31] used in Beach and
McCarl (2010) [28]. And the per unit ethanol yield is assumed
to increase from 71.9 gallons per ton of feedstock in period
2010 to 92.3 gallons per ton for periods 2020 and beyond,
again based on NREL (2008) projections [31].

5. Model Results
5.1. Welfare, Price, and Production. Table 4 presents the predicted US agricultural welfare changes relative to the baseline
(no climate change, no RFS2) in 2030 under alternative
scenarios. As it shows, without RFS2, the “milder and wetter”
Hadley climate induces a noticeably greater reduction in
agricultural producer income and a larger increase in agricultural consumer surplus than the “hotter and drier” Canadian
climate. With RFS2, however, both the consumer surplus and
the producer income increase under climate change, though
the increments in consumer surplus are slightly smaller than
under the No RFS2 scenarios. Notice that in the absence
of climate change, the RFS2 program reduces agricultural
consumer surplus and markedly increases agricultural producer income. The comparison of the No RFS2 versus RFS2
climate change scenarios thus suggests that the RFS2 presence
plays a supporting role in maintaining/enhancing the welfare

Livestock
Price
96.0
97.6
101.0
96.3
98.0

Quantity
104.0
103.2
98.6
103.9
103.2

accrued to agricultural producers under climate change,
whereas the adaptation-adjusted climate change substantially
ameliorates the negative effects of RFS2 on agricultural consumer surplus supporting the welfare accrued to consumers.
A look into the agricultural price and production indices
under alternative scenarios may help understand the changes
in predicted welfare. As Table 5 shows, significantly elevated
crop production occurs under climate change scenarios,
with the “milder and wetter” Hadley projection bringing
about greater increase than the Canadian projection. The
Hadley price indices are correspondingly lower than the
Canadian ones. With the RFS2 presence, increases in price
indices and decreases in production indices would result,
implying an increased tension between supply and demand
in conventional crop markets under RFS2 and, moreover,
a counteracting effect of RFS2 against adaptation-adjusted
climate change on conventional crop production.
For the livestock sector, both the Hadley and the Canadian climate scenarios bring about increased livestock production, due to increased supply of feed. Price indices for
livestock decrease accordingly. Compared to the changes
in crop production and price, the changes in the “downstream” livestock production and price are much smaller
in magnitude. In addition, the RFS2 impacts appear to be
small.
Reviewing the aforementioned, the noticeably higher
(crop) price indices and slightly lower production indices
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Table 6: National average cropland rental rate under alternative scenarios, 2030.
No RFS2
Hadley
80.80

None
94.46

Value ($/acre)

Canadian
85.52

Canadian
97.53

RFS2

Canadian

Hadley

Hadley

None

None

Canadian

Canadian
No RFS2

No RFS2

RFS2

Canadian

Hadley

Hadley
None

None
260

RFS2
Hadley
90.36

None
121.78

270

280
290
Million acres

300

310

Conventional crops
Energy crops

−22.5

−15.0

−7.5
Million acres

0.0

7.5

Cropland pasture
CRP

Figure 2: Cropland acreage and usage under alternative scenarios,
2030.

Figure 3: Land use change under alternative scenarios, 2030.

under RFS2 correspond to the welfare-enhancing/maintaining effects of RFS2 on agricultural producer income shown
in Table 3. Meanwhile, the markedly lower price indices and
higher production indices for both crop and livestock under
the climate change scenarios explain the beneficial impacts of
adaptation-adjusted climate change on agricultural consumer
surplus.

under alternative scenarios. The climate change scenarios
exhibit considerably greater cropland conversion to cropland
pasture, with the Hadley climate inducing more such
conversion than the Canadian climate. On the other hand,
the RFS2 program reduces the cropland conversion, and
substantially—in the absence of climate change, it is shown
to even result in net cropland pasture conversion to cropland.
As for CRP land, climate change has minimal effects on its
reversion to cropland, whereas RFS2 induces maximum
allowable CRP land reversion regardless of the presence of
adaptation-adjusted climate change.
Overall, the aggregate effects of climate change and
RFS2 on cropland usage (shown in Figure 2) and land use
exchange (shown in Figure 3) are fairly small compared to
the base scenario (no climate change, no RFS2). Despite
that, the welfare changes brought by adaptation-adjusted
climate change and RFS2 are significant—both agricultural
consumer surplus and producer income increase as shown
in Table 3, with climate change favoring consumer welfare
and RFS2 supporting producer welfare. The comparison of
land use under the base scenario and the RFS2 climate change
scenarios also suggests that under climate change, with
adaptation included, almost the same amount of cropland
can accommodate both providing grain and feed crops for
human and livestock consumption and producing RFS2relevant energy crops.
Accompanying the land use changes illustrated in Figures
2 and 3 are also changes in cropland rental rate across the
scenarios, as presented in Table 6.
As the table shows, climate change scenarios exhibit
lower cropland rental rates than the “none” climate change
scenarios, corresponding to the reduced cropland usage

5.2. Land Use. Figure 2 displays the cropland acreage and
usage between energy crops—principally switchgrass, the
designated energy crop following Beach and McCarl (2010)
[28]—and conventional grain and feed crops.
As shown in the figure, significantly less cropland is
devoted to conventional crops production under climate
change scenarios, especially the “milder and wetter” Hadley
ones. Also, visibly less cropland is allocated to switchgrass
production under the Canadian climate scenario, compared
to the Hadley one. This reduced farming of energy crops
for RFS2 purposes reflects decreased reliance on switchgrass
for cellulosic feedstocks, as will be detailed in the “Fuel
Ethanol Production” section next. Meanwhile, compared
to the Hadley climate scenarios, the cropland acreage of
conventional crops under the Canadian climate scenarios
is larger, indicating the generally smaller yield-enhancing
effects of the Canadian climate on crops production.
Note that the RFS2 presence also reduces the cropland
allocation to conventional crops. However, this is largely
driven by the competition between energy crops versus
conventional crops farming rather than the generally yieldenhancing effects of adaptation-adjusted climate change.
Figure 3 portrays the net accumulative exchanges
between cropland, cropland pasture, and CRP land by 2030
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Table 7: Feedstock-specific ethanol production in million gallons per year under alternative scenarios, 2030.

None
Cellulosic ethanol
Dedicated energy crops
Switchgrass
Hybrid poplar
Willow
Crop residues
Corn residue
Wheat residue
Sorghum residue
Rice residue
Processing residues
Bagasse
Sweet sorghum pulp
Grain ethanol
Corn
Barley
Oats
Sweet sorghum
Total

No RFS2
Hadley

Canadian

None

RFS2
Hadley

Canadian

—
—
—

—
—
—

—
—
—

12,744
—
61

12,804
58
55

9,011
218
57

—
—
—
—

—
—
—
—

—
—
—
—

20
15
—
6

6
91
7
1

3,648
31
18
—

250
—

250
—

250
—

735
106

558
106

598
106

13,544
23
—
—
13,818

13,544
—
23
—
13,818

13,544
1
22
—
13,818

14,985
—
—
30
28,701

14,985
—
—
30
28,701

14,985
—
—
30
28,701

(a lower cropland demand) shown in Figure 2. This climate
change-induced decrease in cropland rental rate is even more
pronounced under RFS2. The lower cropland rental rate
also helps explain the increment in cropland conversion for
pasture use shown in Figure 3, as the land opportunity cost
decreases. Moreover, the RFS2 program raises cropland rental
rate, as the demand for cropland increases.

Table 8: Regional distribution of cellulosic ethanol production in
million gallons per year by major feedstocks, 2030.
Feedstock

Switchgrass

5.3. Fuel Ethanol Production. Table 7 provides a comparison of feedstock-specific fuel ethanol production across
the scenarios. It appears that in the absence of climate
change, switchgrass—as a dedicated energy crop—provides
the majority of cellulosic ethanol under RFS2. With climate
change, however, a greater amount of crop residues and
other kinds of dedicated energy crops are used for cellulosic
ethanol production, partially replacing switchgrass-based
ethanol. In particular, under the RFS2 Canadian scenario,
corn residue delivers significantly more ethanol than under
other scenarios. In brief, the presence of climate change
reduces the biofuel delivery potential of switchgrass and
diversifies the biofuel feedstock portfolio with a focus on
conventional crop residues.
Table 8 provides a regional breakdown of cellulosic
ethanol production derived from major feedstocks under
RFS2 scenarios. As it shows, the “hotter and drier” Canadian
climate significantly improves the corn residue-based ethanol
production in the Lake States region, while reducing the
switchgrass-based production in the Corn Belt region. Recall
that in Table 2, the dryland corn yield (and, hence, the
residues) is assumed to increase more in the Lake States
region than in other regions under the Canadian climate,
whereas the switchgrass yield in the Corn Belt is assumed

Region
Corn belt
Great plains
Lake states
Northeast
South central
Southeast
Southwest

Subtotal
Corn residue
Subtotal
Total

Corn belt
Lake states
Northeast

RFS2
6,209
1,414
1,044
289
2,161
2
1,625
12,744
0
0
20
20
12,763

RFS2HC
6,119
2,582
866
280
1,861
132
963
12,804
0
0
6
6
12,810

RFS2CC
4,865
1,748
560
224
805
0
809
9,011
437
3,203
8
3,648
12,659

to have noteworthy reduction. For the relatively “milder”
Hadley climate, more switchgrass-based production would
occur in the Great Plains region, as the switchgrass yield
is assumed to be increasing in the Great Plains region but
decreasing in the South Central and the Southwest regions.

6. Sensitivity Analysis on Energy Crop Mix
A sensitivity analysis on energy crops mix is conducted to
examine the potential changes in model outcomes, since
the presence of an expanded set of energy crops may alter
the RFS2 implications for US agriculture [33] and thus
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Table 9: RFS2 scenarios for sensitivity analysis on energy crops mix.
Scenario
RFS2-ES
RFS2HC-ES
RFS2CC-ES

Switchgrass
√
√
√

RFS2 mandate
Energy sorghum
√
√
√

None
√

Climate change
Hadley

Canadian

√
√

Table 10: Proxy climate change effects on energy sorghum yields in percentage changes, 2030.
Hadley
Dryland
117.31
56.22
33.32
107.46
107.46
33.70
31.98
34.85

Corn belt
Great plains
Northeast
Pacific southwest
Rocky mountains
South central
Southeast
Southwest

Canadian
Irrigated
24.59
39.03
28.10
11.95
18.30

Dryland
87.84
71.19
27.54
52.88
52.88
28.42
25.34
52.00

Irrigated
31.33
45.06
49.49
9.69
17.09

Data source: U.S. National Assessment [10].

Table 11: U.S. agriculture welfare changes relative to base in $2004 billion dollars under alternative RFS2 sensitivity scenarios, 2030.

Consumer surplus
Producer surplus

None
−1.27
4.32

Change from RFS2
1.86
−5.16

Hadley
12.68
0.22

the potential counteracting effects of RFS2 against adaptation-adjusted climate change on US agriculture.
To examine the implications of higher yielding energy
crops, “energy sorghum” [34] is added into the energy crops
mix for the analysis. The sensitivity scenarios employed are
shown in Table 9. Each scenario includes both switchgrass
and energy sorghum as dedicated energy crops and assumes
the presence of RFS2 mandates with or without climate
change. The reason that “energy sorghum” is particularly
selected is because sorghum crop species fares better than
most crops under climate change—as detailed in the data
section next. This positive yield effect can imply that the
RFS2 “burden” can get reduced more easily under climate
change if the climate change-favored crop species are utilized
to provide ethanol feedstocks.
6.1. Data for Sensitivity Analysis. The energy sorghum crop
budgets were constructed based on Texas AgriLife Extension
experimental data, and in general, the energy sorghum yields
are more than twice the yields of switchgrass [34].
The estimates of adaptation-adjusted climate change
effects on grain sorghum production are used as proxy for
climate change effects on energy sorghum. Table 10 presents
the estimated adaptation-adjusted climate change effects on
energy sorghum yields, for both dryland and irrigated conditions if applicable, in different regions. The effects appear to

RFS2 energy sorghum
Change from RFS2HC
0.32
−2.98

Canadian
9.36
0.56

Change from RFS2CC
1.12
−3.61

be uniformly positive and fairly large under both the Hadley
and Canadian climate change scenarios.
6.2. Sensitivity Analysis Results. Table 11 presents the estimated US agricultural welfare changes relative to the “no
climate change, no RFS2” base scenario. Again, we find
that without climate change, agricultural producer income
increases whereas agricultural consumer surplus decreases.
With climate change, however, the increases in producer
income get smaller, with the Hadley climate having greater
negative effects. Consumer surplus, on the other hand, sees
significant increases, with the Hadley climate having larger
positive effects. In general, the changes in energy crops mix
do not change the direction of welfare changes relative to
the baseline. Nonetheless, the magnitudes of the changes
associated with the energy sorghum mix are fairly smaller,
compared to the counterpart switchgrass only scenarios (as
in the main results). In other words, the introduction of
high-yielding energy sorghum considerably dilutes the RFS2
impacts on US agricultural welfare—to the extent that the
effects of adaptation-adjusted climate change dominate.
Table 12 presents the 2030 price and production indices
for both crop and livestock under alternative sensitivity
scenarios. As similar to the findings in Table 4, the inclusion
of climate change expands crop production and in turn results
in lower price indices. The climate change effects are less
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Table 12: Crop and livestock fisher indices relative to base (base = 100) under alternative RFS2 sensitivity scenarios, 2030.

Crops
Price
Quantity
Livestock
Price
Quantity

None

Change from RFS2

Hadley

102.90
100.47

−2.74
1.83

84.51
120.41

100.29
99.95

−0.75
1.30

96.10
104.04

RFS2 energy sorghum
Change from RFS2HC

Canadian

Change from RFS2CC

−0.66
0.83

87.16
116.58

−1.41
0.93

−0.17
0.12

97.64
103.25

−0.32
0.05

Table 13: Feedstock-specific ethanol production under alternative RFS2 sensitivity scenarios, 2030.

Cellulosic ethanol
Dedicated energy crops
Switchgrass
Hybrid poplar
Willow
Energy sorghum
Crop residues
Corn residue
Wheat residue
Sorghum residue
Rice residue
Processing residues
Bagasse
Sweet sorghum pulp
Grain ethanol
Corn
Barley
Oats
Sweet sorghum
Total

None

Change from RFS2

Hadley

—
—
—
13,023

−12,744
0
−61
13,023

—
—
—
13,103

—
—
—
—

−20
−15
0
−6

663
—
14,985
30
—
—
28,701

RFS2 energy sorghum
Change from RFS2HC

Canadian

Change from RFS2CC

−12,804
−58
−55
13,103

—
—
—
13,116

−9,011
−218
−57
13,116

—
—
—
—

−6
−91
−7
−1

—
—
—
—

−3,648
−31
−18
0

−72
−106

583
—

26
−106

570
—

−28
−106

0
30
0
−30
0

14,985
—
30
—
28,701

0
0
30
−30
0

14,985
28
2
—
28,701

0
28
2
−30
0

significant on livestock indices. The energy sorghum mix
does not bring about significant changes (albeit noticeable)
in the indices compared to the counterpart switchgrass only
scenarios.
Table 13 summarizes the fuel ethanol production under
alternative sensitivity scenarios by feedstock. As the table
shows, the introduction of climate change enlarges the role of
energy sorghum in providing cellulosic ethanol, eliminating
switchgrass-based and many other kinds of cellulose-based
ethanol. This result suggests that under climate change, heattolerant (as indicated by the assumed positive climate change
effects shown in Table 10) and high-yielding dedicated energy
crop such as energy sorghum could gain an extra advantage
in providing RFS2 biofuel feedstocks.
Table 14 further presents a regional breakdown of energy
sorghum-based ethanol production by 2030. Under both
climate change scenarios, there is a projected regional shift
of energy sorghum-based production from the Southern
regions to the Corn Belt and the Great Plains regions. Recall

that the energy sorghum yields are assumed to increase in
these regions as shown in Table 10 and these regions are
among the major sorghum production regions.

7. Conclusions and Discussion
The “synergy,” or perhaps the opposite, between mitigation
and climate change effects on agriculture is explored. The
research presented in this paper focuses on the US agricultural sector under projected climate change, incorporating
both RFS2—a large-scale agriculture-based activity with
some GHG mitigation characteristics—and climate change
effects (with autonomous adaptation) on agriculture, into
FASOMGHG to investigate the aggregate effects of the two
on US agriculture. Meanwhile, the analysis compares the
climate change scenarios with and without RFS2, to gain
an insight whether RFS2 adds to or counteracts the effects
of climate change, as well as how climate change affects
RFS2.
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Table 14: Regional distribution of energy sorghum-based ethanol
production in million gallons per year under alternative scenarios,
2030.
Region

RFS2-ES

RFS2HC-ES

RFS2CC-ES

Corn belt

3,725

4,018

5,206

Great plains

5,068

5,631

5,631

Northeast

21

23

14

Rocky mountains

261

57

0

Pacific southwest
South central
Southeast

0

24

0

1,250

2,835

1,661

107

103

98

Southwest

2,592

413

507

Total

13,023

13,103

13,116

In terms of climate change incorporation, this study
largely follows the methods used in Reilly et al. (2001) [26]
and McCarl (2006) [27]. For biofuels it follows the work of
Beach and McCarl (2010) [28] to include biofuels production
and processing and RFS2 scenarios.
The aggregate effects of RFS2 and climate change are
projected to be positive for both agricultural consumer
welfare and agricultural producer income. While offsetting
each other, the beneficial impacts of climate change dominate
the negative effects of RFS2 on consumer welfare, and the
supporting effects of RFS2 outweigh the decreasing effects of
climate change on producer income—a “synergy” in terms of
welfare effects between mitigation and climate change is thus
suggested.
A closer examination of agricultural price and production
indices further shows that climate change, with adaptation
considered, can induce increases in crop and livestock production, suppressing price levels to the extent that agricultural producer income decreases. RFS2, on the other hand,
raises prices and diminishes conventional agricultural production, resulting in greater producer surplus and noticeable
losses in agricultural consumer welfare.
Regarding cropland usage, under climate change, markedly less cropland is estimated to be devoted to crop production. RFS2, in contrast, induces greater use of cropland
for crop production, counteracting the climate change effects
on cropland usage. Moreover, a comparison of land use
change between the scenarios suggests that under climate
change, with adaptation included, the US agricultural sector can accommodate both conventional crops production
and the farming of RFS2 energy crops without disrupting
the general land use allocation. Thereby the controversy
over indirect land use change caused by RFS2 may be
alleviated.
In brief, the RFS2 impact and the climate change impact
on US agriculture act in opposite directions, as demonstrated
in the aspects of agricultural welfare, agricultural commodity
price and production, and land use. Nonetheless, a “synergy”
measured by agricultural welfare changes is indicated.
As for RFS2 biofuels production, the model results suggest that climate change alters the feedstock mix by inducing

greater use of crop residues and non-switchgrass energy
crops for cellulosic ethanol production. A sensitivity analysis
on including high-yielding energy sorghum under climate
change further suggests that climate change would enlarge
the role of heat-tolerant energy crops such as energy sorghum
in fulfilling RFS2 mandates. In addition, with high-yielding
energy sorghum, the RFS2 effects on US agricultural welfare
would become much less pronounced, to the extent that the
climate change effects dominate.
The research presented in this paper is subject to several
limitations, however. First, the data on climate change effects
on crop production performance are obtained from crop
simulation models mentioned in the literature review section,
and thus this research is subject to the limitations of those
crop models.
Second, the No RFS2 and RFS2 biofuel volumes exogenous to the FASOMGHG model were introduced based on
EPA-compiled AEO 2007 and 2009 projections [22], and
therefore the assumed competitiveness of biofuels against
conventional liquid fuels in this study is subject to the
limitations of AEO studies. Should the biofuels turn out to
be less economically competitive than the conventional liquid
fuels or not well received by market due to constraints like
“blend wall” [35] in the future, the obligated parties under
RFS2 then may have to pay more for the renewable identification numbers (RIN) to comply with the RFS2 mandates
[35, 36], and consequently consumers may incur some losses
as well. Moreover, the potential impacts of climate change
on the relative competitiveness of sugar- and corn-biofuels
produced in the US and Brazil were not explicitly considered
(although that underlain the AEO analysis where 31.7 of
the 36 BGY were produced domestically), which can have
implications for the No RFS2 and RFS2 volume assumptions
[37, 38]. Hence, the No RFS2 and RFS2 volumes used for
climate change scenarios may need to be revised to reflect
those potential changes.
Third, the rest of the world (ROW) grain supply is
assumed to respond to climate change only following Reilly
et al. (2001) [26] and McCarl (2006) [27]. The RFS2 shocks
on ROW’s grain supply were not considered.
Fourth, the Hadley and the Canadian climate projections
employed in this study were derived based on the IPCC’s
IS92A emissions scenario [10]. According to IPCC (2000)
[39], this IS92A GHG emissions scenario is often referred to
as the “business-as-usual” scenario, and thereupon climate
change mitigation efforts such as RFS2 are not well reflected
in this scenario. This may imply that the estimates of climate
change effects employed by this study are overestimated
ones—against the backdrop of RFS2 among many other GHG
mitigation activities.
Given earlier, future research may have to utilize moredeveloped estimates of climate change effects and/or policy shocks on agriculture and consider the climate feedbacks of mitigation activities. Further, an examination of
regional effects would be desirable, given that the distributional effects of climate change, in conjunction with
RFS2, on agriculture may be more relevant to agricultural
producers.

12

References
[1] J. M. Antle, Agriculture and the Food System: Adaptation to
Climate Change, Resources for the Future, Washington, DC,
USA, 2009.
[2] IPCC WGI, Climate Change 2007: The Physical Science Basis.
Contribution of Working Group I To the Fourth Assessment
Report of the Intergovernmental Panel on Climate Changeeds,
Cambridge University Press, New York, NY, USA, 2007.
[3] P. Smith and J. E. Olesen, “Synergies between the mitigation
of, and adaptation to, climate change in agriculture,” Journal of
Agricultural Science, vol. 148, no. 5, pp. 543–552, 2010.
[4] IPCC WGI, Climate Change 2007: Impacts, Adaptation and
Vulnerability. Contribution of Working Group II to the Fourth
Assessment Report of the Intergovernmental Panel on Climate
Changeeds, Cambridge University Press, New York, NY, USA,
2007.
[5] R. J. T. Klein, E. L. F. Schipper, and S. Dessai, “Integrating mitigation and adaptation into climate and development policy:
three research questions,” Environmental Science and Policy, vol.
8, no. 6, pp. 579–588, 2005.
[6] C. Rosenzweig and F. N. Tubiello, “Adaptation and mitigation
strategies in agriculture: an analysis of potential synergies,”
Mitigation and Adaptation Strategies for Global Change, vol. 12,
no. 5, pp. 855–873, 2007.
[7] D. Schimmelpfennig, J. Lewandrowski, J. Reilly, M. Tsigas,
and I. Parry, Agricultural Adaptation to Climate Change: Issues
of Longrun Sustainability, U.S. Department of Agriculture,
Washington, DC, USA, 1996.
[8] R. C. Izaurralde, R. A. Brown, and N. J. Rosenberg, U.S. Regional
Agricultural Production in 2030 and 2095, Response To CO2 Fertilization and Climate Model (HADCM2) Projections of Greenhouse Gas-Forced Climate Change, Pacific Northwest National
Laboratories, Washington, DC, USA, 1999.
[9] R. C. Izaurralde, N. J. Rosenberg, R. A. Brown, and A. M.
Thomson, “Integrated assessment of Hadley Center (HadCM2)
climate-change impacts on agricultural productivity and irrigation water supply in the conterminous United States. Part II.
Regional agricultural production in 2030 and 2095,” Agricultural and Forest Meteorology, vol. 117, no. 1-2, pp. 97–122, 2003.
[10] J. Reilly, F. Tubiello, B. McCarl et al., “U.S. Agriculture and
climate change: new results,” Climatic Change, vol. 57, no. 1-2,
pp. 43–69, 2003.
[11] F. N. Tubiello, C. Rosenzweig, R. A. Goldberg, S. Jagtap, and
J. W. Jones, “Effects of climate change on US crop production:
simulation results using two different GCM scenarios. Part I:
wheat, potato, maize, and citrus,” Climate Research, vol. 20, no.
3, pp. 259–270, 2002.
[12] W. Schlenker and M. Roberts, “Estimating the impact of climate
change on crop yields: the importance of nonlinear temperature
effects,” NBER Working Paper 13799, 2008.
[13] R. M. Adams, C. Rosenzweig, R. M. Peart et al., “Global climate
change and US agriculture,” Nature, vol. 345, no. 6272, pp. 219–
224, 1990.
[14] R. M. Adams, R. A. Fleming, C.-C. Chang, B. A. McCarl, and C.
Rosenzweig, “A reassessment of the economic effects of global
climate change on U.S. agriculture,” Climatic Change, vol. 30, no.
2, pp. 147–167, 1995.
[15] S. K. Rose and B. A. McCarl, “Greenhouse gas emissions,
stabilization and the inevitability of adaptation: challenges for
U.S. agriculture,” Choices, pp. 15–18, 2008.

Economics Research International
[16] B. A. McCarl and U. A. Schneider, “Greenhouse gas mitigation
in U.S. agriculture and forestry,” Science, vol. 294, no. 5551, pp.
2481–2482, 2001.
[17] U. A. Schneider and B. A. McCarl, “Economic potential of
biomass based fuels for greenhouse gas emission mitigation,”
Environmental and Resource Economics, vol. 24, no. 4, pp. 291–
312, 2003.
[18] J. M. Reilly, “Climate change and agriculture: the state of the
scientific knowledge,” Climatic Change, vol. 43, no. 4, pp. 645–
650, 1999.
[19] D. Adams, R. Alig, B. A. McCarl et al., “FASOMGHG conceptual structure, and specification: documentation,” 2005, http://
agecon2.tamu.edu/people/faculty/mccarl-bruce/papers/1212FASOMGHG doc.pdf.
[20] R. Mendelsohn and A. Dinar, “Land use and climate change
interactions,” Annual Review of Resource Economics, vol. 1, no.
1, pp. 309–332, 2009.
[21] EIA, Annual Energy Outlook 2007: With Projections To 2030.
Energy Information Administration, U.S. Department of Energy,
Washington, DC, USA, 2007.
[22] EPA, Renewable Fuel Standard Program (RFS2) Regulatory
Impact Analysis, U.S. Environmental Protection Agency, Washington, DC, USA, 2010.
[23] R. M. Adams, B. A. McCarl, K. Segerson et al., “Economic
effects of climate change on US agriculture,” in The Impact of
Climate Change on the United States Economy, R. Mendelsohn
and J. E. Neumann, Eds., pp. 18–54, Cambridge University Press,
Cambridge, UK, 1999.
[24] C.-C. Chen and B. A. McCarl, “An investigation of the relationship between pesticide usage and climate change,” Climatic
Change, vol. 50, no. 4, pp. 475–487, 2001.
[25] P. Gleick and B. D. Adams, Water: The Potential Consequences of
Climate Variability and Change for Water Resources of the United
States, Pacific Institute, Oakland, Calif, USA, 2000.
[26] J. M. Reilly, J. Hrubovcak, J. Graham et al., Agriculture: The
Potential Consequences of Climate Variability and Change For
the United States, Cambridge University Press, New York, NY,
USA, 2001, US National Assessment of the Potential Consequences of Climate Variability and Change, US Global Change
Research Programeds.
[27] B. A. McCarl, “US agriculture in the climate change squeeze:
part 1: sectoral sensitivity and vulnerability,” 2006, National
Environmental Trust, http://agecon2.tamu.edu/people/faculty/
mccarl-bruce/689cc/topic5b Agriculture%20in%20the%20climate%20change%20squeez1.pdf.
[28] R. Beach and B. A. McCarl, U.S. Agricultural and Forestry
Impacts of the Energy Independence and Security Act: FASOM
Results and Model Description, Prepared For U.S. Environmental
Protection Agency Office of Transportation and Air Quality, RTI
International, Research Triangle Park, NC, USA, 2010.
[29] EIA, Annual Energy Outlook 2009: With Projections To 2030.
Energy Information Administration, U.S. Department of Energy,
Washington, DC, USA, 2009.
[30] R. Schnepf and B. D. Yacobucci, Renewable Fuel Standard (RFS):
Overview and Issues, Congressional Research Service, 2013.
[31] L. Tao and A. Aden, Techno-Economic Modeling to Support the
EPA Notice of Proposed Rulemaking (NOPR), National Renewable Energy Laboratory (NREL), 2008.
[32] A. Aden, Biochemical Production of Ethanol from Corn Stover:
2007 State of Technology Model, National Renewable Energy
Laboratory (NREL), 2008.

Economics Research International
[33] B. A. McCarl and Y. W. Zhang, “Use of advanced energy
crops: an economic analysis of food, greenhouse gas and energy
implications,” in Advances in Energy Research, M. J. Acosta, Ed.,
vol. 6, Nova Science Publishers, Hauppauge, NY, USA, 2011.
[34] B. F. McCutchen, R. V. Avant Jr., and D. Baltensperger, “Hightonnage dedicated energy crops: the potential of sorghum
and energy cane,” in Reshaping American Agriculture to Meet
its Biofuel and Biopolymer Roles, Proceedings of the Twentieth
Annual Conference of the National Agricultural Biotechnology
Council, hosted by the Ohio State University, Columbus, OH, June
3-5, 2008, A. Eaglesham, S. A. Slack, and R. W. F. Hardy, Eds., pp.
119–122, National Agricultural Biotechnology Council, Ithaca,
NY, USA, 2008.
[35] FAPRI, “A question worth billions: why isn’t the conventional
RIN price higher?” FAPRI-MU Report 12-12, 2012.
[36] L. McPhail, P. Westcott, and H. Lutman, The Renewable Identification Number System and U.S. Biofuel Mandates, Economic
Research Service, U.S. Department of Agriculture, 2011.
[37] S. Meyer, J. Schmidhuber, and J. Barreiro-Hurle, “Intra-industry
trade in biofuels: how environmental legislation fuels resource
use and GHG emissions,” ESA Working Paper 12-08, Agricultural Development Economics Division, Food and Agriculture
Organization of the United Nations, 2012.
[38] FAPRI, “US biofuel baseline and impact of E-15 expansion on
biofuel markets,” FAPRI-MU Report 02-12, 2012.
[39] N. Nakicenovic and R. Swart, Eds., Emissions Scenarios, IPCC,
Cambridge University Press, Cambridge, UK, 2000.

13

Hindawi Publishing Corporation
Economics Research International
Volume 2013, Article ID 321051, 13 pages
http://dx.doi.org/10.1155/2013/321051

Research Article
Economic Impact of Harvesting Corn Stover under Time
Constraint: The Case of North Dakota
Thein A. Maung and Cole R. Gustafson
Department of Agribusiness and Applied Economics, North Dakota State University, Fargo, ND 58108, USA
Correspondence should be addressed to Thein A. Maung; thein.maung@ndsu.edu
Received 3 February 2013; Accepted 7 April 2013
Academic Editor: Tun-Hsiang Edward Yu
Copyright © 2013 T. A. Maung and C. R. Gustafson. This is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.
This study examines the impact of stochastic harvest field time on profit maximizing potential of corn cob/stover collection in North
Dakota. Three harvest options are analyzed using mathematical programming models. Our findings show that under the first corn
grain only harvest option, farmers are able to complete harvesting corn grain and achieve maximum net income in a fairly short
amount of time with existing combine technology. However, under the second simultaneous corn grain and cob (one-pass) harvest
option, farmers generate lower net income compared to the net income of the first option. This is due to the slowdown in combine
harvest capacity as a consequence of harvesting corn cobs. Under the third option of separate corn grain and stover (two-pass)
harvest option, time allocation is the main challenge and our evidence shows that with limited harvest field time available, farmers
find it optimal to allocate most of their time harvesting grain and then proceed to harvest and bale stover if time permits at the end
of harvest season. The overall findings suggest is that it would be more economically efficient to allow a firm that is specialized in
collecting biomass feedstock to participate in cob/stover harvest business.

1. Introduction
The US ethanol demand has steadily increased following
passage of Renewable Fuel Standard (RFS) and the Energy
Independence and Security Act of 2007 (EISA). Most domestic ethanol production utilizes corn grain as feedstock. Rising
corn prices are encouraging current and potential ethanol
producers to seek alternative feedstocks, especially cellulosic
sources. EISA defines three classes of biofuels, conventional,
advanced, and cellulosic. These classes are differentiated
based on potential reduction of greenhouse gas (GHG)
emissions of 20%, 50%, and 60%, respectively. Cellulosic
biofuels are shown to have higher GHG offset rates than
grain-based biofuels [1]. Comparatively more GHG can be
reduced through the use of cellulosic feedstock such as corn
stover comprised of stalk, leaves, husks, and cobs than corn
grain to produce biofuels. Because of its potential in reducing
GHG emissions, corn-stover-based ethanol can be qualified
as cellulosic biofuel per the federally mandated RFS. By
2022, cellulosic ethanol consumption of 16 billion gallons per
year will be required, creating a niche market opportunity.

Existing biofuel producers are striving to develop cellulosic
biofuels that qualify under EISA.
Greater reliance on corn stover as a bioenergy feedstock
poses a logistical challenge for farmers who face limited
harvest field time. Harvest in fall is especially difficult in
North Dakota because cool temperatures and wet conditions
coupled with limited harvest field time can result in a sizeable
acreage being left unharvested. According to O’Brien [2],
about 68.7 million bushels of corn in North Dakota were
reported to be left unharvested in 2009. Collecting corn
cob/stover can be a challenge while trying to get the grain
harvest done on time. In addition, corn producers do not have
sufficient information to evaluate the economic investment
returns from producing corn cob/stover.
Many studies [3–8] have examined the economics of
corn stover supply for biofuel production. While these
studies have focused on estimating costs of harvesting corn
stover as a whole, only few studies have particularly given
emphasis on examining the economics of supplying corn
cobs as a potential feedstock using up-to-date harvesting
technologies. Chippewa Valley Ethanol Company (CVEC)
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[9] has published a feasibility report on the use of corn cobs as
a sustainable source of biomass for providing thermal energy
for its corn grain ethanol process. The company utilized two
different cob harvest systems to demonstrate cob harvesting
on 3,200 acres of land. Zych [10] estimated potential US
corn cob production and reviewed logistical issues associated
with collection and storage of corn cobs. The aforementioned
studies did not take into account the viability and profitability
of farmer investment in cob and stover harvest business.
Using a stochastic linear programming model, Bouzaher
and Offutt [11] investigated the feasibility and profitability of
farm residue collection. In their model, they considered the
sensitivity of grain and residue collection to the availability
of days suitable for field work at harvest time. Apland et al.
[12] employed the discrete stochastic programming model to
examine the impact of production process, sequential decision making, and fall field time availability on crop residue
supply in midwestern US grain farms. Recently, Erickson and
Tyner [13] examined the economics of harvesting corn cobs
for energy generation using their farm plan model. However,
the authors did not consider harvest field time constraint in
their model.
Using North Dakota as a case study, the goal of this
paper is to investigate the economics of producing corn cob
and stover under limited harvest field time. Specifically, our
purpose is to assess the viability of farmers’ investment in
corn cob and stover harvest business under three different
harvest options, and to analyze economic tradeoffs between
corn grain and cob/stover harvest activities given limited
availability of harvest field time. In addition, the impact
of changes in farm size and tillage practice on net farm
revenue will be examined. The three harvest options which
we subsequently address include: (i) corn grain only harvest
option, (ii) simultaneous corn grain and cob (one-pass)
harvest option, and (iii) separate corn grain and stover (twopass) harvest option. Results from this study will contribute
to the growing literature on the economics of producing
alternative feedstock in the United States.

̃ 𝑗,
𝑎𝑗 𝑋𝑗 ≤ CFT

(3)

̃𝑗,
𝑏𝑗 𝑋𝑗 ≤ LFT

(4)

4

∑ 𝑋𝑗 ≤ 𝐿,

(5)

𝑗=1

𝑄𝑐 ≥ 0;

𝑋𝑗 ≥ 0,

𝑗 = 1, . . . , 4.

(6)

Based on Apland [14] and Bouzaher and Offutt [11], we
assume that 𝑗 = 1, . . . , 4 represent four two-week harvest
periods which run from the end of September till the end of
November. 𝑃𝑐 is the price of corn grain in dollar per short ton.
𝑄𝑐 is denoted as the quantity of corn grain sold in tons. 𝐶𝑗 is
defined as corn grain harvest and production costs in dollar
per acre. 𝑋𝑗 is denoted as acres of corn grain harvested. Yld𝑐,𝑗
represents per acre corn grain yield in each harvest period 𝑗.
𝑎𝑗 and 𝑏𝑗 are, respectively, denoted as labor and combine time
required per acre to harvest corn grain in each harvest period.
Both combine and labor times are, respectively, constrained
̃ 𝑗 which represent stochastic combine and
̃ 𝑗 and LFT
by CFT
labor harvest field times expressed in hours. 𝐿 is defined as
total farm land acres that are available for corn grain harvest.
The objective function (see (1)) of the optimization
problem is to quantify the net return of corn grain harvesting
at the farm level. Equation (2) balances corn grain sales with
production. Equations (3) and (4) constrain the total amount
of combine and labor times available for harvesting corn
grain. Equation (5) limits the amount of land available for
grain farming.
2.2. Simultaneous Corn Grain and Cob (One-Pass) Harvesting .
The following linear programming model is used to examine
the viability of producing corn grain and cob simultaneously:
Max

4

4

𝑗=1

𝑗=1

𝜋 = 𝑃𝑐 ⋅ 𝑄𝑐 + 𝑃cb ⋅ 𝑄cb − ∑ 𝐶𝑗 𝑋𝑗 − ∑ 𝐷𝑗 𝑋𝑗 , (7)
4

s.t.

2. Methodology, Data Description,
and Assumptions

− ∑ Yld𝑐,𝑗 𝑋𝑗 + 𝑄𝑐 ≤ 0,

(8)

𝑗=1

This section starts with the descriptions of three harvest
models followed by yield and cost estimation for corn grain,
cob, and stover and the descriptions of data and assumptions
used in the models.

4

− ∑ Yldcb,𝑗 𝑋𝑗 + 𝑄cb ≤ 0,

(9)

𝑗=1

̃ 𝑗,
𝑒𝑗 𝑋𝑗 ≤ CFT
(10)

2.1. Corn Grain Harvesting. The following linear programming model which maximizes net income is used to examine
the production of corn grain:

̃𝑗,
𝑓𝑗 𝑋𝑗 ≤ LFT
(11)
4

∑ 𝑋𝑗 ≤ 𝐿,

4

Max

𝜋 = 𝑃𝑐 ⋅ 𝑄𝑐 − ∑ 𝐶𝑗 𝑋𝑗 ,

(1)

𝑗=1

𝑄𝑐 ≥ 0;

4

s.t. − ∑ Yld𝑐,𝑗 𝑋𝑗 + 𝑄𝑐 ≤ 0,
𝑗=1

(2)

(12)

𝑗=1

𝑄cb ≥ 0;

𝑋𝑗 ≥ 0,

𝑗 = 1, . . . , 4.

(13)

𝑃cb is the price of corn cob in dollar per short ton. 𝑄cb is
denoted as the quantity of corn cob sold in ton. 𝐷𝑗 is defined
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as corn cob harvest cost in dollar per acre. 𝑋𝑗 is denoted as
acres of corn grain or cob harvested. Yldcb,𝑗 represents per
acre corn cob yield in each harvest period 𝑗. 𝑒𝑗 is denoted
as corn combine and cob harvester (attached to the back of
combine) times required per acre to harvest corn grain and
cob in each harvest period and is constrained by available
combine harvest field time. Similarly, 𝑓𝑗 is denoted as labor
time required per acre to harvest corn grain and cob and
is restricted by the available labor harvest field time. 𝐿 is
defined as total farm land acres available for corn grain and
cob harvest. The one-pass cob harvest method is employed in
this study because of its simplicity, efficiency, and commercial
availability. Detailed explanations and specifications of the
cob harvester are described in the subsequent Section 2.6.
The objective function (see (7)) of the optimization
problem is to quantify the net return potential associated with
the adoption of corn cob harvesting technology. Equation (9)
balances corn cob sales with production. Equations (10) and
(11) constrain the total amount of machine and labor time
available for harvesting corn grain and cob simultaneously.
Equation (12) limits the amount of land available for corn
grain and cob farming.

2.3. Separate Corn Grain and Stover (Two-Pass) Harvesting.
The linear programming model based on Bouzaher and
Offutt’s model [11] which maximizes net return is used to
investigate the profitability of harvesting corn grain and
stover separately. The model is written as follows:

4

Max

4

3

𝜋 = 𝑃𝑐 ⋅ 𝑄𝑐 + 𝑃cs ⋅ 𝑄cs − ∑ 𝐶𝑗 𝑋𝑗 − ∑ ∑𝐺𝑖,𝑗𝑌𝑖,𝑗 , (14)
𝑗=1

𝑖=2 𝑗=1

4

s.t. − ∑ Yld𝑐,𝑗 𝑋𝑗 + 𝑄𝑐 ≤ 0,

(15)

𝑗=1
4

3

− ∑ ∑ 𝑌𝑖,𝑗 + 𝑄cs ≤ 0,

(16)

̃𝑗
𝑎𝑗 𝑋𝑗 ≤ CFT

(17)

𝑖=2 𝑗=1

𝑗 = 1, . . . , 3,

̃1,
𝑏1 𝑋1 ≤ LFT

(18)

𝑖−1

̃ 𝑖 𝑖 = 2, 3,
𝑏𝑖 𝑋𝑖 + ∑ ℎ𝑖,𝑗 𝑌𝑖,𝑗 ≤ LFT

(19)

𝑗=1

3

̃4,
∑ ℎ4,𝑗 𝑌4,𝑗 ≤ LFT

(20)

𝑗=1
𝑖−1

̃𝑖
∑ 𝑘𝑖,𝑗 𝑌𝑖,𝑗 ≤ BFT

𝑖 = 2, . . . , 4,

(21)

𝑗=1
3

∑ 𝑋𝑗 ≤ 𝐿,

𝑗=1

(22)

4

∑ 𝑌𝑖,𝑗 − 𝑚𝑗 𝑋𝑗 ≤ 0 𝑗 = 1, . . . , 3

(23)

𝑄𝑐 ≥ 0;

(24)

𝑖=𝑗+1

𝑄cs ≥ 0;

𝑋𝑗 ≥ 0;

𝑌𝑖,𝑗 ≥ 0.

𝑃cs is the price of corn stover in dollar per ton. 𝑄cs is denoted
as the quantity of corn stover sold in ton. 𝑌𝑖,𝑗 is denoted
as corn stover harvested in ton in period 𝑖 of corn grain
harvested in period 𝑗 with 𝑖 > 𝑗. 𝐺𝑖,𝑗 is defined as corn
stover harvest cost in dollar per ton. 𝑏𝑖 is denoted as labor
time required per acre to harvest corn grain in period 𝑖. ℎ𝑖,𝑗 is
denoted as labor time required per ton to harvest corn stover
in period𝑖 of corn grain harvested in period 𝑗. 𝑘𝑖,𝑗 is defined as
baling time required per ton to bale corn stover in period 𝑖 of
̃ 𝑖 represents stochastic
corn grain harvested in period 𝑗. BFT
baling field time expressed in hours available in each period
𝑖. 𝐿 is defined as total farm land acres available for corn grain
harvest. 𝑚𝑗 represents stover yield in ton per acre of grain
harvested in period 𝑗.
The objective function (see (14)) of the optimization
problem is to quantify the net return potential associated
with harvesting corn grain and stover separately using conventional technology. We assume that a conventional tractor
and baler are used to harvest stover. Detailed explanations
and specifications of the tractor and baler are described
in the subsequent Section 2.7. Equation (16) balances corn
stover sales with production. Since corn grain and stover are
harvested separately, in the first period only corn grain can
be harvested. All grain harvests are assumed to be completed
by the end of the third period (i.e., 𝑗 = 1, . . . , 3). Stover
baling starts in the second period and ends in the final
period (i.e., 𝑖 = 2, . . . , 4). Equation (18) limits the total
amount of labor time available for harvesting corn grain in
the first period. Equation (19) constrains the total amount
of labor time available for harvesting both corn grain and
stover. Equation (20) restricts the total amount of labor
time available for harvesting and baling corn stover in the
final period. Equation (21) prohibits stover baling time from
exceeding the limits. Equation (22) limits the total land acres
available for corn grain harvesting. Equation (23) restricts the
total corn stover harvested in future period 𝑖 to not exceed the
total current supply availability in period 𝑗.
2.4. Corn Cob and Stover Yield Estimation. Crop residue
cover is very important for preventing water and wind erosion during winter months following harvest. Wind erosion
is a serious problem in North Dakota, especially in the eastern
part of the state [15, 16]. The amount of stover/cob that can be
removed for biofuel production can be estimated using the
following equation:
Rstover (Rcob) = Grain Yield × Weight × SGR (CGR)
× Removal% × [1 − Moisture%] .
(25)
Rstover/Rcob is the quantity of removable stover/cob in dry
ton per acre. Grain yield is the weighted average yield of grain
crop in bushels per acre. Weight is the weight of grain in
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Maximum net profit = $383,049
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33.1
33.7
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35.1
35.4
35.8
36.3
36.8
37
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38.1
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40.8
41.6
42.6
43.7

short ton per bushel converted by dividing bushel weight of
56 pounds per bushel with 2,000 pounds per short ton. SGR
is defined as a stover-to-grain ratio and it is assumed to be
1 : 1 based on Lal [17]. CGR is defined as a cob-to-grain ratio
and it is calculated as 1 : 5.6 based on Wiselogel et al. [18].
Removal% is the percent of stover/cob that can be removed
for biofuel production. Considering wind erosion and other
factors, we assume that 35 percent of corn stover can be
removed from farm fields [19]. Since CVEC [9] and Roberts
[20] suggest that removal of corn cobs may have little impact
on soil productivity, Removal% for cob is assumed to be one.
Moisture% is the percent of moisture content contained in
stover/cob and is assumed to be 20 percent for both cobs
and stover. Grain yield data were obtained from the USDA
National Agricultural Statistics Service. The yield data are
based on the five-year (2005 to 2009) average data by county
in North Dakota. Estimated results for corn stover and cob
availability in dry ton in North Dakota are reported in Table 1
by climatic region.
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Total harvest field days

Figure 1: Relationship between corn grain acres harvested and
availability of harvest field days.

2.5. Cost Estimation for Corn Grain Harvesting. Corn grains
are assumed to be harvested using a 275 HP combine.
Combine horse power, corn head width, life, annual hours
of use, speed, field efficiency, fuel price, list price (which
includes corn and grain head prices), and labor costs listed
in Table 2 were obtained from Lazarus and Smale [21]. Fuel
consumption, capacity of combine, and fixed and repair costs
are computed based on the method and formulas illustrated
in Edwards [22]. Fuel cost is obtained by multiplying fuel
consumption with fuel price. Lubrication cost is assumed to
be 15% of fuel cost. Variable cost is calculated by adding up
repair, fuel, lubrication, and labor costs. Total harvest cost for
corn grain using a 275 HP combine is computed to be $28.71
per acre as shown in Table 2.

of corn combine is assumed to reduce by 50% (i.e. from
4 mph to 2 mph in Table 3) for the baseline case. Another field
study conducted by Darr [25] using stover harvester shows
similar results. This would result in the corn combine capacity
being reduced by half compared to the combine capacity in
corn grain only harvest option. As a consequence of this
reduction in corn combine speed and capacity, total harvest
cost for corn grain increases from $28.71 per acre to $57.43
per acre. Similar cost computations are implemented for cob
harvester as shown in Table 3. The data for cob harvester
were obtained by personal communication with Vermeer
Corporation. Since cob harvester is attached to the back of
corn combine, no additional labor is required to operate the
machine and its capacity is dependent on the capacity of corn
combine. The cost of harvesting corn cob is calculated to be
$19.36 per acre. Table 4 reports the scenarios for the impact
of changes in corn combine speed/capacity due to the use of
cob harvester on corn grain and cob harvest costs. The table
clearly shows that the impact of corn combine speed/capacity
on grain and cob harvest costs can be significant.

2.6. Cost Estimation for Simultaneous Corn Grain and Cob
(One-Pass) Harvesting. Corn cob harvest cost is estimated
using whole cob harvest option. According to Shirek [23]
and Wehrspann [24], one-pass cob harvester like Cob Caddy
involves little modification to the combine and uses equipment available commercially to harvest whole cobs. Due
to its simplicity, efficiency, and commercial availability, the
one-pass cob harvest method is employed to estimate corn
cob harvest cost. We assume that the one-pass cob harvest
method requires farmers to use a self-propelled 275 HP
corn combine harvester and a pull-behind wagon-style cob
harvester. Table 3 describes the machinery operation and
estimated cost information for cob collection operation. The
method of cost estimation for corn combine in Table 3 is
exactly the same as that in Table 2. The main difference
between the two tables in corn combine usage is the speed
traveled and the capacity of combine.
Harvesting corn cobs requires an attachment of cob
harvester to the back of corn combine. According to CVEC
[9], this can slow down the corn grain harvest time by as
much as half. Because of the use of cob harvester, the speed

2.7. Cost Estimation for Separate Corn Grain and Stover
(Two-Pass) Harvesting. Under this option, we assume that
a tractor and baler are used to harvest corn stover and that
a self-propelled 275 HP corn combine is used to harvest
corn grain. Because corn grain and stover are harvested
separately, there will be no slowdown in combine harvest
speed/capacity. Thus, corn grain harvest cost will be identical
to that of Table 2. It is assumed that a 130 HP MFWD
Tractor is used along with 3 × 3 Large Rectangular Baler
to harvest stover. Specifications and data for the tractor and
baler obtained from Lazarus and Smale [21] are shown in
Table 5 which indicates that total harvest costs for the tractor
and baler are summed up to be $10.76 per acre. In addition,
stover shredding and raking costs need to be included, since
shredding of stover may be necessary because some of them
will be in stalks anchored to the ground after grain harvesting.
The anchored pieces of biomass are difficult to cut and bale
in a single operation. Large pieces of biomass would make
better bales but shredding followed by raking will accelerate
field drying [3]. Based on Petrolia’s [6] estimation, the total
shredding and raking cost of $12.02 per acre is added to total
variable and fixed costs to generate the total stover harvest
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Table 1: Estimated corn stover and cob yield by North Dakota climatic division (2005–2009 average).
Region
Northwest
North central
North east
West central
Central
East central
Southwest
South central
Southeast
State total

Harvested acres
(Acre)
13,538
72,434
190,637
36,781
206,691
493,067
29,792
92,891
684,987
1,820,818

Land area
(Acre)
5,852,864
4,379,872
5,451,379
5,523,571
4,531,546
3,545,363
5,114,694
5,006,605
4,738,701
44,144,595

Density
(%)
0.23
1.65
3.50
0.67
4.56
13.91
0.58
1.86
14.46
4.60∗

Stover availability
(Ton/acre)
(Ton)
0.44
5,917
0.61
43,981
0.75
143,355
0.61
22,467
0.79
163,703
0.99
486,232
0.33
9,964
0.57
52,689
1.03
704,635
0.68∗
1,632,943

Cob availability
(Ton/acre)
(Ton)
0.22
3,019
0.31
22,439
0.38
73,140
0.31
11,463
0.40
83,522
0.50
248,078
0.17
5,083
0.29
26,882
0.52
359,508
0.35∗
833,134

Note: harvested acres are weighted by yield. ∗ represents state average.

Table 2: Estimated corn grain harvest cost.
Variable
Horse power (hp)
Corn head width (ft)
Life (year)
Annual hours of use
Fuel consumption (gal/hr)
Speed (mph)
Field efficiency (%)
Capacity (acre/hr)
Fuel price ($/gal)
List price ($)
Fixed cost ($/hr)
Repair cost ($/hr)
Fuel cost ($/hr)
Lubrication cost ($/hr)
Labor cost ($/hr)
Variable cost ($/hr)
Total cost ($/hr)
Total cost ($/acre)

Corn combine
275.00
20.00
12.00
300.00
12.10
4.00
0.70
6.79
$2.60
$334,795.32
$104.02
$37.20
$31.46
$4.72
$17.50
$90.88
$194.90
$28.71

cost of $22.78 per acre (or $33.53 per ton converted using
stover yield of 0.68 ton per acre).
2.8. Data Description and Assumptions. Assumptions and
data used to analyze the three models described above are
reported in Table 6. Corn price and production cost are,
respectively, assumed to be $142.86 per ton (or equivalently
$4 per bushel) and $356.92 per acre. The production cost
of corn varies depending on the size of farm. For the
baseline case, the size of farm is assumed to be 2,000 acres.
Corn production cost includes cost of using seed, fertilizer,
chemicals, insurance, land, machinery, and building. Corn
yield is assumed to be 4.04 ton per acre (or 144.27 bushel
per acre). All these cost and yield data are based on five-year
(2005–2009) average North Dakota data and obtained from
FINBIN Farm Financial Database [26]. Corn harvest cost of

Table 3: Estimated corn grain and cob harvest cost using cob caddy
harvest method.
Variable
Horse power (hp)
Corn head width (ft)
Life (year)
Annual hours of use
Fuel consumption (gal/hr)
Speed (mph)
Field efficiency (%)
Capacity (acre/hr)
Fuel price ($/gal)
List price ($)
Fixed cost ($/hr)
Repair cost ($/hr)
Fuel cost ($/hr)
Lubrication cost ($/hr)
Labor cost ($/hr)
Variable cost ($/hr)
Total cost ($/hr)
Total cost ($/acre)

Corn combine
275.00
20.00
12.00
300.00
12.10
2.00
0.70
3.39
$2.60
$334,795.32
$104.02
$37.20
$31.46
$4.72
$17.50
$90.88
$194.90
$57.43

Cob harvester
115.00
10.00
300.00
2.50
2.00
0.70
3.39
$2.60
$120,000.00
$40.24
$18.00
$6.50
$0.98
$25.48
$65.72
$19.36

Table 4: Impact of corn combine capacity on grain and cob harvest
cost.
Scenario
50% capacity reduction (base)
25% capacity reduction
0% capacity reduction

Corn grain
harvest cost
57.43
38.28
28.71

Corn cob Total
harvest cost
$ per acre
19.36
12.91
9.68

76.79
51.19
38.39

$28.71 per acre is based on our estimated result in Table 2.
Corn combine and labor have harvest capacity of 6.79 ac/hr
and 5.43 ac/hr, respectively. For the case of simultaneous corn
grain and cob one-pass harvest option, corn combine capacity
is assumed to reduce by half from 6.79 ac/hr to 3.39 ac/hr. This
50% reduction in capacity is due to the use of cob harvester
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20.00
12.00
450.00
5.72
5.00
0.80

0.09

90%

0

Total harvest field days
Corn grain only
Corn grain + cob (25% capacity reduction)
Corn grain + cob (no capacity reduction)
Corn grain + cob (50% capacity reduction)

5.00
0.80
9.70
$96,667.00
$34.34
$11.28

(a) Correlation between harvest field time and acres harvested

Net profit ($)

$2.60
$118,889.00
$21.96
$2.20
$14.87
$2.23
$17.50
$36.80
$58.77
$6.06

30.91

1,000

12.00
250.00

500,000
400,000
300,000
200,000
100,000
0

Total harvest field days
Corn grain only
Corn grain + cob (25% capacity reduction)
Corn grain + cob (no capacity reduction)
Corn grain + cob (50% capacity reduction)

$11.28
$45.61
$4.70

Total harvest field days
5%

2,000

26.4
30.1
31.6
32.1
32.7
33.2
33.7
34.1
34.5
34.9
35.2
35.4
35.8
36.2
36.5
36.9
37.1
37.4
37.7
37.9
38.3
38.6
38.9
39.2
39.6
40.0
40.4
40.9
41.6
42.3
43.2
44.8

Baler

26.4
30.1
31.6
32.1
32.7
33.2
33.7
34.1
34.5
34.9
35.2
35.4
35.8
36.2
36.5
36.9
37.1
37.4
37.7
37.9
38.3
38.6
38.9
39.2
39.6
40
40.4
40.9
41.6
42.3
43.2
44.8

Tractor
130.00

Horse power (hp)
Baler width (ft)
Bale weight (ton)
Life (year)
Annual hours of use
Fuel use (gal/hr)
Speed (mph)
Field efficiency (%)
Capacity (acre/hr)
Fuel price ($/gal)
List price ($)
Fixed cost ($/hr)
Repair cost ($/hr)
Fuel cost ($/hr)
Lubrication cost ($/hr)
Labor cost ($/hr)
Variable cost ($/hr)
Total cost ($/hr)
Total cost ($/acre)

3,000

Acres harvested

Table 5: Estimated corn stover harvest cost.

(b) Correlation between harvest field time and net farm profit

42.69

5%

Figure 3: Comparison of stochastic scenario results.

0.08
0.07
Tons harvested

10,000
0.06
0.05
0.04

8,000
6,000
4,000
2,000
26.4
30.3
31.7
32.3
32.9
33.5
34
34.4
34.8
35.1
35.4
35.8
36.2
36.6
36.9
37.2
37.5
37.8
38.2
38.5
38.9
39.2
39.7
40.1
40.5
41.1
41.9
42.9
43.8

0
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0.02

Grain
Stover
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Figure 4: Relationship between corn grain and stover harvest.
0
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Distribution: beta general

45
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Figure 2: Histogram for harvest field days.

attached to the back of combine [9]. The combine capacity
data is based on Lazarus and Smale [21] and labor capacity
data is determined based on a factor of 0.80 [27]. For example,
if the combine capacity is 6.79 ac/hr then the labor capacity
is estimated to be 5.43 (0.8 ∗ 6.79) ac/hr.
Corn cob and stover prices of $55/ton and $45/ton were
assumed based on the information obtained from an ethanol
company currently operating in the United States. Under the
grain and cob one-pass harvest option, because of the use

350,000
300,000
250,000
200,000
150,000
100,000

26.4
30.2
31.7
32.3
32.8
33.3
33.9
34.3
34.7
35
35.4
35.6
36
36.4
36.8
37.1
37.4
37.7
37.9
38.4
38.6
38.9
39.4
39.8
40.2
40.7
41.3
42
43
44.2

25

Net profit ($)

20

Base
5% YldDec

Total harvest field days
5% YldDec–5% CostDec
5% YldDec–10% CostDec

Figure 5: Scenarios for impact of yield and production cost on
net farm profit for simultaneous corn grain and cob harvesting
(assumed 50% capacity slowdown due to cob harvesting).
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Table 6: Baseline assumptions used in the three harvest models.
Corn grain only

Corn grain and cob
One-pass harvest

Corn grain and stover
Two-pass harvest

142.86
—
—
356.92
28.71
—
—
4.04
—
—
6.79
—
5.43
—
2,000.00

142.86
55.00
—
356.92
57.43
19.36
—
4.04
0.35
—
3.39
—
5.43
—
2,000.00

142.86
—
45.00
356.92
28.71
—
33.53
4.04
—
0.68
6.79
9.70
5.43
7.76
2,000.00

Corn price ($/ton)
Cob price ($/ton)
Stover price ($/ton)
Corn production cost ($/ac)
Corn harvest cost ($/ac)
Cob harvest cost ($/ac)
Stover harvest cost ($/ac)
Corn yield (ton/ac)
Cob yield (ton/ac)
Stover yield (ton/ac)
Combine capacity (ac/hr)
Baler capacity (ac/hr)
Labor capacity for grain harvest (ac/hr)
Labor capacity for stover harvest (ac/hr)
Total farm acres

Table 7: Harvest field day data.

Period 1
Period 2
Period 3
Period 4

From
24-Sep
8-Oct
22-Oct
6-Nov

To
7-Oct
21-Oct
5-Nov
19-Nov

2005
9.90
10.70
11.90
9.00

2006
11.60
10.30
10.90
—

of cob harvester which slows down grain harvest capacity,
corn grain harvest cost increases from $28.71 to $57.43 per
acre. Corn cob harvest cost of $19.36 per acre and cob yield
of 0.35 ton per acre are based on our estimated results
shown in Tables 1 and 3. Under the grain and stover twopass harvest option, corn stover can be harvested only after
grain is harvested. Thus, grain harvest capacity will not be
affected under this option. As illustrated above, our estimated
stover harvest cost and state-average stover yield are $33.53
per ton and 0.68 ton per acre respectively. Baler and labor
baling capacities are respectively calculated to be 9.7 ac/hr
and 7.76 ac/hr. Labor baling capacity is determined based on
a factor of 0.80. Harvest field day data reported in Table 7
for North Dakota were collected from the USDA National
Agricultural Statistics Service [28]. Each period of harvest
field time is assumed to last for two weeks.

3. Empirical Results
Results can be deterministic or stochastic as farmer’s net
return will change if corn/cob/stover price, yield, and field
time fluctuate. Deterministic results are the results that
contain no risk or random component. On the other hand,
stochastic results are estimated using a random component
(in this case random harvest field time) to generate a
sample of outcomes. For both deterministic and stochastic
models, we assume that farmers spend 12 working hours per

2007
11.70
9.60
13.10
12.70

2008
11.10
8.20
10.20
6.40

2009
9.30
4.30
5.40
12.90

Mean average
10.72
8.62
10.30
10.25

day harvesting corn grain and cobs, and baling stover. As
discussed, there are a total of four harvest periods and each
period is assumed to last for two weeks. For the baseline
scenario, the maximum harvestable acreage or farm size is
assumed to be 2,000 acres.
3.1. Corn Grain Harvesting
3.1.1. Deterministic Results. By incorporating data assumptions into the corn grain only harvest optimization model,
deterministic optimal outcomes for net farm profit, corn
grain sold, and harvested acres are generated and shown in
Table 8 for two scenarios with differing harvest field time
(expressed in hours) in each period. The table shows the
positive correlation between corn acres harvested and harvest
field time. In scenario one, about 106 corn acres are left
unharvested due to harvest time limit and the shadow price
of $1,040.89 suggests that if corn combine harvest time can
be increased by an additional hour, then farmers can benefit
from their net profit increase from $362,783 to $363,823. In
scenario two, with more harvest field hours available in each
period, more corn grain acres can be harvested until farmers
finish harvesting all corn acres in the final period. The shadow
price of $191.52 suggests that farmers are able to complete
harvesting all 2,000 corn acres and if an additional corn acre is
available for harvesting, farmers can increase their net profit
by $191.52.
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Table 8: Deterministic results for corn grain production.

Net profit ($)
Corn grain sold (tons)
Corn harvested acres
Period 1
Period 2
Period 3
Period 4
Total corn harvested acres
Harvest field time (hours)
Period 1
Period 2
Period 3
Period 4
Total harvest field time

Scenario 1
362,782.60
7,652.51

Shadow price ($)

697.07
307.66
461.79
427.66
1,894.18
128.26
56.61
84.97
78.69
348.53

0.00
1,040.89
1,040.89
1,040.89
1,040.89

Scenario 2
383,048.80
8,080.00

Shadow price ($)

699.13
562.17
671.74
66.96
2,000.00
128.64
103.44
123.60
123.00
478.68

191.52
0.00
0.00
0.00
0.00

Table 9: Stochastic results for corn grain harvesting.
Variable
Net profit ($)
Corn grain sold (tons)
Corn harvested acres
Period 1
Period 2
Period 3
Period 4
Total corn harvested acres
Harvest field time (hours)
Period 1
Period 2
Period 3
Period 4
Total harvest field time

Mean
382,338.10
8,065.01

Standard deviation
4,232.43
89.28

Minimum
329,838.33
6,957.58

Maximum
383,048.80
8,080.00

684.79
489.13
591.74
230.64
1,996.29

45.21
120.55
134.63
170.93
22.10

358.88
166.05
208.39
179.55
1,722.18

451.42
412.73
505.21
496.59
2,000.00

126.00
90.00
111.00
115.80
442.80

0.69
1.85
2.22
1.88
3.57

111.60
51.60
64.80
76.80
316.92

140.40
128.40
157.08
154.68
550.32

3.1.2. Stochastic Results. Deterministic outcomes do not
describe how farmers change their harvesting priorities or to
what degree profitability is affected when faced with harvest
time risk and limited field days. Using historical field day
data and @Risk simulation software [29], 1,000 random
numbers of field days (expressed in hours) are generated
based on a uniform distribution. These random field days
are incorporated into the corn grain only harvest model
to estimate random outcomes which show the impact of
harvest field time variations on net farm income, corn grain
sold, and corn acres harvested. When simulating random
outcomes we allow harvest field time to change and all other
variables such as corn price, yield and cost are assumed to
be constant. GAMS software [30] is used to simulate these
random outcomes.
Simulated outcomes are reported in Table 9 and Figure 1.
The table indicates that variations in harvest field time
will have an impact on the net farm profit. Maximum net
income that farmers can obtain from harvesting corn grain
is $383,049 with all 2000 farm acres harvested. Figure 1

implies that harvest field time and net profit are positively
correlated until all farm acres are harvested that is, until profit
maximization is achieved. As shown in the figure, farmers in
North Dakota would need a total of 31 harvest field days with
12 working hours each day to finish harvesting 2,000 corn
acres. Figure 2 depicts a distribution histogram for the total
harvest field days available. It shows that with 90% confidence
total harvest field days range from 30.91 to 42.69 days.

3.2. Simultaneous Corn Grain and Cob Harvesting
3.2.1. Deterministic Results. Deterministic results for simultaneous corn grain and cob harvesting are generated and
reported in Tables 10(a) and 10(b). The results are generated
based on three different corn combine capacity slowdown
scenarios. If we assume that corn cob harvesting does not
interfere with corn combine harvest capacity, then farmers can generate additional revenue of $19,140 ($402,188.80
minus $383,048.80) from selling 700 tons of corn cobs in
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Table 10: (a) Deterministic results for simultaneous corn grain and cob production. (b) Correspondent shadow price.
(a)

Net profit ($)
Corn grain sold (tons)
Corn cob sold (tons)
Corn grain/cob harvested acres
Period 1
Period 2
Period 3
Period 4
Total corn grain/cob harvested acres
Harvest field time (hours)
Period 1
Period 2
Period 3
Period 4

50% capacity reduction
263,995.10
6,555.48
567.93

25% capacity reduction
376,588.80
8,080.00
700.00

No capacity reduction
402,188.80
8,080.00
700.00

436.07
350.64
418.98
416.95
1,622.64

656.33
527.76
630.61
185.31
2,000.00

699.13
562.17
671.74
66.96
2,000.00

128.64
103.44
123.60
123.00

128.64
103.44
123.60
123.00

128.64
103.44
123.60
123.00

50% capacity reduction
0.00

Shadow price ($)
25% capacity reduction
188.29

No capacity reduction
201.09

551.51
551.51
551.51
551.51

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

(b)

Total corn grain/cob harvested acres
Harvest field time (hours)
Period 1
Period 2
Period 3
Period 4

Table 11: Deterministic results for corn grain and stover production.

Net profit ($)
Corn grain sold (tons)
Corn stover sold (tons)
Corn grain acres harvested
Period 1
Period 2
Period 3
Total corn grain acres harvested
Corn Stover Harvested in Tons
Period 2
Period 3
Period 4
Harvest field time (hours)
Period 1
Period 2
Period 3
Period 4
Total harvest field time

Scenario 1
377,650.31
7,809.50
647.37
699.13
562.17
671.74
1,933.04

Shadow price ($)

Scenario 2
394,060.00
8,080.00
959.64

Shadow price ($)

0.00

733.70
690.00
576.30
2,000.00

180.42

0.00
0.00
647.37

−186.30
−186.30
0.00

0.00
201.21
758.43

0.00
0.00
0.00

128.64
103.44
123.60
123.00
478.68

1,040.89
1,040.89
1,040.89
60.37

135.00
126.96
144.27
144.10
550.33

60.37
60.37
60.37
60.37
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addition to selling 8,080 tons of corn grain. However, if cob
harvesting results in the slowdown of corn combine harvest
capacity, then farmers can incur a loss of $6,460 for 25%
capacity reduction scenario or a loss of $119,054 for 50%
capacity reduction scenario. The loss in revenue is mainly
due to the slowdown in harvest capacity as a result of cob
harvesting. Given that corn harvest time is constrained by
the limited availability of harvest field time in each period,
farmers would not be able to maximize their net returns
because of the slowdown.
The 25% combine capacity reduction scenario in
Table 10(a) shows that all 2,000 acres of grain and cob can be
harvested but their net profit is reduced compared with the
net profit of no capacity reduction scenario. This is because
the 25% slowdown in combine harvest capacity results in
an increase in corn grain and cob harvest costs (this is
illustrated in Table 4) which decrease net profit. The table
also shows that about 377 corn acres are left unharvested if
corn combine harvest capacity slows down by 50%. Either
the availability of harvest field time would have to increase or
farmers would have to invest in additional harvest equipment
and labor to finish all the harvesting to achieve maximum
profit potential. Shadow prices corresponding to the three
scenarios are given in Table 10(b). They can be interpreted in
a similar manner as was done for the corn grain only harvest
case.
3.2.2. Stochastic Results. Assuming that other variables such
as corn grain and cob prices, costs, and yields remain
unchanged, variations in harvest field time will change the
net farm income of producing corn grain and cob. Increase
in the availability of harvest field time would increase the
amount of corn grain and cob harvested and thus increase
net farm profit as shown in Figures 3(a) and 3(b). For a 2000acre farm, all grain and cob can be harvested within 33 harvest
field days for all the scenarios except 50% harvest capacity
reduction scenario (Figure 3(a)). Harvest field time and net
farm profits are positively correlated until all farm acres
are harvested (Figure 3(b)). For the 50% harvest capacity
reduction scenario, more harvest field days will be needed
to finish all the harvesting and achieve profit maximization.
Field studies conducted by CVEC [9] and Darr [25] indicate
that corn combine harvest capacity can be reduced by as
much as 50% because of the use of cob/stover harvester.
Results in the figure do not favor the simultaneous grain
and cob harvesting because the reduction in combine harvest
capacity causes net farm profit to be lower compared to
the corn grain only harvest option. Hence, in that sense
harvesting corn grain alone might be more profitable than
harvesting a combination of grain and cob simultaneously as
suggested in Figure 3(b).
3.3. Separate Corn Grain and Stover Harvesting
3.3.1. Deterministic Results. Results generated based on two
different field time scenarios are reported in Table 11. In both
scenarios we assume that farmers can spend 12 hours per
day harvesting and baling stover using the available harvest
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field time. As described in Section 2, there are a total of four
harvest periods and corn grain harvest must be completed
within the first three periods. Stover harvesting and baling
can take place only when corn grain harvest is completed.
Hence, no stover can be harvested and baled in the first
period and no corn grain can be harvested in the final period.
All grain and stover harvest activities need to be completed
within four harvest periods. In scenario one in the table,
total acres of corn grain harvested (1,933 acres) fell short of
maximum 2,000 acres. This is because part of the farmers’
time has been allocated to harvesting and baling stover in the
final period and some acres of corn would be left unharvested.
The first scenario in the table also shows that no stover
is harvested in the second and third periods. This is due to
the fact that farmers find it optimal to allocate all of their
time to harvest corn grain instead of stover during these
two periods. The negative shadow price of $186.3 in the first
scenario implies that if farmers were to attempt to harvest
corn stover in either second or third harvest period, their
net profit will decrease by $186.3 per ton of stover harvested.
As suggested in the table, all stover harvest time is optimally
allocated to the final period since no grain can be harvested
during this final period. The shadow prices of $1,040.89 (for
grain) and $60.37 (for stover) in the first scenario indicate
that it would be much more valuable for farmers to harvest
corn grain than stover if an additional harvest field hour is
available.
In the second scenario of Table 11, we assume that more
harvest field time is available in each period as compared
to the first scenario. As expected, farmers are able to finish
harvesting all 2,000 corn acres in this second scenario as
more time is available. The shadow price of $60.37 in the
second scenario suggests that if an extra harvest field hour
is available, famers are better off harvesting stover since they
are assumed to have perfect information and are expected
to complete harvesting all corn grain acres on time. The
maximum amount of stover harvested in the first scenario
is about 647 tons and in the second scenario is 960 tons.
The difference in the net profit between the first and second
scenarios can be explained by the difference in corn stover
sold or harvested.
3.3.2. Stochastic Results. Fluctuations in harvest field time
will have an impact on the amount of corn grain and stover
harvested which in turn will have an effect upon the net
farm income as indicated in Table 12. Results in the table
were simulated under the assumption that all other variables
remain constant except harvest field time. The table suggests
that as the availability of harvest field time increases farmers
are willing to allocate a little more of their time to harvest
stover in the second and third periods although the final
period remains the critical period when farmers spend most
of their time on harvesting and baling stover.
Figure 4 analyzes the relationship between corn grain
and stover harvested in tons as the availability of harvest
field time increases. The figure shows that, for a 2000-acre
farm, the amount of corn grain and stover harvested can
fluctuate depending on the harvest field time availability
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Table 12: Stochastic results for corn grain and stover harvesting.
Variable
Net profit ($)
Corn grain sold (tons)
Corn stover sold (tons)
Corn grain acres harvested
Period 1
Period 2
Period 3
Total grain acres harvested
Corn stover harvested in tons
Period 2
Period 3
Period 4
Harvest field time (hours)
Period 1
Period 2
Period 3
Period 4
Total harvest field time

Mean
345,284.50
7,133.24
620.64

Standard deviation
34,234.02
717.34
123.44

Minimum
248,631.24
5,097.87
404.47

Maximum
394,055.77
8,080.00
959.63

684.79
488.82
592.04
1,765.65

45.21
120.44
134.98
177.56

606.58
280.65
352.23
1,261.85

762.99
697.61
853.91
2,000.00

0.30
10.87
609.48

5.64
34.74
118.57

0.00
0.00
404.47

160.74
224.53
814.37

126.00
90.00
111.00
115.80
442.80

0.69
1.85
2.22
1.88
3.57

111.60
51.60
64.80
76.80
316.92

140.40
128.40
157.08
154.68
550.32

Table 13: Stochastic results for corn grain and stover harvesting.
Scenario
1
2
3
4
5
6
7
8

Period 1
9.32
9.49
9.87
9.35
11.29
10.56
10.74
10.65

Harvest field time (days)
Period 2
Period 3
Period 4
4.56
5.63
6.90
6.14
8.09
6.44
6.62
6.31
12.30
10.22
10.34
10.09
10.55
11.66
11.57
10.40
11.84
12.55
10.46
12.94
11.35
9.81
12.68
12.71

Total
26.41
30.15
35.10
40.00
45.08
45.34
45.48
45.84

in each period. The fluctuations of corn grain and stover
harvested as available field time changes in each period can
be explained numerically using Table 13. For example, if we
compare scenarios 1, 2 and 3 in the table, the differences in
stover harvested in tons can be explained by the differences
in harvest field time in the final period 4 when most stover
harvesting and baling take place. In the table, harvest field
time in the final period for scenario 3 is higher than that
of scenario 1 or 2, and consequently total stover harvested
in the third scenario would be higher. Given the limited
availability of harvest time, as more (less) labor time is
allocated to harvesting stover less (more) would be available
for harvesting corn grain and this would have an impact on
net farm profit as illustrated in the first three scenarios in
Table 13.
When total availability of harvest field time increases to
above 40 days as shown in the table (scenario 5–8), farmers
would be able to finish harvesting all 2000 corn grain acres
within the first three periods and allocate their remaining
time on harvesting stover. From the table (scenario 5–8),
we can see that once farmers realize that they can finish

Stover (tons)

Grain (tons)

Acres harvested

Net profit ($)

435.90
406.42
776.95
637.26
910.00
926.74
935.53
958.53

5,139.14
6,247.95
6,005.55
7,881.73
8,080.00
8,080.00
8,080.00
8,080.00

1,272.07
1,546.52
1,486.52
1,950.92
2,000.00
2,000.00
2,000.00
2,000.00

248,631.24
300,858.30
293,616.77
380,958.94
393,486.50
393,678.47
393,779.29
394,043.10

harvesting corn grain on time, they are willing to increase
their time and effort on harvesting and baling stover as the
availability of harvest field time increases. This results in an
increase in tons of stover harvested and consequently an
increase in net profit. This explains why grain and stover
lines in Figure 4 are getting smoother rather than fluctuating
up and down once total harvest field days exceed above 40.
Generally, the figure shows that as harvest field time increases
the quantities of corn grain and stover harvested tend to trend
upward gradually.

4. Impact of Farm Size and Tillage Practice on
Cob and Stover Harvesting
Changes in farm sizes can also have an impact on the amount
of corn grain, cob, and stover harvested. Our results (not
reported here to save space) suggest that, under the grain
and cob one-pass harvest option as farm size increases,
farmers would need to add more harvest capacity to finish
harvesting both grain and cobs (as compared to the corn
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grain only harvest option) since the use of cob harvester
slows down the harvest. Under the grain and stover twopass harvest option, as farm size increases the availability of
harvest field time could become a very limited factor. Farmers
would increasingly find it difficult to allocate their labor time
on harvesting both grain and stover as farm size increases.
Variations in the use of soil tillage system would result in
changes in yield and production cost among farms with
different soil types. This would have an impact on farmers’
net returns of harvesting corn grain, cob and stover. Our
evidence reported in Figure 5 for the grain and cob one-pass
harvest option shows that a small decrease in corn yield due
to changes in tillage practice results in a large decline in the
net profit of harvesting corn grain and cob. The figure also
indicates that the decline in yield must be accompanied by
the reduction in production cost in order for net farm profit
to improve.

Because of limited harvest field time in North Dakota,
a frequent suggestion is for farmers to hire additional labor
to operate the farm machinery. However, additional farm
labor is difficult to find in rural areas of the state. At present,
labor shortage is becoming more acute in the state due to the
rapidly rising oil and gas production and coupled with the fact
that the state has the lowest unemployment rate in the nation.
Moreover, large tractors and new stover collection equipment
are highly sophisticated. Any new farm laborer would need
extensive training and oversight, again burdening farmers
who are already busy during harvest time. Furthermore,
farmers are unwilling to take any risk of holding a large
inventory of corn cob/stover and prefer to have an external
party bale, store, and transport the goods [34]. Based on
our evidence in this paper, we believe that it would be more
efficient economically to allow an external party (either a
biofuel firm or a firm that specializes in collecting biomass
feedstock) to participate and invest in cob/stover harvest
business.

5. Summary and Conclusion
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By employing the three linear programming models with
different corn grain and residue harvest options, net farm
returns were analyzed under changing harvest field time in
order to gain insights into the economic tradeoffs between
corn grain and cob/stover harvest activities in North Dakota.
Emphasis was placed on understanding the impact of harvest
field time on profit maximizing potential of corn farmers.
Harvest field time can be very limited in North Dakota
because of rainfall and early frost. Randomized fall harvest
field times were incorporated into our models to create
stochastic outcomes which show that variations in the availability of field time can have a great impact on net farm
profits.
Among the three harvest options analyzed, simultaneous
corn grain and cob one-pass harvest method may not be
an optimal choice for biomass feedstock production unless
farmers are compensated for their potential losses due to
harvest capacity slowdown. On the other hand, time allocation is the major problem when farmers choose the option
of harvesting corn grain and stover separately under the
two-pass harvest method. If more labor time is allocated to
harvesting stover, less would be available for harvesting corn
grain and this would impact farmers’ net profits. Because part
of farmers’ time has to be allocated to harvesting and baling
stover, with limited availability of harvest field time some
acres of corn grain could be left unharvested. In addition to
limited harvest field time, another problem associated with
harvesting and baling corn stover is the moisture content.
High stover moisture content can affect harvest timing and
result in storage losses [31, 32]. Due to low temperatures and
frequent rainfall during fall harvest season, the time required
for stover to reach baling moisture after corn grain harvest
has been reported to take from several days to weeks [32, 33].
This will further limit the availability of harvest field time.
Examining the impact of stover moisture content on harvest
field time limits is beyond the scope of this paper. This will be
an interesting topic to consider for future studies.
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Much research has estimated induced land use changes (ILUCs) and emissions for first generation biofuels. Relatively little has
provided estimates for the second generation biofuels. This paper estimates ILUC emissions for the first and second generation
biofuels. Estimated ILUC emissions are uncertain not only because their associated land use changes are uncertain, but also because
of uncertainty in the land use emission factors (EFs). This paper also examines uncertainties related to these factors. The results
suggest that converting crop residues to biofuel has no significant ILUC emissions, but that is not the case for dedicated energy crops.
Use of dedicated energy crops transfers managed natural land and marginal land (cropland-pasture) to crop production. Producing
biogasoline from miscanthus generates the lowest land requirement among alterative pathways. The largest land requirement is
associated with switchgrass. The difference is due largely to the assumed yields of switchgrass and miscanthus. The three major
conclusions from uncertainty in emissions analyses are (1) inclusion or exclusion of cropland-pasture makes a huge difference; (2)
changes in soil carbon sequestration due to changes in land cover vegetation play an important role; and (3) there is wide divergence
among the emission factor sources, especially for dedicated crop conversion to ethanol.

1. Introduction
The land use consequences of global biofuel programs and
their contributions to GHG emissions have been the focal
point of many debates and research studies in recent years.
Research studies in this field usually estimate ILUC emissions
in two phases. They first estimate ILUCs due to biofuel
production using either partial or general equilibrium models. Then they apply land use emission factors (EFs), which
measure vegetation and soil carbon fluxes and are obtained
from biophysical models, to calculate the ILUC emissions
given the estimated ILUCs. Both of these phases are subject to
uncertainties. Several papers examined major uncertainties
related to the estimates for ILUCs and their geographical
distributions. Wicke et al. [1] reviewed major studies in this
area and highlighted deficiencies of economic models used
to assess the ILUCs due to biofuels and their corresponding
uncertainties. However, most of these studies focused on the
land use emissions due to first generation biofuels such as
corn ethanol, sugarcane ethanol, and biodiesel. Few attempts

have been made to estimate these emissions for second
generation biofuels which convert cellulosic materials into
liquid fuels. In addition, uncertainties related to the EFs and
their importance for estimates of the ILUC emissions due to
biofuels have received little or no attention to date. This paper
examines uncertainties in emission estimates for ILUCs due
to first and second generation biofuels.
To accomplish this task we first provide a set of estimates
for ILUCs from several biofuel pathways, including both
first and second generation biofuels. To model ILUCs for
alternative biofuel pathways we used a computable general
equilibrium model. The model is built on the GTAP-BIO
model which is designed and frequently used to assess ILUCs
due to biofuels [2–6]. Since the original GTAP-BIO model
only covers the first generation biofuels, several new activities
are introduced into this modeling framework and its database
to estimate ILUCs for new biofuel pathways which convert
cellulosic materials into liquid biofuels. The next section of
this paper introduces the main features of the GTAP-BIO
model, explains the key configurations of the new industries
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added to the model, and presents estimated ILUCs for several
new biofuel pathways. Then we describe the approaches,
data sources, and assumptions for four existing major EFs.
After that, ILUC emissions for selected biofuel pathways are
calculated using these four different emission factors. Finally,
uncertainties in EFs and their consequences for the estimated
ILUCs for alternative biofuel pathways are examined.

Table 1: Cost structures of corn stover, miscanthus, and switchgrass
activities (percentages of total costs).

2. ILUCs due to Selected Biofuel Pathways
2.1. Background. The GTAP-BIO model is a multiregional
computable general equilibrium model which simulates
consumer and producer behaviors and traces production,
consumption, and trade of goods and services including
biofuels and their by-products at a global scale. The GTAPBIO model takes into account resource constraints and links
economic and biophysical information through the market
for land where agricultural, livestock, and forestry compete
for limited land resources.
To evaluate ILUCs due to biofuel production and policy
the GTAP-BIO model links biofuel industries with other
economic activities and takes into account several lines of
market-mediated responses, which are the key determinants
of the ILUCs due to biofuel and policy. In particular, the
model takes into account (1) substitution among energy
items, including fossil fuels and biofuels, and between energy
and other inputs in production functions of goods and
services; (2) substitution among energy items, including fossil
fuel and biofuels, at household level; (3) interactions between
food and fuel; (4) substitution among crops and biofuels
by-products such as distillers grains and oilseed meals in
animal feed rations; (5) competition for cropland among
crop producers and shifting cropland to biofuel feedstock
crops from other uses; (6) intensification in land use; (7) and
conversion of forest and pasture land to cropland (extensification). Golub and Hertel [7] have reviewed the roles of these
market-mediated responses in determining ILUCs using the
GTAP-BIO model and discussed their key corresponding
uncertainties.
2.2. Model Modifications. The original GTAP-BIO model [2,
3] and its newer versions [4–6] only cover production and
consumption of first generation of biofuels including ethanol
produced from grains and sugarcane and biodiesel produced
from oilseeds. To evaluate ILUCs for a wider range of biofuel
pathways including the second generation of biofuels which
convert cellulosic materials into biofuels, we modified the
GTAP-BIO model and its database.
The new model is based on version 7 of GTAP database
which depicts the world economy in 2004. In addition to first
generation biofuels, several new industries are introduced
into this database to expand the space of biofuel alternatives
to second generation biofuels. In particular, we introduced
three feedstock industries (corn stover, miscanthus, and
switchgrass) and six advanced biofuel industries (corn stover
biogasoline, miscanthus biogasoline, switchgrass biogasoline,
corn stover ethanol, miscanthus ethanol, and switchgrass
ethanol) into the database. The corn stover industry is an

Cost items

Stover

Miscanthus

Switchgrass

Fertilizer

22.7

14.0

15.6

Transportation
Fuel
Seed/rhizomes

33.5
3.4
0.0

25.4
4.6
6.7

28.4
5.1
1.7

Other costs
Labor
Land

7.0
10.0
0.0

7.5
10.7
2.7

8.0
11.5
5.8

Capital (including profit)

23.3

28.5

23.9

Total

100.0

100.0

100.0

For details see Taheripour et al. [10].

industry which collects, processes, and transfers corn stover
to the biofuel industry. This industry does not need land
to provide feedstock and pays fertilizer costs to maintain
productivity of land. On the other hand miscanthus and
switchgrass use land, as explained later in this section, along
with other inputs to produce and deliver feedstock to biofuel
industries.
Cellulosic materials produced by the feedstock industries
can be converted into either ethanol or biogasoline (a dropin biofuel). The chemical properties and energy content of
ethanol produced from cellulosic material are identical to
those for corn-based ethanol. However, the chemical properties and energy content of biogasoline differ from ethanol.
The chemical properties and energy content of biogasoline
are similar to those for conventional gasoline, and the energy
content of ethanol is two-thirds that of conventional gasoline.
Unlike ethanol for which the US market is mainly limited
to E10 (gasoline including 10% ethanol), biogasoline can be
used directly as a substitute for traditional gasoline, and hence
its market is not limited. In the advanced biofuel sectors,
conversion of cellulosic materials to gasoline-like hydrocarbon fuels follows a thermochemical conversion technology,
and conversion of cellulosic materials to ethanol follows a
biochemical pathway. These technologies are explained in the
National Academy of Science report [8] in detail.
Given that these new industries are not commercially
viable, we defined their production technologies based on
the available information obtained from the literature and
expert inputs. Then these new industries are introduced into
the GTAP database. The database modification process is
defined based on Taheripour et al. [9] and explained in detail
in Taheripour et al. [10]. Tables 1 and 2 represent the cost
structures of the new industries.
Table 1 indicates that transportation, fertilizer, and capital
are the main cost items in corn stover, miscanthus, and
switchgrass industries, which provide feedstock for producing the second generation biofuels included in this model.
To provide corn stover no additional land is needed. This
industry does not pay for seed or rhizome but pays relatively
higher costs to maintain soil nutrients and productivity after
removing a portion of corn stover for biofuel production.
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Table 2: Cost structures of advanced biofuel producers (percentage of total costs).
Cost items
Feedstock
Chemicals
Energy
Other costs
Labor
Capital
Total

Miscanthus
54.6
0.0
1.0
10.5
2.2
31.8
100.0

Biogasoline
Switchgrass
51.9
0.0
1.0
11.1
2.4
33.7
100.0

Stover
47.7
0.0
1.1
12.1
2.6
36.6
100.0

Miscanthus
42.9
15.6
4.1
17.5
4.4
15.6
100.0

Ethanol
Switchgrass
40.2
16.3
4.2
18.3
4.6
16.3
100.0

Stover
39.2
18.8
4.9
15.0
5.3
16.9
100.0

For details see Taheripour et al. [10].

The cost share of transportation is higher in corn stover
activity as well. Table 1 also shows that the cost share of land
in producing switchgrass is higher than the corresponding
figure in producing miscanthus. This is due to the fact that
miscanthus yield is higher than switchgrass yield.
Table 2 shows that feedstock is a major cost item in the
cost structure of cellulosic biofuel industries. This is a key
factor which makes cellulosic biofuels expensive. Table 2 also
indicates that the cellulosic biogasoline pathways are more
capital intensive than the cellulosic ethanol pathways. On the
other hand chemical inputs have a large share in the cost
structures of cellulosic ethanol pathways. In developing the
cost structure of the new cellulosic industries, it is assumed
that they do not produce marketable by-products.
In the database construction process we also used the
following important cost items and key assumptions: (i) corn
stover, miscanthus, and switchgrass are priced at $98, $139,
and $133 per dry metric ton at 2010 prices, respectively; (ii)
given the existing technologies, the production costs of corn
stover biogasoline, miscanthus biogasoline, and switchgrass
biogasoline are estimated at $0.82, $0.99, and $0.96 per liter
at 2010 prices; (iii) the production costs of producing ethanol
form these feedstocks are very close to the production costs
of biogasoline, but as mentioned earlier, ethanol has lower
energy content compared to biogasoline; (iv) the average
annual yields of corn stover, miscanthus, and switchgrass are
about 3.4, 17.5, and 10.1 dry metric tons per hectare, respectively, and only up to 33% of available stover is removed; and
(v) the conversion yields for cellulosic biofuels are 250 liters
of biogasoline per dry metric ton and 313 liters of ethanol per
dry metric ton regardless of feedstock.
Since GTAP database version 7 represents relative prices
in 2004, all estimated costs and prices are deflated to their
2004 values using appropriate price deflators. Finally, since
biofuels are not produced in the real world yet, it is assumed
that the US economy produces small amounts of new biofuels
and their corresponding feedstocks in the base year. We
also updated the land use and crop data sets of the GTAPBIO database from 2001 to 2004 according to the data sets
developed by Avetisyan et al. [11]. Unlike the original GTAPBIO model which assumes that the productivity of new
cropland is 2/3 of the existing cropland everywhere across the
world, a new set of land conversion factors developed using a
terrestrial ecosystem model which measure productivities of

new croplands compared to the existing croplands by region
and AEZ is used [12].
To handle production and consumption of the new
cellulosic biofuels the GTAP-BIO model is also modified. In
particular, the biofuels are included in the demand structure
of households and the derived demands for firms for energy.
In addition, the new industries supply their products to the
market and demand intermediate inputs and compete for
primary inputs in the markets for labor, land, and capital. In
particular, miscanthus and switchgrass compete with other
crops in the market for land as shown in Figure 1 which
depicts the land supply tree of the earlier versions of the
GTAP-BIO model and the new one. The new and old land
supply trees are identical in their bottom nest where forestry,
livestock, and crop industries compete for available land.
However, the cropland nesting structure of the old and
new land supply trees are different. Unlike the old model
which puts all crops in one nest, the new model puts crop
activities into two categories. In one nest, indicated as crop
group 1, farmers who produce usual crops (including all
types of food, feed, and fiber crops) compete for cropland.
The retired US croplands are classified under “CRP” in this
group. In the second nest producers of miscanthus and
switchgrass compete with livestock producers for croplandpasture which represent marginal lands which have been
cultivated for crop production in the past and currently are
used by livestock producers as pasture land. In this nesting
structure cropland can move between the groups 1 and 2.
This means that if economic conditions permit, farmers
may switch from tradition crops to dedicated energy crops
and vice versa. This nesting structure implicitly follows the
common ideas that the marginal lands, classified under the
cropland-pasture category, are good candidates for producing
dedicated crops. While the model covers retired lands under
the CRP program, in this paper it is assumed that these
lands will not be released for expansion for dedicated energy
crops. As mentioned earlier, the original GTAP-BIO model
takes into account yield improvement due to higher crop
prices. The new model follows this indication for the new
dedicated energy crops and cropland-pasture as well. The
modifications summarized here are the key modifications,
which were introduced into the original GTAP-BIO model
to handle second generation biofuels. For a complete list of
modifications, see Taheripour et al. [10].
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Cropland-pasture

Crop 1

CRP

Crop 2

Cropland

Forest

· · · Crop 𝑛

Pasture

Land supply
Original land supply tree

Cropland-pasture

Miscanthus

CRP

Switchgrass

Crop group 2

Forest

Crop 1

Crop 2

···

Crop 𝑛

Crop group 1

Pasture

Cropland

Land supply
New land supply tree

Figure 1: Land cover and land use activities in the old and new GTAP-BIO-ADV.

2.3. Simulations. To evaluate the ILUCs for alternative biofuel pathways the following experiments were defined:
(a) an increase in corn ethanol production by 43.873
billion liters (BLs.) (from its 2004 level to 56.781 BLs,
which represents the expected US corn ethanol production for 2015),
(b) an increase in production and consumption of biogasoline produced from corn stover by 22.712 BLs, on
top of 56.781 BLs corn ethanol,
(c) an increase in production and consumption of biogasoline produced from miscanthus by 17.791 BLs, on
top of 56.781 BLs corn ethanol,
(d) an increase in production and consumption of biogasoline produced from switchgrass by 17.791 BLs, on
top of 56.781 BLs corn ethanol,
(e) an increase in production and consumption of ethanol from corn stover by 34.069 BLs, on top of 56.781
BLs corn ethanol,
(f) an increase in production and consumption of ethanol from miscanthus by 26.498 BLs, on top of
56.781 BLs corn ethanol,

(g) an increase in production and consumption of
ethanol from switchgrass by 26.498 BLs, on top of
56.781 BLs corn ethanol.
These experiments are defined based on the targets which
are included in the US Renewable Fuel Standard (RFS2)
for 2015. The RFS2 does not directly mandate corn ethanol.
However, since in US ethanol is mainly produced from
corn, following the literature we assigned the RFS target for
conventional ethanol to corn ethanol. The RFS2 considered
about 61 billion liters of advanced biofuel for 2015. However,
it does not specify advanced biofuels by feedstock or the
geographic origin of biofuel production. In this paper we
assumed that advanced biofuel will be produced within the
US borders from cellulosic feedstocks, either corn stover or
dedicated crops such as miscanthus or switchgrass. To divide
the mandated level of advanced biofuel for 2015 between corn
stover and dedicated crops we assigned 56% of the target
to corn stover. This target supports a level of corn stover
removal which does not go beyond the 33% rate of corn
stover removal mentioned earlier in this paper. Then it is
assumed that the rest of the advanced biofuel will be produced
from either miscanthus or switchgrass. Finally, the defined
targets for advanced ethanol by feedstock are converted
to biogasoline equivalents by feedstock according to their
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relative energy contents. The experiment (a) is accomplished
using the 2004 database, and other experiments are obtained
off of the 56.781 BLs ethanol. This sequence is chosen because
the US economy will reach to its goal for corn ethanol
soon and prior to producing cellulosic biofuels commercially.
Following Hertel et al. [3], in each of these experiments we
only shocked the targeted biofuel in that experiment to isolate
impacts of biofuel production from other factors which shape
the world economy. The ILUCs due to these biofuel pathways
are shown in Table 3.
This table shows that the targeted expansion in corn
ethanol will expand global cropland by about 2 million
hectares (MH) and will shift more than 1.4 MH of US and
Brazil cropland-pasture to crop production. Expansion in
corn ethanol production leads to conversion of 1.8 million
hectares of pasture lands and 0.2 million hectares of deforestation at the global scale. In addition, due to the expansion
in corn ethanol the livestock industry loses about 1.4 million
hectares of its cropland-pasture in favor of corn production.
Table 3 also shows that producing ethanol or biogasoline
from corn stover will generate negligible ILUCs. While
producing biofuels from corn stover does not need land, it
affects relative land prices in the general equilibrium solution
in favor of forestry and marginally causes some reforestation.
In this general equilibrium model, the corn stover activity
does not change relative profitability of crops at equilibrium.
However, in the real world, if corn stover is used for biofuel
production we may observe changes in corn-soy rotation in
short run [13].
Table 3 shows that producing either ethanol or biogasoline from dedicated crops will induce land use changes as
well. However, the patterns of ILUCs due to these biofuels and
corn ethanol are very different. Converting corn to ethanol
increases the price of corn. This reduces consumption of corn
and increases supply of corn. Hence a portion of required
feedstock comes from reduction in corn consumption, and a
portion comes from expansion in corn production. A portion
of required cropland for corn production comes from reduction in production of other crops, and a portion comes from
converting forest and pasture to corn production. Hence,
in general, expansion in corn ethanol reduces consumption
of corn and other crops, and that mitigates required land
expansion due to corn ethanol.
The pattern of ILUCs due to an expansion in a dedicated
crop-based biofuel is very different. The required feedstock
for the desired expansion must be produced, because production is currently about zero. Hence, other land use activates
(crops, livestock, and forestry) must give up a portion of their
land for producing dedicated crops. Thus the required land
for feedstock production should come from the existing croplands, pasture, or forest. When cropland-pasture is used to
produce dedicated crops, the price of pasture land, again used
by livestock industry, goes up. This changes the relative land
prices in favor of pasture land and causes land conversion
from forest to pasture land. Table 3 clearly represents this land
use change pattern in the US.
Producing biogasoline from miscanthus (case c) generates the lowest land requirement (in terms of new land plus
cropland-pasture moved to miscanthus) among alternative
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Table 3: Land use changes due to biofuel production (1000 hectares)1 .
Land category
US
EU
Brazil
(a) 56.781 billion liters corn ethanol off of 2004
Land cover
Forest
−331
−80
42
Pasture
−639
−46
−123
Cropland
971
126
82
2
−1,169
—
−238
Cropland-pasture
(b) 22.712 billion liters stover biogasoline
Land cover
Forest
8
2
0
Pasture
5
0
2
Cropland
−13
−2
−2
0
0
6
Cropland-pasture2
(c) 17.791 billion liters miscanthus biogasoline
Land cover
Forest
−153
−16
8
Pasture
47
−9
−23
Cropland
106
25
15
—
−43
Cropland-pasture2 −3,719
(d) 17.791 billion liters switchgrass biogasoline
Land cover
Forest
−550
−45
20
Pasture
327
−20
−60
Cropland
223
65
40
—
−113
Cropland-pasture2 −6,915
(e) 34.069 billion liters stover ethanol
Land cover
Forest
19
3
0
Pasture
−6
1
3
Cropland
−13
−4
−3
−9
0
8
Cropland-pasture2
(f) 26.498 billion liters miscanthus ethanol
Land cover
Forest
−221
−21
11
Pasture
88
−11
−31
Cropland
134
32
20
—
−56
Cropland-pasture2 −4,590
(g) 26.498 billion liters switchgrass ethanol
Land cover
Forest
−784
−61
28
Pasture
483
−28
−82
Cropland
301
89
54
0
−154
Cropland-pasture2 −8,278

Others

Total

144
−1,043
899
—

−226
−1,852
2,078
−1,407

47
−32
−15
—

56
−24
−32
6

24
−197
173
—

−137
−183
319
−3,762

−16
−431
447
—

−590
−185
775
−7,028

52
−28
−25
—

74
−30
−44
−2

26
−249
222
—

−205
−202
408
−4,646

−29
−581
610
—

−845
−208
1,054
−8,432

1
Cases (b) to (g) are in addition to case (a). Positive numbers represent
expansion, and negative numbers indicate reduction in each category.
2
Cropland-pasture is a subcategory under cropland. This row shows conversion of cropland-pasture to other crops.

biofuels produced from dedicated crops. About 3.7 million
hectares of land are needed to produce 17.791 billion liters
of biogasoline from miscanthus. However, this land requirement is mainly obtained from cropland-pasture. The global
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Table 4: Cropland expansion due for selected biofuel pathways.

Biofuel case which induces Biofuel produced New cropland needed New cropland needed
land use changes
(billion liters)
(1000 ha.)
(ha./1000 liters of biofuel)
(a) Corn ethanol
(c) Miscanthus biogasoline
(d) Switchgrass biogasoline
(f) Miscanthus ethanol
(g) Switchgrass ethanol

43.873
17.791
17.791
26.498
26.498

2078
319
775
408
1054

cropland expansion for this biofuel pathway is limited to 0.3
million hectares. Converting switchgrass to biogasoline (case
d) needs more land because switchgrass yield is lower than
miscanthus yield.
As shown in Table 3, in general, producing ethanol from
dedicated crops needs more land than producing biogasoline.
As mentioned earlier the feedstock conversion rates are
about 250 and 313 liters per dry metric ton for biogasoline
and ethanol, respectively. But the energy content of ethanol
is two-thirds that of biogasoline, which is smaller than
the ratio of 250 over 313. Producing 26.498 billion liters
ethanol from miscanthus (case g) generates the largest land
requirement among all alternative options. It requires about
1 million hectares of new cropland globally, 29% of which
is in the US. Forest constitutes 80% of the converted land.
Globally, 8.5 million hectares of cropland-pasture are needed
to support production of 26.498 billion liters of ethanol from
switchgrass. The land use impacts of producing biogasoline
from switchgrass (case d) and ethanol from miscanthus (case
f) fall in between these.
Table 4 summarizes the land needed per m3 of biogasoline or ethanol produced from corn, miscanthus, or
switchgrass. Three important conclusions emerge from this
table. First, switchgrass needs more land than miscanthus in
all cases. This conclusion derives from the assumed lower
yield of switchgrass compared with miscanthus. Clearly,
dedicated energy crop yield is a key factor in deriving the
ILUCs associated with these feedstocks. Second, ethanol
requires more land in all cases than biogasoline (in ethanol
equivalents) because the conversion efficiency is assumed
to be higher for the thermochemical process to produce
biogasoline than for the ethanol biochemical process. The
results of these experiments provide detailed land use changes
among cropland, forest, and pasture and in different global
regions by AEZ. For more details on ILUCs see Taheripour
et al. [10]. These results are used to calculate ILUC emissions
for each biofuel pathway in the next section.

3. EFs and Their Backgrounds
In general, research studies in this area have examined
three major categories of ILUC emissions released to the
atmosphere due to biofuels: (1) CO2 emissions due to changes
in vegetative carbon stock; (2) CO2 emissions due to changes
in soil carbon stock; (3) and CO2 emissions due to aboveground forgone carbon sequestration. These items tend to
capture induced emissions as a result of deforestation due to
biofuel expansion. This common classification ignores two

0.047
0.018
0.044
0.023
0.059

New cropland needed
(ha./1000 liters of ethanol equivalent)
0.047
0.012
0.029
0.023
0.059

important sources of ILUC emissions: non-CO2 emissions
due to changes in agricultural practices and changes in soil
carbon sequestration due to changes in land cover. Many
research studies in this field [4–6, 14, 15] relied on the
vegetation and soil carbon databases developed by the Woods
Hole Research Center (WHRC), Winrock International (WI),
or Intergovernmental Plan on Climate Change (IPCC) to
estimate EFs. These data sets provide highly aggregated
regional data on vegetation and soil carbon fluxes. More
recently several studies have provided more detailed data
on the vegetation and soil carbon fluxes. Zhuang et al. [16]
produced a data set on carbon fluxes at the grid cell level
using the Terrestrial Ecosystem Model (TEM) at a global
scale. This data set can be used to develop land use emission
factors at a regional level by Agro Ecological Zone (AEZ).
Plevin et al. [17] obtained a data set which measures land use
emission factors for several types of vegetation areas divided
into 19 regions by AEZ. More recently, the Argonne National
Laboratory (ANL) in collaboration with University of Illinois
at Chicago have developed a new set of EFs as well [18]. The
ANL EFs for non-US regions are based on the Woods Hole
data set. However, their EFs for US are constructed using a
different approach. Unlike other EFs the ANL EFs for the
US take into account changes in soil carbon sequestration
due to changes in land cover and tillage practices. This is an
important development, because changes in land cover could
alter carbon stock in soil. For example, producing miscanthus
could improve soil carbon sequestration and increase carbon
stock in soil. In its well-to-wheel lifecycle cycle analyses, the
ANL now calculates ILUC emissions due to biofuels based
on these new EFs in combination with the land use changes
obtained from the experiments reported in Table 3 of this
paper [19]. These four groups of EFs are analyzed in the next
section.
3.1. Woods Hole EFs. This data set divides the world into 10
aggregated regions and provides the following information
for each region:
(i) forest area by ecosystem in million hectares,
(ii) carbon in vegetation in metric tons per hectare,
(iii) carbon in soil in metric tons per hectare,
(iv) regrowing forest area in million hectares,
(v) gross carbon uptake by regrowing forests in million
metric tons carbon per year,
(vi) carbon uptake by forest area in metric tons carbon per
hectare per year.

Economics Research International
Several papers have used this data set in combination with
their assumptions on carbon fluxes to obtain regional EFs. For
example, Searchinger et al. [14] and Tyner et al. [6] assumed
that about 25% of carbon stored in natural land will be
released to the atmosphere when a natural land is converted
to cropland. Another common assumption in this area is that
a fixed portion of carbon stored in natural vegetation will be
released to the atmosphere at the time of land conversion. For
example, Tyner et al. [6] assumed that 75% of carbon stored
in the forest type vegetation and 100% percent of carbon
stored in the grassland vegetation will be released into the
atmosphere at the time of land conversion. The first three
items listed previously are used to calculate reductions in
carbon stored in soil and vegetation of natural areas of each
region. Furthermore, it is usually assumed that when a natural
vegetation area (mainly forest) is converted to cropland, it
loses its carbon sequestration capability as long as it is under
crop production. The last three items listed previously are
usually used to quantify the forgone carbon sequestration
[4, 6, 14]. Tyner et al. [6] have explained the Woods Hole
data set in detail and used a set of EFs for forest and pasture
land based on this data set assuming that the converted
natural land to cropland will remain under crop production
for 30 years (life time for biofuel production). The EFs
developed by these authors are presented in the supplementary materials (see Supplementary Materials available online
at http://dx.doi.org/10.1155/2013/315787). These EFs indicate
that converting forest to cropland releases significantly larger
CO2 emissions compared to pasture land.
3.2. California Air Resources Board (CARB) EFs. An expert
working group at CARB concluded that improvements were
needed in the Woods Hole data [20]. To reduce EF uncertainties and eliminate inherent deficiencies in EFs obtained from
Woods Hole data, the CARB has developed a new data set and
a program which provide EFs for 18 Agro Ecological Zones
(AEZ) in each region at a global scale [9]. The new CARB
data set divides the world into 19 regions presented in GTAPBIO model and includes the following sinks and sources of
GHG emissions from LUC:
(i) aboveground live biomass (trunks, branches, and
foliage),
(ii) belowground live biomass (coarse and fine roots),
(iii) dead organic matter (dead wood and litter),
(iv) soil organic matter,
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and reverse, (iv) and pasture to forest and reverse. Unlike the
EFs developed based on Woods Hole data, the CARB EFs
for converting one type of land to another type and their
reverse are not identical. For example, the EFs for converting
forest to cropland and returning croplands to forest are
not identical for the same region, AEZ. The CARB EFs are
available in several tables of the supplementary materials.
These tables indicate that the EFs vary significantly across
regions and AEZs. In addition they show that EFs of forest
to cropland > EFs of forest to pasture land > EFs of pasture
land to cropland > EFs of cropland-pasture to cropland. The
CARB EFs included here are not yet official CARB factors.
As described in Plevin et al. [17] and Yeh et al. [20] the
carbon pools used in developing the new CARB EFs factors
are taken from several databases which represent different
biophysical modeling frameworks. Since each of these models
operates based on a wide range of assumptions, it is not an
easy task to check the assumptions behind each model and the
consistency of the assumptions among biophysical models.
3.3. TEM EFs. The EFs which are developed to date have
three main components: carbon stock in soil, carbon stock in
vegetation, and forgone carbon sequestration. Zhuang et al.
[16] have generated a data set which provides data on soil and
vegetation carbon pools and Net Primary Production (NPP)
at an 0.5o × 0.5o (latitude by longitude) spatial resolution.
The TEM model, a process-based biogeochemistry model, is
used to develop this data set. These authors have developed
illustrative EFs for the US economy at AEZ level based on the
outputs of the TEM model. This section follows the approach
provided by these authors and develops a set of regional EFs
at the AEZ level using the outputs of the TEM model in
combination with assumptions on carbon fluxes. To establish
a base case, a set of TEM EFs was developed with the common
assumptions which have been used earlier in several research
studies. The base case assumptions are as follows:
(a) at the time of land conversion (either from forest of
pasture land to cropland) 25% of carbon stored in soils
will be released to the atmosphere;
(b) at the time of land conversion 75% of carbon stored
in forest vegetation (above- and underground) will be
released to the atmosphere;
(c) at the time of land conversion 100% of carbon stored
in pasture land vegetation (above- and underground)
will be released to the atmosphere;

(v) harvested wood products,

(d) forgone forest carbon sequestration is equal to 25% of
annual NPP;

(vi) Non-CO2 climate-active emissions (e.g., CH4 and
N2 O),

(e) no forgone carbon sequestration for pasture land and
cropland-pasture;

(vii) forgone sequestration.

(f) EFs for converting cropland-pasture to cropland are
50% of those for converting pasture land to cropland.

These data items are collected from the existing databases
and literature, and then in combination with a series of
detailed assumptions on carbon fluxes, the CARB new EFs
are calculated for the following main categories of land
conversions: (i) forest to cropland and reverse, (ii) pasture
to cropland and reverse, (iii) cropland-pasture to cropland

The TEM EFs under these base case assumptions are
available in the supplementary materials. Comparing these
EFs with their CARB corresponding EFs indicates that in
many cases, in particular for forest EFs, these two sources
represent relatively similar EFs. However, major differences

8

Economics Research International
Table 5: Estimated induced land use emissions due to biofuel production for alternative land use emission factors (g CO2 e MJ−1 ).

Case
(a)
(b)
(c)
(d)
(e)
(f)
(g)

Feedstock

Biofuel

Corn
Corn stover
Miscanthus
Switchgrass
Corn stover
Miscanthus
Switchgrass

Ethanol
Biogasoline
Biogasoline
Biogasoline
Ethanol
Ethanol
Ethanol

3

WH
12.9
−1.0
6.1
21.4
−1.0
5.8
20.3

Without CP-EF1
CARB4
15.1
−1
7.1
24.9
−1.4
10.1
35.5

TEM
17.0
−1.1
7.3
23.4
−1.5
10.1
33.1

5

3

WH
15.5
−1.0
18.1
43.7
−0.9
15.7
38.2

With CP-EF2
CARB4
18
−1
19.4
47.6
−1.4
25.4
63

TEM4
22.6
−1.1
25.6
57.0
−1.6
32.3
74.0

1

It is assumed that converting cropland-pasture to cropland (either for producing traditional crop or dedicated energy crops) does not cause land use emissions.
It is assumed that converting cropland-pasture to cropland (either for producing traditional crop or dedicated energy crops) causes land use emissions. 3 Based
on EFs obtained from the Woods Hole data set. 4 Based on CARB EFs. 5 Based on the TEM EFs obtained for the base case assumption.

2

can be observed, in particular, among pastureland EFs. Two
factors can explain differences between TEM and CARB
EFs. First, these EFs could be different because they use
different carbon pools. Second, CARB uses more detailed
regional assumptions on carbon fluxes compared to the
simple assumptions used for the TEM case.
3.4. ANL EFs. In developing WH, CARB, and TEM EFs it is
assumed that a portion of soil carbon stock will be released
to the atmosphere at the time deforestation due to biofuels
occurs. However, the fact that soil carbon sequestration
capability can also change due to changes in vegetation
cover is ignored in this area. Several papers have shown that
converting cropland or grassland to production of dedicated
energy crops such as miscanthus and switchgrass can increase
soil carbon content (e.g., see Anderson-Teixeira et al. [21]).
Taking this factor into account could significantly affect the
magnitude of estimates of ILUC emissions due to biofuels,
in particular for cellulosic materials. The ANL has taken into
account this important factor in developing its EFs.
The ANL EFs for non-US regions are identical to WH EFs
factors. However, to develop the US EFs a different approach
is followed. To develop EFs factor for US, two distinct carbon
sources of below- and aboveground are recognized. To assess
changes in belowground carbon stocks the CENTRURY
model originally developed at Colorado State University is
used [22]. This model calculates changes in soil carbon
sequestration when land cover is changing from one type to
another. The model distinguishes three primary soil organic
matter pools (active, slow, and passive) and traces impacts of
changes in land cover and land management practice on these
pools. The EFs for below ground carbon stock are provided
at the state level [18]. Evaluating impacts of changes in land
cover vegetation on soil carbon sequestration is an important
component of the ANL EFs which is missing in other EFs
mentioned in this paper. This is of particular importance for
producing dedicated crops which could improve soil carbon
sequestration.
To evaluate changes in above ground carbon stock the
Carbon Online Estimator (COLE) databases developed by
USDA is used [23]. This database provide information for five
types of nonsoil carbon stocks including aboveground live

tree carbon density, aboveground dead tree carbon density,
understory carbon density, forest floor carbon density, and
coarse woody debris carbon density by state. This data set
also is used to assess the above ground forgone carbon
sequestration due to biofuel production. The ANL has developed several sets of EFs for US by state for different land
management practices, alternative assumptions on soil decay
factor and soil erosion in the presence and absence of crop
yield improvement. The Carbon Calculator for Land Use
Change from Biofuels Production (CCLUB) developed by
ANL presents these EFs [18].

4. ILUC Emissions and Sensitivity Tests
In this section we first calculate ILUC emissions for the
biofuel pathways presented in Table 3 in combination with
the EFs obtained based on Woods Hole, CARB, and TEM
databases which ignore impacts of changes in soil carbon
sequestration due to changes in land cover vegetation. Then
we test the sensitivity of results obtained from the TEM EFs
with respect to changes in the base assumptions used in
derivation of these EFs. Finally, we calculate ILUC emissions
for alternative ethanol pathways presented in Table 3 in
combination with several sets of EFs developed by ANL. This
will help us to assess changes in ILUC emissions when we
take into account changes in soil carbon sequestration due
to changes in land cover vegetation.
First consider Table 5 which represents the results
obtained from the first three groups of EFs and starts with the
cases where we assume that converting cropland-pasture to
cropland (either for producing traditional crops or dedicated
energy crops) has no land use emissions (see the first three
numerical columns of Table 5).
The results indicate that the estimated ILUC emissions
vary across alternative sets of EFs and biofuels. In general,
regardless of biofuel type, the Woods Hole EFs generate the
lowest land use emissions, and the TEM EFs predict the
highest emissions. The estimated emissions obtained from
the CARB and TEM EFs generally are not very different.
Among alternative biofuels, corn stover ethanol and corn
stover biogasoline do not have land use emissions because
there is little land use change. However, any change in soil
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Table 6: Percentage changes in estimated land use emissions obtained from CARB or TEM compared to Woods Hole (%).
With CP-EF
CARB
16.1
7.2
8.9
61.8
64.9

WH
0.0
0.0
0.0
0.0
0.0

TEM
45.8
41.4
30.4
105.7
93.7

Swi. eth.

Mis. bio eth.

Sto. eth.

Swi. biogas

80
70
60
50
40
30
20
10
0
−10

Mis. biogas.

With cropland-pasture emissions

Sto. biogas.

Woods Hole
CARB
TEM base case

Swi. eth.

Mis. bioeth.

Sto. eth.

Without cropland-pasture emissions

Swi. biogas

80
70
60
50
40
30
20
10
0
−10

Mis. biogas.

carbon due to residue removal has not been considered. Miscanthus biogasoline and switchgrass ethanol have the lowest
and highest land use emissions, respectively. For example,
with the CARB EFs these fuels cause about 7.1 g CO2 e MJ−1
and 35.5 g CO2 e MJ−1 emissions. The estimated emissions
for corn ethanol are about 15.1 g CO2 e MJ−1 . Finally, the
ethanol pathway consistently has higher land use changes
and higher emissions than the thermochemical pathway. The
emissions increase is substantially higher for the CARB and
TEM emission factors because of the large proportion of the
increase that comes from forestry, and because the CARB and
TEM factors are more detailed and better able to associate the
land use changes in the actual AEZ/region from GTAP.
We now present changes in ILUC emissions if we assume
converting cropland-pasture to cropland causes land use
emissions. Indeed, in this test we adopt the CARB logic
which assumes that the EF for converting cropland-pasture
to cropland is about 50% of the EF of converting pasture
land to cropland. Adopting this assumption increases the estimates for ILUC emissions for biofuels produced from corn,
miscanthus, and switchgrass significantly (see the last three
columns of Table 5 and Figure 2). In particular, emissions due
to fuels produced from dedicated crops escalate largely due
to adopting this assumption. For example, with the CARB
EFs the estimated emissions for miscanthus biogasoline
and switchgrass ethanol increase from 7.1 g CO2 e MJ−1 and
35.5 g CO2 e MJ−1 to 19.4 CO2 e MJ−1 and 63 CO2 e MJ−1 ,
respectively. The rate for corn ethanol goes up moderately
from 15.1 g CO2 e MJ−1 to 18 g CO2 e MJ−1 .
Adopting this assumption also increases the gap between
the estimated emissions obtained from different sources
of EFs. Table 6 illustrates percentage changes in estimated
emissions obtained from the CARB and TEM EFs compared
with their WH corresponding figures for the cases with and
without cropland-pasture. This table shows that corn ethanol
emissions increase 32% using TEM and 46% if croplandpasture is included. CARB increases are about half those
levels. Biogasoline has the smallest differences among the
three EFs. Miscanthus is 20% higher with TEM and 16%
with CARB, while switchgrass is 9% higher with TEM and
16% with CARB. Inclusion of cropland-pasture substantially
increases the emissions—by 41% for miscanthus and 30%
for switchgrass. The biggest variation is for ethanol for the
same reasons as in the previous case. Without croplandpasture, emissions increase 74% and 63% for miscanthus and
switchgrass for TEM with somewhat similar levels for CARB.
With cropland-pasture, the miscanthus increase is 106% for

TEM
31.8
19.7
9.3
74.1
63.1

Sto. biogas.

Ethanol
Biogasoline
Biogasoline
Ethanol
Ethanol

Without CP-EF
CARB
17.1
16.4
16.4
74.1
74.9

Cor. eth.

Corn
Miscanthus
Switchgrass
Miscanthus
Switchgrass

WH
0.0
0.0
0.0
0.0
0.0

Cor. eth.

Biofuel

CO2 e MJ−1

(a)
(c)
(d)
(f)
(g)

Feedstock

CO2 e MJ−1

Case

Woods Hole
CARB
TEM base case

Figure 2: Induced land use emissions with and without croplandpasture emissions.

miscanthus and 94% for TEM. For CARB, the increases are
62% and 65%, respectively. Again, this is because much of the
land use change for cropland-pasture is in AEZs with higher
emission factors.
These results lead us to two important deficiencies in this
area. A common assumption is that converting croplandpasture to cropland has zero land use emission. The previous
comparison shows that the ad hoc assumption of croplandpasture having 50% of the emissions of pasture conversion
significantly changes the results, in particular for the second
generation biofuels produced from dedicated crops, which
are assumed to be grown on marginal land such as croplandpasture. Adequate and reliable data is needed to develop EFs
for cropland-pasture areas.
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Table 7: Sensitivity of TEM estimated induced land use emissions with respect to changes in assumed rates of carbon fluxes for selected
biofuel pathways.
Biofuel pathway
(a)
(c)
(d)
(f)
(g)

ILUC emissions in g CO2 e MJ−1
Base case
Test 1
Test 2
15.1
13.7
19.4
7.1
5.8
8.7
24.9
18.2
28.4
10.1
8.0
12.1
35.5
25.7
40.1

It is important to note that Table 4 shows that the CARB
and TEM emission estimates are consistently larger than
those for the WH, regardless of whether cropland-pasture
EFs are considered. This is due to the fact that the WH
database provides lower estimates for soil and vegetation
carbon pools. For example, the WH EF for converting forest
to cropland for US is about 19.6 Mg CO2 ha−1 y−1 , while the
CARB forest EFs for US by AEZ range from 15.6 to 43.3 with
a weighted average of 22.4 Mg CO2 ha−1 y−1 . This difference
can be observed in other regions and for pasture land as well.
Comparing the WH EF with TEM EFs factors provides the
same conclusion.
We now examine sensitivity of estimated ILUC emissions
with respect to changes in the common assumptions on
carbon fluxes which are used in developing all types of EFs.
For this test we stay with the assumption that croplandpasture conversion does not cause land use emissions. We
observed that under this assumption the CARB and TEM
emission factors lead to somewhat similar estimates for ILUC
emissions for every biofuel examined in this paper. Given
this fact and given that the assumptions behind the CARB
emission factors are very detailed, in this test we only examine
the sensitivity of results with respect to changes in the base
case assumptions used in construction of the TEM EFs. For
this purpose we defined the following tests.
Test 1
(i) Reduction in rate of soil carbon release from 25% to
15%.
(ii) Reduction in rate of vegetation carbon release from
75% to 65% for forest areas and 100% to 90% for
pasture areas.
(iii) Reduction in rate of forgone sequestration from 25%
to 15%.
Test 2
(i) Increase in rate of soil carbon release from 25% to
35%.
(ii) Increase in rate of vegetation carbon release from 75%
to 85% for forest area and no changes for pasture area.
(iii) Increase in rate of forgone sequestration from 25% to
35%.

Percent changes compared to base case
Base case
Test 1
Test 2
0.0
−9.3
28.5
0.0
−18.3
22.5
0.0
−26.9
14.1
0.0
−20.8
19.8
0.0
−27.6
13.0

Table 8: Induced land use emissions for ethanol pathways by
feedstock calculated with ANL and Woods Hole emissions factors
(g CO2 e MJ−1 ).
Description
Minimum
emissions with
ANL EFs
Maximum
emissions with
ANL EFs
Emissions with
WH without
CP-EF
Emissions with
WH with
CP-EF

Corn

Stover

Miscanthus

Switchgrass

3.4

−1.3

−12.3

1.3

12.3

−1.2

−3.5

16.4

12.9

−1

5.8

20.3

15.5

0.9

15.7

38.2

The ILUC emissions are calculated for each of these two
tests in combination with ILUCs reported in Table 3 for all
biofuels except for corn stover biofuels which do not generate
ILUC emissions. The results are presented in Table 7. For test
one, the reduction in emissions ranged between −9% and
−28%. For test two, the increases in emissions ranged between
13% and 29%. These figures confirm that the estimated ILUC
emissions are sensitive to changes in our assumptions on the
rates for carbon fluxes.
We now use the ANL EFs to examine impacts of changes
in soil carbon sequestration due to changes in land cover
vegetation. As mentioned earlier ANL developed several sets
of EFs for different calibration processes used to tune the
CENTURY model and under alternative assumptions on
land management practices, soil decay factor, soil erosion,
and yield improvement. Here we present the highest and
lowest calculated ILUC emissions for all possible assumptions
defined by ANL for the ethanol pathways introduced and
analyzed in this paper. Table 8 represents the results and
compares them with the calculated emissions using the WH
EFs. Figures presented in this table clearly show that the range
of estimated ILUC emissions with ANL EFs for each ethanol
pathway is very wide. For example, the range for corn ethanol
is from 3.4 g CO2 e MJ−1 to 12.3 g CO2 e MJ−1 . This table
also indicates that the upper bounds of emissions obtained
from the ANL EFs are smaller than the emissions obtained
from the WH EFs without CP-EF for all ethanol pathways.
The differences for ethanol produced from miscanthus and
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switchgrass are quite large. This is mainly because the ANL
EFs take into account changes in soil carbon sequestration
due to changes in land cover vegetation. In every case, the
ANL emission factors result in lower biofuel emissions due
to ILUC than WH, and WH is less than TEM or CARB.

5. Conclusions
Estimated biofuel ILUC emissions are uncertain not only
because their associated land use changes are uncertain, but
also because of uncertainty in the land use EFs. This paper
highlights uncertainties in EFs. To accomplish this task first
we obtained ILUCs for several biofuel pathways using an
improved version of the GTAP-BIO model which handle production and consumption of the first and second generation
biofuels. The result for corn stover is in line with the most
recent estimates for this biofuel. The results for the second
generation biofuels show that expansions in cellulosic biofuels produced from dedicated crops will mainly shift existing
cropland-pasture (which represents marginal) to production
of dedicated crops. Producing dedicated crops also causes
moderate deforestation. We showed that converting corn
stover to biofuel barely affects land use. Among cellulosic
biofuels, producing ethanol from switchgrass generates more
land use changes. The results for ILUCs provided in this
paper are subject to uncertainty. However, these base values
were then combined with four sets of emission factors to
highlight the uncertainties associated with emission factors.
We showed that the Woods Hole, CARB, TEM, and ANL
EFs are different because their sources on carbon pools are
different. In general, the Woods Hole EFs are smaller than the
CARB and TEM EFs. The CARB and TEM forest emission
factors are close in many cases, but major differences are
observed as well. The pasture land EFs of these two sources
are significantly different in many cases. In general, the TEM
EFs for pasture land are larger than their CARB corresponding figures. We showed that including changes in soil carbon
sequestration due to changes in land cover vegetation affect
the EFs significantly.
We examined the CARB assumption that converting
cropland-pasture to cropland generates land use emissions
and that the EFs for this type of land conversion are about
50% of EFs of pasture land. We observed that adopting this
assumption increases the estimated ILUC emissions obtained
from all types of EFs for biofuel pathways which induce LUCs,
in particular for the second generation of biofuels, which
mainly use dedicated crops produced on cropland-pasture
areas in the US. Finally we observed that the results are very
sensitive to the changes in the common assumptions about
the rates of carbon fluxes. We also showed that the ANL EFs
which take into account changes in soil carbon sequestration
are very sensitive to the assumptions such as soil decay, soil
erosion, land management, and yield improvement. However,
the ANL factors were uniformly lower than any of the other
factors considered in this analysis.
The three major conclusions from this emissions analysis
are (1) inclusion or exclusion of cropland-pasture makes a
huge difference; (2) changes in soil carbon sequestration due

11
to changes in land cover vegetation plays an important role;
and (3) there is wide divergence among the emission factor
sources, especially for dedicated crop conversion to ethanol.
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One of the major motivations to establish a biobased energy sector in the United States is to promote economic development in
the rural areas of the nation. This study estimated the economic impact of investing and operating a switchgrass-based ethanol
plant in East Tennessee. Applying a spatially oriented mixed-integer mathematical programming model, we first determined the
location of biorefinery, feedstock draw area, and the resources used in various feedstock supply systems by minimizing the total
plant gate cost of feedstock. Based on the model output, an input-output model was utilized to determine the total economic impact,
including direct, indirect, and induced effects of feedstock investment and annual production in the study region. Moreover, the
economic impact of ethanol plant investment and annual conversion operation was analyzed. Results suggest that the total annual
expenditures in an unprotected large round bale system generated a total $92.5 million in economic output within the 13 counties
of East Tennessee. In addition, an estimated $234 million in overall economic output was generated through the operation of the
biorefinery. This research showed that the least-cost configuration of the feedstock supply chain influenced the levels and types of
economic impact of biorefinery.

1. Introduction
The Energy Independence and Security Act of 2007 mandates
136 billion liters of biofuels to be produced annually by
the year 2022 with 61 billion liters coming from cellulosic
sources [1]. A major source of feedstock required to meet
the mandate is lignocellulosic biomass (LCB). As indicated
in two recent studies, the United States is capable of producing over a billion tons of LCB annually [2, 3]. Produced
from dedicated energy crops, crop and forest residues, and
municipal solid waste streams, LCB can play a significant
role in the production of biobased fuels, power, and products in the United States. The Roadmap for Bioenergy and
Biobased Products in the United States [4] indicates that

the development of a biobased industrial sector using LCB
feedstock in the United States can reduce dependence on
imported petroleum, add to the diversity of energy sources,
enhance energy security, improve the balance of trade, reduce
carbon emissions, increase carbon sequestration, and stimulate economic growth in rural areas. This research evaluates
the potential economic impacts of locating a switchgrass-toethanol biorefinery in rural East Tennessee, USA.
Switchgrass is a strong candidate as a dedicated energy
crop for biofuel production because it is a high yielding,
herbaceous perennial grass native to the United States [5].
As a native species, switchgrass is resistant to many diseases
and pests and is well suited to the climate and soils of
a large portion of the United States [6]. Switchgrass was
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chosen in 1991 as the model herbaceous bioenergy crop
by the US Department of Energy for the southeastern US
after years of research by the Bioenergy Feedstock Development Program at Oak Ridge National Laboratory (ORNL)
[7]. Switchgrass has reliable productivity on poorer soils,
lower demand for fertilizer than row crops such as corn,
high water use efficiency, and a high tolerance to a wide
range of environmental conditions [8]. Thus, switchgrass
production may be ideal on the marginal pasturelands and
croplands that are subject to soil erosion. These marginal
lands are commonly found in the semihumid and humid
environments of the southeastern U.S. including the State of
Tennessee.
In Tennessee, switchgrass will likely be harvested once
a year after senesce to maximize LCB yields and minimize
the removal of plant nutrients [6]. It can be harvested and
handled using conventional hay equipment but one of the
issues with this system is the relatively low density of the
feedstock when it is packaged this way. Thus, large-scale
storage space, on-farm or at satellite sites, will likely be
required to store switchgrass [9]. For example, maintaining
a one-year supply of switchgrass feedstock for a commercialscale 189,271 kl year−1 ethanol biorefinery would require a
9.75 m high stack of 1.2 m × 1.2 m × 2.4 m rectangular
bales covering more than 40 ha of land [10]. Therefore,
storage can potentially be an important factor in determining
total feedstock costs at the biorefinery plant gate. Also, the
potential for dry matter losses during storage of feedstock that
is packaged using conventional hay equipment, particularly
in the semihumid and humid climate of the southeastern U.S.,
may reduce the quantity and quality of biomass in switchgrass
and potentially increases the production costs of biofuels
[11]. Furthermore, transporting switchgrass feedstock from
the supply areas to the biorefinery is expected to generate
significant truck flows due to low feedstock density. The
low density of switchgrass feedstock and the extensive land
base requirements to grow the feedstock indicate that the
likely locations of biorefineries will be in rural areas close to
feedstock production.
The State of Tennessee committed $70 million in 2007
to establish the Tennessee Biofuels Initiative for developing a
farm-to-fuel business plan for a biofuel industry in Tennessee
[10]. More than 2,000 ha of switchgrass have been established
as part of the initiative. In addition, a pilot LCB-based ethanol
plant with a capacity of 946 kl year−1 has been operated in
East Tennessee at Vonore, TN, USA, by DuPont Cellulosic
Ethanol and Genera Energy LLC (a for profit company
formed by The University of Tennessee under the initiative)
since January 2010. Depending on market conditions and
the success of the pilot facility in Vonore, a commercial
biorefinery may be developed and switchgrass planted area
in East Tennessee would be expanded to supply the facility
[10].
In view of the importance placed on the development of
an LCB-based biofuel industry in Tennessee, this study aims
(1) to evaluate the least-cost production, harvest, storage, and
transportation activities for a potential switchgrass feedstock
supply chain for a commercial-sized biorefinery located in a
13-county East Tennessee region related to the pilot facility in
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Vonore and (2) to analyze the impacts of increased economic
activity due to feedstock supply chain and biorefinery operations on the economy of the region.

2. Literature Review
Estimating the local economic impacts of a potential biorefinery is an important step in the overall evaluation of the
economic, environmental, and social impacts of biofuels
production on a rural community [4]. Input-output (IO) analysis has been the most commonly used method
for determining changes in output, employment, and value
added from new economic activities such as biofuels production [12]. I-O analysis was first developed by Leontief
in the 1930s [12]. Several studies have used I-O analysis to
evaluate the macroeconomic effects of ethanol production
from corn, soybean, wheat, and barley for Canada and the
United States [13–16]. In addition, the potential economic
impacts of replacing a portion of fossil-based fuels in the
United States with advanced biofuels derived from multiple
feedstocks including LCB have been evaluated using I-O
analysis [3, 17]. In addition, studies evaluating the economic
impacts of biofuels production at the state-level also have
been completed (e.g., [18–20]). The aforementioned studies provided valuable insights into the potentially positive
impacts of biofuels production at the macroeconomic level
but do not give an indication of the potential local economic
impacts of an individual biofuels conversion facility.
Leistritz and Hodur [21] reviewed I-O analysis studies
at the biorefinery level in North Dakota to compare the
potential economic impacts of wheat-straw- and corn-based
ethanol biorefineries. They found that the wheat-straw-based
biorefinery had a larger overall economic impact than the
corn-based facility. This is because corn has an existing
market and the payments for wheat straw represent new
income to farmers and others in the feedstock supply chain.
Lazarus et al. [12] also using I-O analysis found that the
construction of a conversion facility in Minnesota using a
short-rotation woody crop as the feedstock had potentially
large positive economic impacts. Their result was because of
the low opportunity cost of beef cattle production that LCB
production displaced. The conversion facility did not substantially change overall employment numbers but enhanced
salaries and business tax collections resulted in a larger value
added. Bailey et al. [22] applied an I-O model to evaluate
the economic impacts of establishing a set of six biorefineries
using LCB feedstocks in Alabama and the impact of locating
a wood base conversion facility in a region with persistent
rural poverty in west Alabama. Results in the Lazarus et al.
and Bailey et al. studies suggested that the establishment of
an LCB-based biofuel industry could contribute to economic
development and job growth, especially in the logging sector
and in rural regions. Aksoy et al. [23] also evaluated the
potential economic impacts of establishing biorefinery using
four different technologies to convert woody biomass and
mill waste to liquid fuel in Alabama. They determined the
location of each type of biorefinery technology by minimizing
transportation cost of hauling feedstock to the biorefinery.
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Table 1: Definition of variables and parameters for BeSTA Model.
Variables/
parameters/
subscripts

Unit

Definition

Variables
𝐴

Ha

AH

Ha

XC

Mg

XH

Mg

XTN

Mg

NXS

Mg

XS

Mg

XTO

Mg

Numb
𝑄

Kl

Switchgrass produced annually
Switchgrass harvested monthly from
November to February
Switchgrass produced annually
Switchgrass harvested monthly from
November to February
Switchgrass transported directly to the
biorefinery after harvest from
November to February
Tons of switchgrass newly stored
monthly from November to February
Switchgrass stored monthly from
November to October
switchgrass transported from storage
to the biorefinery from March to
October
Number of equipment used in harvest
Quantity of ethanol produced in each
month

Parameters
BEP

$/ha

Γ

$/ton

Θ

$/ton

Aa

ha

𝑌
DMLstor
DMLtrans

Mg/ha
%
%

Mtb

hour/ha

Avehour

hour

Λ

kl/Mg

Breakeven price of planting
switchgrass as an alternative to
traditional crops
Storage cost per ton
Transportation cost per ton from field
to the biorefinery
Cropland available in each hexagon for
each crop
Switchgrass yield
Dry matter loss during storage
Dry matter loss during transportation
Machine time per ha for each
machinery
Available average working hours of
machinery in each month
Conversion rate of switchgrass to
ethanol

𝑀

Month

𝐼

Locations of biomass production field

𝑍

Location of the biorefinery

𝑃

Crop type
Harvest method (square baler, round
baler)
Storage protection method

𝑇

differences in economic impacts among the four biorefinery
technologies.
The aforementioned I-O analysis studies used very simple
assumptions about the structure of the feedstock supply
chain to conduct their research. These assumptions may
not be appropriate for a dedicated energy crop such as
switchgrass which may compete with both livestock and
row-crop activities. Also, those regional and state summaries
have much less robust feedstock, transport, and operational
job impacts on a million gallon of ethanol produced basis
than the present study. This research adds to the developing
literature on the economic impacts of a local biofuels conversion facility by using a spatially oriented feedstock supply
chain model to model least-cost production, harvest, storage,
and transportation activities to provide coefficients for the
I-O analysis. Factors considered in the cost minimization
analysis were available field days during harvest, large round
bale and large rectangular bale harvest and storage methods,
DM losses during storage, farm and biorefinery constraints,
available land resources in the region, opportunity costs on
converting agricultural land to switchgrass production, the
real road network, and available industrial parks in the region
for placing a conversion facility.

3. Methods and Data
3.1. Determining the Total Plant Gate Costs of Switchgrass. The
Bio-energy Site and Technology Assessment (BeSTA) model
was used to estimate where and when feedstock procurement
would occur for a biorefinery facility. BeSTA is a spatiallyoriented, mixed-integer mathematical programming model
that models LCB feedstock supply chain activities at the
biorefinery level [24]. Remote-sensing data from a geographical information system resource model, BioFLAME [25], was
used as input in the BeSTA model to determine the LCB
feedstock draw area; biorefinery location; and the monthly
harvest, delivery, and storage volume of feedstock to meet the
demand of feedstock from biorefinery at the least total plant
gate cost. Data used by BeSTA from BioFLAME included
crop yields and soil types at the subcounty level and the
real road network. The model structure is as follows (the
definitions of variables and parameters can be found in
Table 1):
Min. TLC

Subscripts

𝐵

3

= ∑ ∑ ∑ (BEP𝑖𝑝𝑏 × XC𝑖𝑝𝑏 )
𝑝

𝑖

𝑏

(production and harvest cost)
+ ∑ ∑ ∑ ∑ ∑ 𝛾𝑖𝑏𝑡 × NXS𝑚𝑖𝑝𝑏𝑡
𝑚

𝑖

𝑝

+∑ ∑𝜃𝑖𝑏 ×
𝑖

The economic impacts of the four biorefinery technologies
were then compared using I-O analysis. Their study found no

𝑏

𝑏

𝑡

(storage cost)

(∑𝑚 ∑𝑝 XTN𝑚𝑖𝑝𝑏 +∑𝑚 ∑𝑝 ∑𝑡 XTO𝑚𝑖𝑝𝑏𝑡 )
1−DMLtrans
(transportation cost)
(1)
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∑𝐴 𝑖𝑝𝑏 ≤ 𝑎𝑎𝑖𝑝 ,

s.t.

∀𝑖, 𝑝

𝑏

(2)

(acreage constraint for production)
XC𝑖𝑝𝑏 ≤ 𝑦𝑖𝑏 × 𝐴 𝑖𝑝𝑏 ,

∀𝑖, 𝑝, 𝑏

(yield constraint for production)
XH𝑚𝑖𝑝𝑏 = 0,

(3)

March ≤ 𝑚 ≤ Oct ∀𝑚, 𝑖, 𝑝, 𝑏
(constraint on harvest month)

(4)

Numb𝑚𝑏 × avehour𝑚 − ∑ ∑ (𝑚𝑡𝑏𝑖𝑏 × AH𝑚𝑖𝑝𝑏 )
𝑝

𝑖

≥ 0,

(5)

∀𝑚, 𝑏

(constraint on harvest machine working hours)
XH𝑚𝑖𝑝𝑏 −

∑𝑗 XTN𝑚𝑖𝑝𝑏
1 − DMLtrans

≥ 0,

∀𝑚, 𝑖, 𝑝, 𝑏

(6)

(harvest and direct shipment balance)
XH𝑚𝑖𝑝𝑏 − ∑ NXS𝑚𝑖𝑝𝑏𝑡 ≥ 0,

March ≤ 𝑚 ≤ Oct ∀𝑚, 𝑖, 𝑝, 𝑏

𝑡

(harvest and storage balance)
(7)
XS𝑚𝑖𝑝𝑏𝑡 −

XTO(𝑚+1)𝑖𝑝𝑏𝑡
1 − DMLtrans

≥ 0,

∀𝑚, 𝑖, 𝑝, 𝑏, 𝑡

(8)

(storage and shipment balance)
𝜆 (∑ ∑ ∑ XTN𝑚𝑖𝑝𝑏 + ∑ ∑ ∑ ∑ XTO𝑚𝑖𝑝𝑏𝑡 ) − 𝑄𝑚
𝑖

𝑝

= 0,

𝑖

𝑏

∀𝑚

𝑝

𝑏

𝑡

(ethanol production)
(9)

XS(𝑚+1)𝑖𝑝𝑏𝑡 = (1 − DML stor𝑚𝑏𝑡 ) × XS𝑚𝑖𝑝𝑏𝑡
+ NXS(𝑚+1)𝑖𝑝𝑏𝑡 , Nov ≤ 𝑚 ≤ Feb ∀𝑚, 𝑖, 𝑝, 𝑏, 𝑡
(cumulative storage balance during harvest season)
(10)
XS(𝑚+1)𝑖𝑝𝑏𝑡 = (1 − DML stor𝑚𝑏𝑡 )×XS𝑚𝑖𝑝𝑏𝑡 −

XTO(𝑚+1)𝑖𝑝𝑏𝑡
1−DML tran

,

March ≤ 𝑚 ≤ Oct ∀𝑚, 𝑖, 𝑝, 𝑏, 𝑡
(cumulative storage balance during off-harvest season) .
(11)
The objective function (1) minimizes the total plant
gate cost (TLC) including costs of production, harvest,
storage, and transport adjusted for dry matter losses at each
stage after production, subject to constraints on feedstock
production, feedstock demand, and various logistics and

harvest conditions. Production cost for switchgrass includes
the foregone net return (opportunity cost) for the crop
grown for a given land resource unit in the model. The
objective function is subject to eleven different constraint
types. Equations (2) and (3) restrict available land area and
yield for LCB feedstock production in each production area.
Equations (4) and (5) constrain the harvest month and the
harvest machine hours per month during harvest season,
respectively. Equation (6) requires feedstock delivered each
month to not exceed harvested feedstock in each month after
adjusting for transportation dry matter losses. Similarly, the
amount of feedstock put into storage should be less than
feedstock harvested each month (7). Equation (8) assures
that feedstock delivered from storage cannot exceed available
stocks in storage in each month. In addition, feedstock
delivered to the biorefinery in each month must meet the
demand for biofuel production by the biorefinery (9). Finally,
(10) and (11) maintain the balance of cumulative storage of
switchgrass after taking into account dry matter loss during
both the harvest and off-harvest seasons. All parameters and
variables in the model are nonnegative.
While numerous methods exist to harvest, store, and
transport switchgrass, two potential switchgrass feedstock
harvest and storage systems using conventional hay harvest
technologies were evaluated, (1) large square bales and (2)
large round bales, because of the availability of equipment
in study area. Transportation of large square bales is more
efficient given that the flatbed truck used to haul the material
can be loaded to higher weights [9]. However, large round
bales shed moisture better during outdoor storage, thus
reducing dry matter losses [11]. Machinery operations for the
two harvest and logistics systems are similar [9]. Switchgrass
feedstocks are assumed to be mowed, raked, and baled in each
potential supply area in the model. A portion of the harvested
feedstock is loaded onto a semitruck trailer and transported
to the biorefinery directly for biofuel production per month
during the harvest window. The remaining switchgrass bales
are stored on the edge of the field either without protection
or with the protection of plastic tarp and wooden pallets.
When the harvest season is completed, the stored bales are
hauled to the biorefinery by a semi-truck trailer for biofuel
production each month during the off-harvest season. Dry
matter loss during storage is a significant issue for those bales,
particularly large square bales. Cumulative dry matter losses
for each bale storage method were modeled using estimated
relationships from a switchgrass bale storage study [11]. This
analysis will focus on four different logistic systems.
(1) Round Top Protected—this system produces a large
round bale which is stored on the ground and protected with a tarp.
(2) Round Unprotected—this system produces a large
round bale which is stored without any protection so
storage costs, not including dry matter loss, are zero.
(3) Square Top and Bottom Protected—this system produces a large 1.2 m × 1.2 m × 2.4 m bale which is stored
on pallets and with a tarp.
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Figure 1: Potential area of feedstock production and the biorefinery in study.

(4) Square Top Unprotected—this system produces a
large 1.2 m × 1.2 m × 2.4 m bale which is stored on
pallets without a tarp.
The study area for the analysis included 13 counties in East
Tennessee (Anderson, Blount, Bradley, Cumberland, Knox,
Loudon, McMinn, Meigs, Monroe, Morgan, Polk, Rhea, and
Roane) that are within 80 km of the pilot biorefinery in
Vonore, TN, USA, Switchgrass feedstock supply areas and
the potential location of a commercial-scale biorefinery were
determined within the 13 counties using the BeSTA model.
The study region was divided into 1,144 land resource units
(13-km2 hexagons) to better calculate the distance between
switchgrass supply areas and the potential biorefinery location (Figure 1). Federal land in the 13-county region was
excluded from the potential supply area. Each hexagon was
considered as a separate supply region. Potential locations for
the new commercial-scale biorefinery included 163 industrial
park sites as represented in Figure 1. Therefore, site preparation costs and utility and water infrastructure are available to
the facility with no additional investment.
The operation of the commercial-scale biorefinery was
assumed to be year-round with an annual production capacity of 189,271 kl of ethanol year−1 [27]. Assuming a conversion
rate of 0.29 kl dry Mg−1 [26], 596,555 dry Mg year−1 of switchgrass feedstock was required to meet the biofuel production
of the biorefinery. Switchgrass was assumed to be harvested
once per year from November through February. Based on
the historical weather data, the number of dry days for harvest

operations during the four months was 53 days or a total of
325 hours of machine operation time [9].
3.2. Estimating the Economic Impacts within the Study Region
and within the State. The economic impact of changes in
economic activity resulting from the establishment of a
189,271 kl facility is estimated for the 13-county region using
2010 IMPLAN data [28]. Within the input-output framework,
each industrial sector interacts with other sectors by selling
its product/output to others and purchasing materials/inputs
from the other sectors. The interdependence among industries or sectors can be traced to evaluate the multiplying
impact of an expenditure or investment in the economy.
The overall impact can be categorized into three components: direct impacts, indirect impacts, and induced impacts.
Direct impacts result from expenditures/transactions in the
economy. Indirect impacts happen because products/services
that are purchased require inputs/services from other sectors,
and similarly those inputs/services will be linked to their
providers in the upper stream. With those multiplying transactions among various sectors, the salaries/compensation of
the household in the economy will likely be affected, hence
creating induced impacts on consumption in the economy.
In this study, two different types of impacts are traced
through the economy. The first impact is a result of the
investments required to establish the biorefinery and to
establish the perennial switchgrass feedstock draw area. The
second impact arises from annual operating transactions.
Investment impacts occur once while operating impacts
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recur annually. There are several components within each
impact type. For example, there are two primary investment
impacts: one as a result of biorefinery construction and the
other as a result of the one-time establishment of perennial switchgrass. There may be other investments outlays
required such as additional balers and trucks, but these
are not included in our investment impact analysis. In the
annual operating impact analysis, the annual maintenance of
the perennial switchgrass stand (i.e., fertilization), harvest,
storage, and transportation of switchgrass to the plant gate are
included along with biorefinery operations. The other factors
considered in the I-O analysis are (1) losses to the region
because of land use changes from growing switchgrass rather
than producing traditional agricultural commodities and (2)
changes in employment from changes in economic activity
from switchgrass and biofuels production.
For the I-O analysis, activities related to the one time
establishment of the perennial switchgrass are investment
and the annual activities related to annual switchgrass feedstock supply were determined using the BeSTA model. Biorefinery construction, an investment, and annual biorefinery
operations were from an economic engineering technical
analysis by the National Renewable Energy Lab (NREL) [29].
The accompanying economic impact was estimated using the
Tennessee Agri-Industry Model (TN-AIM) [30]. A version
of the TN-AIM model was developed to focus on the 440
industry sectors in the 13-county region based on the Impact
Analysis for Planning (IMPLAN) model and its databases
[28]. IMPLAN creates a set of economic/social accounts and
multipliers that balances market-based transactions and nonmarket financial flows based on a regional social accounting
matrix (SAM). Output from the model includes measures of
several economic indicators including total industry output,
employment, and value-added in the Tennessee economy.
Total industry output represents the value of production
by industry per year, while total value-added covers the
income to workers from employers, self-employed income;
interest, rent, royalties, dividends, and profits; and excise
and sales taxes paid by individuals to business. For each
of those economic indicators, an SAM multiplier, generated
by dividing the overall impact (direct + indirect + induced
impacts) by the direct impact, was used to represent the
extension of the direct impact on the economy.
The NREL technical report [29] was used as a guide
to estimate the economic impacts of the 189,271 kl year−1
LCB ethanol facility. The report has detailed engineering
economics for both capital investment and annual operating
costs in 2007$ for a 303,969 kl year−1 nameplate LCB ethanol
facility. Based on a capacity factor of 76%, annual ethanol
production is 231,016 kl year−1 . To derive the engineering
economic expenditure information for the 189,271 kl year−1
facility used in this analysis, expenditures were scaled by
0.82. Detailed equipment expenditures for the main process
areas to operate the facility (i.e., feed handling; pretreatment
and conditioning; enzymatic hydrolysis and fermentation;
cellulose enzyme production; product recovery; wastewater
treatment; storage; combustor, boiler, and turbogenerator;
and utilities) were assigned to the appropriate industries in
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IMPLAN. Based on scaling methodology used and inflating
2007 expenditures to 2010, the year of the most recent
data available in IMPLAN, total capital expenditures were
estimated at $391.0 million. For construction, industries with
expenditures not in the 13-county study area are metal can,
box, and other metal container (light gauge) manufacturing
(this is for hoppers and bins); turbines and turbine generator
set units manufacturing; and air and gas compressor manufacturing. Combined, this totals $17 million in leakage from
the region. (Leakages to the local economy that occurred
in the analysis were defined by regional purchase coefficients. No adjustments were made to the regional purchase
coefficients in the 13-county I-O analysis. However, there
were several industries that do not exist within the 13county region from which purchases were made in the IO analysis. For those imports, an impact was not recorded.
In the construction phase, work crews may be “imported”
into the region to build a facility with their corresponding
income spending occurring in their home region. This would
be considered a leakage that is not accounted for in the analysis.) Likewise, for operating, they are phosphatic fertilizer
manufacturing; lime and gypsum product manufacturing;
metal can, box, and other metal container (light gauge)
manufacturing, and turbines and turbine generator set units
manufacturing. Combined, this totals to over $7 million
for operating (leakage). The 13-county region was directly
impacted by these values (roughly 20 events for construction
and 15 events for operating in the IMPLAN model).
Annual operating impact expenditures were derived in a
similar manner. Boiler chemicals, cooling tower chemicals,
make-up water, lime, sulfuric acid, ammonia, and other
chemicals necessary for producing ethanol annually were
all assigned to the appropriate IMPLAN industries. These
values summed to $31.5 million and do not include feedstock
or transportation costs. To capture the annual operating
impacts, two new industries were created in the 13-county
IMPLAN model. One industry was created for converting
the ethanol and another was created for the production of
switchgrass, the feedstock used to produce ethanol. Next,
new production function industry information was created
for the two new industries created. Other adjustments, where
appropriate, included commodity byproduct production for
the ethanol conversion facility and trade flow adjustments.
Finally, these two new industries were impacted by each
of their respective total industry outputs. The estimates for
switchgrass establishment, construction of the biorefinery,
annually operating the biorefinery, and the maintenance,
and harvest of switchgrass are presented in Tables 2 and 3.
Switchgrass production, harvest, storage, and transportation
costs are derived from UT Extension budgets [31] and Larson
et al. [9]. The production costs of other crops were from
The Policy Analysis System (POLYSYS) agricultural policy
simulation model and indexed to 2010 dollars [3].

4. Results
4.1. Economic Analysis of the Harvest/Storage Systems. For
the 13-county study area, the BeSTA model determined
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Table 2: Cost of switchgrass and the assigned IMPLAN sector affected.
IMPLAN
IMPLAN sector description
sector

Input category

Description

Unit

Quantity

Price

Total

lb
lb
lb

6
40
80

$8.00
$0.80
$0.75

$48.00
$32.00
$60.00

qt

1

$7.87

$7.87

qt

1.5

$7.87

$11.81

pt

2

$2.50

$5.00

Acre

1

$8.00

$8.00

Acre

1

$8.00

$8.00

Acre

1

$8.07

$8.07

Acre

1

$11.31

$11.31

Acre

$152.05

8.00%

$6.08

Acre

1

$8.70

$8.70

Acre

1

$6.09

$6.09

Hr

0.68

$9.75

$6.63

Establishment
10
19
19
131
131
131
131
131
417
326
354
368
354
19

19
19
19
203
131
131
417
326
354
368
354
19

All other crop farming
Seed
Pure live seed
Fertilizer manufacturing
Fertilizer
P2 O5
Fertilizer manufacturing
Fertilizer
K2 O
Pesticide and other agricultural chemical
Weed control
Glyphosate
manufacturing
Pesticide and other agricultural chemical
Weed control
Glyphosate
manufacturing
Pesticide and other agricultural chemical
Weed control
Broadleaf herbicide
manufacturing
Pesticide and other agricultural chemical
Weed control
Grass herbicide
manufacturing
Pesticide and other agricultural chemical
Weed control
Grass herbicide
manufacturing
Commercial and industrial machinery
Machinery
and equipment repair and maintenance
repair
Retail stores, gasoline stations
Machinery fuel Diesel at $2.50/gallon
Monetary authorities and depository
Operating
6 months
credit intermediation
capital
Accounting, tax preparation,
Machinery
Depreciation
bookkeeping, and payroll services
expenses
Monetary authorities and depository
Interest expense Machinery and equip
credit intermediation
Support activities for agriculture and
Labor
Labor
forestry
Annual Production Cost (years 2−10)
Fertilizer manufacturing
Fertilizer manufacturing
Fertilizer manufacturing
Farm machinery and equipment
manufacturing
Pesticide and other agricultural chemical
manufacturing
Pesticide and other agricultural chemical
manufacturing
Commercial and industrial machinery
and equipment repair and maintenance
Retail stores, gasoline stations
Monetary authorities and depository
credit intermediation
Accounting, tax preparation,
bookkeeping, and payroll services
Monetary authorities and depository
credit intermediation
Support activities for agriculture and
forestry

Fertilizer
Fertilizer
Fertilizer

Nitrogen
P2 O5
K2 O

lb
lb
lb

60
40
80

$0.76
$0.80
$0.75

$45.60
$32.00
$60.00

Triple tie

Twine, 1500 lb. bale

Bale

5.9

$1.75

$10.33

Weed control

Broadleaf herbicide

pt

2

$2.50

$5.00

Weed control

Grass herbicide

Acre

1

$8.00

$8.00

Acre

1

$30.51

$30.51

Diesel at $2.50/gallon Acre

1

$42.56

$42.56

Machinery
repair
Machinery fuel
Operating
capital
Machinery
expenses

6 months

Acre

233.99

8.00%

$9.36

Depreciation

Acre

1

$34.21

$34.21

Interest expense Machinery and equip Acre

1

$18.12

$18.12

2.54

$9.75

$24.77

Labor

Labor

Hr

Source: [26].

the optimal biorefinery location that minimized feedstock
cost given other siting criteria (Figures 2 and 3). The same
industrial park site was chosen for all four bale harvest and
storage systems and was near Interstate 75 in northwest
Monroe County. Switchgrass feedstock was supplied from

all 13 counties in the study area although the major supply
areas were located in the southeast portion of the study
region. The feedstock draw area extends primarily along the
Interstate 75 corridor. Density of switchgrass production in
some land resource units in the study region as indicated
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Table 3: Investment and annual operating transactions of biorefinery indexed to 2010 using IMPLAN inflators and the assigned IMPLAN
sector.
IMPLAN sector

36
125
186
188
189
190
207
213
214
215
216
222
226
227
228
230
355
357
360
369
19
33
44
123
125
126
130
164
326
338
357
390
414
417
22
36
125
186

IMPLAN sector description
Investment
Construction of other new nonresidential structures (dome reclaim system,
concrete feedstock storage dome, anaerobic basin, warehouse, site
development, piping, field expenses)
All other basic inorganic chemical manufacturing (amine addition, ammonia
addition, phosphate addition packages)
Plate work and fabricated structural product manufacturing (biogas
emergency flare)
Power boiler and heat exchange manufacturing (condensors, reactors,
reboilers, boilers)
Metal tank (heavy gauge) manufacturing
Metal can, box, and other metal container (light gauge) manufacturing
(hoppers and bins)
Other industrial machinery manufacturing
Other commercial and service industry machinery manufacturing
Air purification and ventilation equipment manufacturing
Heating equipment (except warm air furnaces) manufacturing
Air conditioning, refrigeration, and warm air heating equipment
manufacturing
Turbines and turbine generator set units manufacturing
Pump and pumping equipment manufacturing
Air and gas compressor manufacturing
Material handling equipment manufacturing
Other general purpose machinery manufacturing
Nondepository credit intermediation and related activities
Insurance carriers (prorateable expenses)
Real estate establishments (land)
Architectural, engineering, and related services
Annual operating
Support activities for agriculture/forestry
Water, sewage, and other systems
Wet corn milling
Alkalies and chlorine manufacturing
Other basic inorganic chemical manufacturing
Other basic organic chemical manufacturing
Phosphatic fertilizer manufacturing
Lime and gypsum product manufacturing
Retail stores/gasoline stations
Support activities for transportation
Insurance carriers
Waste management and remediation services
Auto repair/maintenance
Commercial machinery repair and maintenance
Feedstock costs (old mining iron ore)
Construction of other new nonresidential structures (dome reclaim system,
concrete feedstock storage dome, anaerobic basin)
All other basic inorganic chemical manufacturing (amine addition, ammonia
addition, phosphate addition packages)
Plate work and fabricated structural product manufacturing (biogas
emergency flare)

2010 transactions

$69,179,498
$76,148
$28,280
$67,623,532
$49,732,808
$858,111
$17,424,215
$2,202,215
$7,661,006
$866,448
$2,358,524
$15,556,781
$2,413,742
$625,322
$15,031,399
$12,654,888
$37,264,976
$22,332,735
$1,538,934
$65,598,577
$1,092,872
$297,781
$9,403,026
$3,035,231
$1,769,796
$1,451,208
$4,294,044
$1,248,137
$5,599,311
$4,512,713
$4,109,223
$1,339,402
$1,488,424
$4,578,444
$35,520,675
$3,458,975
$7,615
$2,828
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Table 3: Continued.

IMPLAN sector
188
189
190
207
213
214
215
216
222
226
227
228
230
31

IMPLAN sector description
Power boiler and heat exchange manufacturing (condensors, reactors,
reboilers, boilers)
Metal tank (heavy gauge) manufacturing
Metal can, box, and other metal container (light gauge) manufacturing
(hoppers and bins)
Other industrial machinery manufacturing
Other commercial and service industry machinery manufacturing
Air purification and ventilation equipment manufacturing
Heating equipment (except warm air furnaces) manufacturing
Air conditioning, refrigeration, and warm air heating equipment
manufacturing
Turbines and turbine generator set units manufacturing
Pump and pumping equipment manufacturing
Air and gas compressor manufacturing
Material handling equipment manufacturing
Other general purpose machinery manufacturing
Electricity and distribution services (coproduct)

2010 transactions
$6,762,353
$4,973,281
$85,812
$1,742,422
$220,222
$766,100
$86,645
$235,853
$1,555,678
$241,375
$62,532
$1,503,140
$1,265,489
$5,621,637

Source: adapted from [25].

by the darker green colors in Figures 1 and 2 was higher
than in other land resource units. The opportunity cost of
converting pasture/hay production to switchgrass production
was the least among all crops in the model. Thus, available
pasture/hay lands and switchgrass biomass yield ha−1 in each
land resource unit determined the density of switchgrass produced in that spatial unit. To meet annual feedstock demand
of the biorefinery, a portion of switchgrass production was
harvested and delivered to the biorefinery in each of the four
harvest months. Remaining production was harvested and
placed in storage for delivery to the biorefinery from March
through October.
Switchgrass was planted on over 29,000 ha under each
bale harvest and storage system scenario (Table 4). For each
system, pasture/hay production was the primary land use
before being converted to switchgrass production. For all
four bale harvest and storage systems, 96% of total area
in switchgrass production was previously in pasture/hay
production. The remainder of land converted to switchgrass
production was previously in wheat (3%), soybean (0.7%),
and corn (0.4%) production. Reduced pasture/hay production represents a loss to the economy as input purchases
to produce this activity on these lands are impacted in
the analysis. The reduction in pasture/hay production was
modeled as a loss of rental payments.
The total plant gate cost for supplying 596,838 dry Mg of
switchgrass to the biorefinery was estimated to be about $46.2
million for the Square Top and Bottom Protected system and
$48.2 million for the Round Unprotected system assuming
that the biorefinery will produce 189,271 kl year−1 . Harvest
cost accounted for 53% to 54% of the total costs in the round
bale systems and 49% to 60% in the square bale systems.
For the square baling systems, a large difference in planted
area was found and ranged from 32,297 ha for the Square

Top and Bottom Protected system to 39,465 ha for the Square
Top Unprotected system. This result illustrates the impact
of storage dry matter losses on feedstock and the need to
protect large square bales during storage. Transportation cost
accounted for about 26% and 20% of total plant gate costs for
the round and square bale systems, respectively.
Comparing the costs of each component in those two
systems, the square bale system with protection during
storage had lower plant gate costs than the round bale system
but had higher production and storage costs. The square
bale system required more switchgrass area (811 ha) than
the round bale system to meet the demand because dry
matter losses during storage for square bales were larger than
for round bales. However, the advantage of lower harvest
and transportation costs for square bales when compared
with round bales outweighed the additional production
cost. However, round balers are commonly used for beef
production in the study region where pasture/hay production
is the dominate land activity. Thus, an additional investment
would need to be made in square balers with switchgrass
production. Because of the weight difference between square
bales (608 kg bale−1 ) and round bales (336 kg bale−1 ) and that
trucks loaded with square bales were closer to the allowable
axle weight when compared to the round bale system, less
trips to the biorefinery for square bales were required. This
lowered transportation costs in the square bale system.
4.2. Economic Impacts to the Region. The estimated annual
economic impact of the expenditures associated with switchgrass production, harvest, storage, transportation, and conversion to ethanol was estimated to be $301.6 million for
the Round Unprotected system (Table 5). Economic impacts
for the conversion facility are determined by Annual Operating Total + Switchgrass Production Annual Operating
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Figure 2: Feedstock draw area under large round bale system.

Total − Cropland Converted Total = Total Impact, that is,
$233,984,335 + $92,539,435 − $24,877,032 = $301,641,738
using the numbers from Table 5. The NREL technology
modeled requires glucose for enzyme production, and it is
a significant expense for the biorefinery and has a large
employment multiplier of 11 in the region. Glucose may be
derived from the corn syrup manufacturer located in the
region.
Other industries with an employment multiplier greater
than four include fluid milk and butter manufacturing; animal (except poultry) slaughtering, rendering, and processing;
flour milling and malt manufacturing; pesticide and other
agricultural chemical manufacturing; federal electric utilities; sound recording industries; pharmaceutical preparation
manufacturing; and alkalies and chlorine manufacturing. For
this system, an estimated 673 jobs would be directly created
and 1,557 jobs annually in the economy when the indirect
and induced impacts were also considered. Operation of
the biorefinery requires an estimated 60 jobs and assuming

an ethanol price of $0.917 l−1 produced nearly $170 million
in revenue (direct). Purchases of inputs required including transportation were estimated to add $233.9 million
of economic output to the region’s economy. Switchgrass
production, harvest, and storage activities added 927 jobs
directly and 1,442 jobs within the region. However, changes in
land use from switchgrass production resulted in a loss of 417
jobs linked to agriculture so the net increase in agricultural
jobs was 1,025 with a net increase in economic output of $68
million for the Round Unprotected system. Labor income was
estimated to increase in the region by over $44.4 million and
Gross Domestic Product (GDP) or valueadded increased by
close to $130 million for the region annually.
By comparison, an overall impact of $302.0 million was
projected for the Square Top and Bottom Protected system.
For this system, an estimated 698 jobs would be created
directly and 1,584 jobs annually in the economy when indirect
and induced impacts were also considered. As for the Round
Unprotected system, biorefinery operations were not affected
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Figure 3: Feedstock draw area under large square bale system.

by the choice of feedstock delivery system and produced an
estimated 60 jobs and nearly $170 million in revenue (direct).
Purchases of inputs required including transportation were
estimated to add $230.1 million of economic output to the
region’s economy. The production, harvest, and storage of
feedstock added 951 jobs directly and 1,521 jobs within the
region. However, land use changes resulted in a loss of 425
jobs linked to agriculture, so the net increase in agricultural
and transportation jobs was 1,096 with a net increase in
economic activity of $72 million for the Square Top and
Bottom Protected system. Labor income was estimated to
increase in the region by over $44.8 million and increase GDP
or value added by over $131.6 million annually.
As with the estimated annual economic impacts, the
investment impacts for the 13-county area were similar for
the different bale harvest and storage systems. The largest
investment impact was for the construction of the biorefinery.
For the large round bale system, total industry output from
direct expenditures of $390.5 million ($15.9 million for the

establishment of switchgrass and $374.6 million for the
construction of the biorefinery) financed nearly 2,500 jobs
in the farming, trucking, and trucking support industries
and created $187.1 million in direct total value added. These
transactions stimulated the input supplying industries by
$131.4 million (indirect impacts) and increased impacts from
expenditures from households by $164.7 million (induced
impacts). The overall economic impact of investments made
on the development of a biorefinery in East Tennessee was
estimated at more than $686 million. The estimated total
number of jobs supported from the all those activities was
nearly 5,000. The one-time investment created addition to
GDP of $360 million with $244 million of that going to labor
income.

5. Conclusions
Evaluating the economic impacts of a potential biorefinery is
a key step in the assessment of the economic, environmental,
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Table 4: Total delivered feedstock cost for alternative harvest/storage systems.

Item and units

Round: bottom
unprotected

Harvest/Storage System
Square: top and
Round: unprotected
bottom protected

Square: top
unprotected

Productiona ($)
Harvest ($)
Storage ($)
Transportation ($)

$8,674,911
$25,638,978
$1,849,872
$12,640,953

$8,979,650
$26,541,025
$0
$12,693,320

$9,210,098
$23,898,454
$3,322,649
$9,825,740

$11,247,618
$29,187,083
$2,462,736
$10,102,615

Total ($)

$48,804,714

$48,213,995

$46,256,941

$53,000,052

$78.52
$81.77

$74.93
$80.78

$70.11
$77.50

$65.81
$88.80

29,084
121
227
982

30,150
121
231
983

30,938
121
255
983

38,078
121
261
1,004

Cost/dry ton produced ($/Mt)
Cost/dry ton delivered ($/Mt)
Cropland converted
Hay (hectares)
Corn (hectares)
Soybeans (hectares)
Wheat (Hectares)
Total (hectares)
Total tonnage produced (Mt)

30,414

31,486

32,297

39,465

621,550

643,387

659,862

805,439

a

Production cost also includes amortized establishment of $130.83/hectare. This portion of production cost is allocated to feedstock investment in economic
impact analysis.

and social impacts of LCB-based biofuels production on a
rural community. The optimal harvest and logistics system
for moving LCB feedstock from the field to the biorefinery has been recognized as one crucial component to the
development of a sustainable LCB-based biofuel industry.
In this study, minimum plant-gate costs were evaluated
for two conventional hay harvest technologies and four
alternative methods of storage. A spatially-oriented, mixedinteger mathematical programming model was used to evaluate the alternative harvest and storage systems for a 13county region in East Tennessee. The economic impacts of
establishing a biorefinery with an annual production capacity
of 189,271 kl of ethanol for the optimal alternative harvest and
storage systems were evaluated using input-output analysis.
Costs generated from the production, harvest, storage, and
transportation of switchgrass plus an opportunity cost equal
to the net profit generated from traditional cropping systems
were considered in the analysis. Incorporated in those costs
were dry matter losses based on storage method and the
costs of monthly truck flows from the supply areas to the
biorefinery on the regional road network. A minimum cost
solution was determined and biorefinery located for each bale
harvest and storage alternative.
The feedstock supply area and the location of a potential
commercial-scale biorefinery in a 13-county region in East
Tennessee was identified by the mathematical programming
model as along Interstate 75 in northwest of Monroe County
under all feedstock harvest and logistics systems evaluated.
The accompanying economic impact of the expenditure on
the entire system from field to plant processing was estimated
through an input-output analysis covering more than 400
industries in study region. For the unprotected large round
bale system, the total annual expenditures of $48.3 million

were expected to generate a total $92.5 million in economic
output within the 13 counties of East Tennessee. Moreover, an
estimated $234 million in overall economic activity impact
was generated through the operation of the biorefinery. The
configuration of the feedstock supply systems influenced
the levels and types of economic impact of the biorefinery
although differences in total economic impact generated
between the large round and square bale systems were not
substantial.
Land use change occurred with over 30,000 hectares
of switchgrass being planted primarily on pasture/hay land.
The impact of the projected land use change losses could
be larger or smaller than estimated. Pasture/hay land is
used by dairies and cow-calf operations in the region. Dairy
production in this region is on the decline and the pastures
for the most part are not intensively managed. Therefore,
opportunities exist to more intensively manage the remaining
pastures, maintain herd size, and increase input purchases
for those pastures. These productivity and potential animal
practice modifications are not incorporated in the analysis.
The estimated impact of the decrease in crop and hay acreage
is a loss of 417 jobs and a decrease in total industry output of
nearly $25 million. These losses are more than offset by gains
in switchgrass production.
Additional jobs were created in the region. An estimated
1,025 to 1,096 jobs (many are seasonal) were added in agricultural activities. In addition, operation of the biorefinery was
expected to increase 60 jobs directly, 324 jobs indirectly, while
another 148 were stimulated through increased household
expenditures. The indirect jobs would occur as a result
of increased input requirements and the delivery of those
inputs to the facility. Retail stores, gasoline stations; commercial and industrial machinery and equipment repair and
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Table 5: Economic impacts of investing and operating a switchgrass-based ethanol refinery by harvest system.
Round bale, unprotected

Type of investment
and impact type

Jobs Labor income
Conversion facility investment
Direct
2,244
$134,087,241
Indirect
983
$46,442,213
Induced
1,408
$51,375,476

Value added

Square bale, top and bottom protected
Output

Jobs

Labor income

Value added

Output

$176,901,786
$71,269,620
$94,547,910

$374,613,302 2,244
$127,950,178 983
$156,267,010 1,408

$134,087,241
$46,442,213
$51,375,476

$176,901,786
$71,269,620
$94,547,910

$374,613,302
$127,950,178
$156,267,010

$231,904,930

$342,719,316

$658,830,490 4,635

$231,904,930

$342,719,316

$658,830,490

$8,589,478
$1,089,602
$2,765,003

$10,207,536
$1,755,764
$5,091,323

$15,854,564
$3,443,035
$8,411,910

258
24
78

$8,835,025
$1,116,248
$2,842,820

$10,494,030
$1,801,257
$5,234,625

$16,256,868
$3,530,278
$8,648,658

Total
351
$12,444,083
Conversion facility annual operating
Direct
60
$4,150,897
Indirect
324
$14,806,660
Induced
148
$5,397,277

$17,054,623

$27,709,509

361

$12,794,093

$17,529,912

$28,435,804

$67,201,544
$22,271,726
$9,938,523

$169,912,135
$47,650,262
$16,421,938

60
289
139

$4,150,897
$13,600,361
$5,052,759

$69,158,596
$20,505,583
$9,303,923

$169,912,135
$44,775,299
$15,373,700

Total
532
$24,354,834
Switchgrass production annual operating
Direct
927
$7,229,864
Indirect
361
$12,560,785
Induced
154
$5,623,153

$99,411,793

$233,984,335

488

$22,804,017

$98,968,102

$230,061,134

$12,819,955
$17,416,003
$10,351,628

$48,340,630
$27,091,319
$17,107,486

951
402
168

$7,416,086
$14,125,332
$6,117,413

$13,149,472
$19,199,758
$11,260,785

$49,580,673
$29,663,678
$18,610,907

Total
Cropland converted
Direct
Indirect
Induced

Total
4,635
Switchgrass establishment
Direct
251
Indirect
24
Induced
76

Total

1,442

$25,413,802

$40,587,586

$92,539,435

1,521

$27,658,831

$43,610,015

$97,855,258

(314)
(71)
(33)

−$1,733,939
−$2,435,781
−$1,186,188

−$3,970,936
−$4,405,345
−$2,183,805

−$13,764,754 (313)
−$7,503,559 (78)
−$3,608,719 (34)

−$1,717,907
−$2,662,111
−$1,248,487

−$3,938,061
−$4,698,499
−$2,298,195

−$14,116,522
−$7,960,489
−$3,797,822

(417)

−$5,355,908

−$10,560,086 −$24,877,032 (425)

−$5,628,505

−$10,934,755

−$25,874,833

maintenance; construction of other new nonresidential structures, automotive repair and maintenance, except car washes;
food services and drinking places; scenic and sightseeing
transportation and support activities for transportation; real
estate establishments; support activities for agriculture and
forestry, and the wholesale trade businesses were the largest
sectors impacted in either analysis as a result of operations in
the biorefinery.
One-time investment impacts would also occur to the
region. These impacts would likely be spread over several
years as the facility was constructed and fields of switchgrass
were planted. These impacts totaled nearly $690 million
in added economic activity from an investment of $390
million. Jobs added to the economy during the time frame
of investment would total nearly 5,000.
There are limitations to this analysis. First, cost estimates
used to model the cellulosic ethanol facility will likely change
as the industry develops. Second, the total net effect of
the ethanol facility on the 13-region economy is difficult to
capture. For example, employee movement from one industry
to another is difficult to model. In addition, this facility
may purchase inputs outside the region in larger proportions
than modeled. Also, the transfer of engineering economic
expenditures of the facility and corresponding switchgrass

budgets into IMPLAN is subjective and alternative industry
assignments would yield somewhat different estimates.
For future research, the modeling approach used in this
paper can be extended to evaluate other harvest and logistics
systems that may increase hauling efficiency and lower plant
gate costs. The impacts of moving and utilizing the output
of the plant could also be incorporated into the analysis.
Alternative size plants and their impacts on the region might
also be evaluated. Finally, this analytical framework can be
applied to other energy crops or feedstock in different regions
to evaluate the economic impact of the feedstock flows
resulting from the emerging cellulosic bioenergy industry.
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