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Abstract
The US has the ambitious goal of producing 60 billion liters of cellulosic biofuel
by 2022. Researchers and US Federal Agencies have identified switchgrass (Panicum
virgatum L.) as a potential feedstock for next generation biofuels to help meet this goal
because of its excellent agronomic and environmental characteristics. With national
policy supporting the development of a switchgrass to bioenergy industry two key
questions arise: 1) Under what economic and political conditions will switchgrass enter
the landscape? 2) Where on the landscape will switchgrass be cultivated given varying
economic and political conditions? The goal of this dissertation is to answer these
questions by analyzing the adoption of switchgrass across the upper Midwestern US at a
high spatial resolution (30m) under varying economic conditions. In the first chapter, I
model switchgrass yields at a high resolution and find considerable variability in
switchgrass yields across space, scale, time, and nitrogen management. Then in the
second chapter, I use the spatial results from chapter one to challenge the assumption that
low-input (unmanaged) switchgrass systems cannot compete economically with highinput (managed) switchgrass systems. Finally, in the third chapter, I evaluate the
economic and land quality conditions required for switchgrass to be competitive with a
corn/soy rotation. I find that switchgrass can displace low-yielding corn/soy on
environmentally sensitive land but, to be competitive, it requires economic support
through payments for ecosystem services equal to $360 ha-1. With a total expenditure of
$4.3 billion annually for ecosystem services, switchgrass could displace corn/soy on 12.2
million hectares of environmentally sensitive land and increase ethanol production above
that from the existing corn by 20 billion liters. Thus, ecosystem services can be an
effective means of meeting both bioenergy and environmental goals. Taking the three
chapters in aggregate it is apparent that switchgrass faces many challenges before it will
be adopted on the landscape and it is unlikely it will be adopted under traditional market
pricing. However, switchgrass does have considerable potential to help meet the US’s
bioenergy and environmental goals through new mechanisms, such as payments for
ecosystem services potentially coupled with low-input management systems.
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Introduction
The US has the ambitious goal of producing 60 billion liters of cellulosic biofuel
by 2022 (EISA, 2007). Perennial grasslands have received a lot of attention from US
Federal Agencies as potential sources of cellulose for next generation biofuel production
that could significantly contribute to meeting this goal (Keeler et al., 2013). Switchgrass
(Panicum virgatum L.) in particular has risen to the forefront as a potential bioenergy
crop because of its excellent agronomic and environmental characteristics (Lee et al.,
2014). Federal conservation management programs have planted switchgrass for
windbreaks, buffers, wildlife habitat, and filter strips across the Great Plains since 1936
(Mitchell et al., 2012), and switchgrass is recognized for providing a wide array of
ecosystem services including: supporting biodiversity, water filtration, nutrient retention,
and carbon sequestration (Graham et al., 1996; Lant et al., 2005; Tilman et al., 2006;
Tilman et al., 2009; Werling et al., 2014a; Wiens et al., 2011a). More recently
switchgrass has gained attention because of its potential as a high yielding biomass crop
that can be cultivated on marginal land (McLaughlin & Adams Kszos, 2005).
With national policy supporting the development of a switchgrass to bioenergy
industry two key questions arise: 1) Under what economic and political conditions will
switchgrass enter the landscape? 2) Where on the landscape will switchgrass be
cultivated given varying economic and political conditions? These two questions are
intimately related because different economic and political conditions will change where
and how switchgrass is grown. Furthermore, answering these two questions will aid in
assessing switchgrass’s resource potential and its impact on the environment. Location
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and management practices are particularly influential for environmental variables that
occur at a high spatial resolution, such as land change, soil erosion, nutrient run-off, and
biodiversity. Thus, understanding where and how switchgrass will be grown at a high
resolution across a wide spatial extent is critically important in assessing possible
pathways of sustainable development for this new and growing industry.
Several studies have been conducted to assess where switchgrass will be grown,
its resource potential, and its potential impacts on the environment (EPA, 2010; Gelfand
et al., 2013; US DOE, 2011; USDA, 2010; Williams et al., 2009). These studies,
however, provide a wide range of conclusions, ignore spatially dependent impacts, or are
limited in geographic scope. For instance, the EPA, USDA, and DOE, each conducted an
independent study to assess switchgrass’s resource potential for ethanol production and
reached widely varying estimates, ranging from 11 to 30 billion liters of ethanol (Keeler
et al., 2013). There were also considerable discrepancies in their estimates for the spatial
distribution of switchgrass across the county. The USDA reported high production in
North Central states, such as Minnesota and North Dakota, while the EPA and DOE
centered production in the South Central states, such as Missouri and Texas (Keeler et al.,
2013). Furthermore, the studies that have attempted to assess the environmental impacts
of a future switchgrass to bioenergy industry over a wide geographic area often ignore the
high resolution impacts, such as soil erosion and nutrient runoff. The studies that do
assess the spatially dependent impacts use computationally intensive biophysical process
models and as a result are very limited in geographic scope, spanning at best a few
counties (Zhang et al., 2010).
The goal of this dissertation is to articulate potential pathways for the adoption of

3
switchgrass for bioenergy across the upper Midwestern US at a high resolution (30m). I
do this in three chapters that are written as stand-alone papers but are highly
interconnected and provide broader insight when examined as a whole. The three
chapters advance the current literature by expanding the existing work on modeling
switchgrass yields across space at a high resolution, by assessing the competitiveness of
low-nitrogen management for switchgrass, and evaluating switchgrass’s economic
competitiveness with a corn/soy rotation under varying economic conditions.
In the first chapter, I model switchgrass yields under low and high nitrogen
fertilization regimes, across a wide geographic domain, and on land of highly varying soil
quality. To date, spatially explicit resource assessments of switchgrass’s bioenergy
potential only consider switchgrass yields under high nitrogen input and often ignore subcounty yield variation. In this chapter, I use the Agricultural Land Management and
Numerical Assessment Criteria (ALMANAC) model to examine yield variability in
upland switchgrass yields under a range nitrogen fertilization rates of 25, 50, 100, and
150 kgN ha-1, at high resolution (30m) across six states in the upper Midwestern US. My
results show that the yield response to nitrogen is highly spatially dependent, both over a
broad geographic area and at the sub-county level. For example, Warren County in
southern Iowa, has a mean county yield of 8.7 Mg ha-1, a range of 6–14 Mg ha-1, and σ of
1.9 Mg ha-1. By showing the variation in yield across space, scale, and management, this
chapter emphasizes the risks associated with generalized statements about switchgrass
management and potential yield or economic performance across wide geographic space.
The maps and methods in this paper provide the foundation for the remaining chapters
that assess the economic feasibility and environmental sustainability of switchgrass for
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bioenergy production.
In the second chapter, I analyze two systems of biomass production: 1) harvesting
biomass from unmanaged low-input systems (e.g. biomass harvested from Conservation
Reserve Program lands), 2) and from highly managed high-input systems. An untested
but common assumption is that low-input systems may provide higher environmental
benefits but will not be economically competitive with high-input high yielding systems.
I test this assumption by creating spatially explicit economic comparisons between
unmanaged switchgrass and highly managed switchgrass across the upper Midwestern
US. I create three economic scenarios, an unmanaged scenario (Unmanaged) with no
agronomic inputs in the operation stage, and two managed scenarios, Low Cost and High
Cost, that capture the low and high range of costs in highly-managed switchgrass
systems. I use the Agricultural Land Management and Numerical Assessment
(ALMANAC) model to model yields across the domain under 0 kgN ha-1 and 100 kgN
ha-1 for the unmanaged and managed systems, respectively.
I find that contrary to initial assumptions, the Unmanaged scenario is
economically competitive with the highly managed systems. I find that the Unmanaged
scenario is the only economically viable scenario at lower biomass prices of $40 Mg-1.
Additionally, at $60 Mg-1, the Unmanaged system outcompetes the managed systems on
11.7 million hectares across the entire domain. While, the Low Cost managed scenario
outcompetes the Unmanaged scenario on only 4.8 million hectares across the entire
domain. These totals, however, assess switchgrass profitability on all land in the domain
and do not consider competition with other crops. Several studies have used the idea of
physically marginal land, i.e. land with a low soil productivity value, to identify where
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farmers will likely cultivate switchgrass. Most notably Gelfand et al., 2013 found
approximately 11 million hectares of physically marginal land for biomass production
across a similar spatial domain. However, their assessment of available land does not
consider the profitability of switchgrass production. By considering the economic returns
of the unmanaged and managed systems on physically marginal land at $60 Mg-1, I find
that only 1.6 million hectares, or 15% of the total available hectares estimated by Gelfand
et al., 2013, are profitable. Thus, estimates of switchgrass’s resource potential need to
assess its profitability and economic competitiveness with other crops, rather than simply
identifying physically marginal land and assuming it will be profitable to cultivate
switchgrass on it.
Finally, in the third chapter I assess the competitiveness of switchgrass compared
to a corn/soybean rotation across land quality and under varying economic scenarios. I
find that while switchgrass performs better than corn/soy on low quality land in terms of
relative decreases in yield, the adoption of switchgrass is highly dependent on the
economic environment. For instance, after adjusting the switchgrass enterprise budgets
from Chapter 2 to be directly comparable to the corn/soy budgets, switchgrass is not
profitable on any land quality in the upper Midwestern US at $60 Mg-1. Thus, additional
price supports are needed for switchgrass to be economically viable.
At a higher biomass price of $120 Mg-1 switchgrass is profitable and can
outcompete corn/soy on 12.2 million hectares of low quality corn/soy land. Increasing
biomass prices, however, will also increase the profitability of corn through harvesting
corn stover as a biomass feedstock. Thus, it is likely that high biomass prices will
stimulate the expansion of corn onto environmentally sensitive land rather than the
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adoption of the more environmentally beneficial switchgrass. However, payments for
ecosystem services can provide targeted environmental improvements and stimulate the
adoption of switchgrass onto land currently in high impact and low yielding corn/soy
production. Payments for erosion mitigation ($5.47 tSoil-1) and soil carbon sequestration
($186 tC-1) on top of $60 Mg-biomass-1 are sufficient for switchgrass to outcompete low
yielding corn/soy land on environmentally sensitive land. In addition to environmental
improvements, switchgrass on low quality corn/soy land increases total ethanol
production above that from corn by 20 billion liters, equal to 1/3 of the US’s cellulosic
ethanol target.
In summary, the first chapter focuses on modeling switchgrass yields at a high
resolution and finds considerable variability in switchgrass yields across space, scale,
time, and nitrogen management. The second chapter uses the spatial results from chapter
one to explore and debunk the assumption that low-input switchgrass systems cannot
compete economically with a high-input switchgrass system. In the third chapter, I
evaluate the economic and land quality conditions required for switchgrass to be
economically competitive with a corn/soy rotation. I find that switchgrass can displace
low-yielding high-impact corn/soy on environmentally sensitive land but it requires the
economic support through payments for ecosystem services to be competitive. Taking the
three chapters in aggregate it is apparent that switchgrass faces many challenges before it
will be adopted on the landscape and it is unlikely it will be adopted under traditional
market pricing. Switchgrass, however, does have considerable potential to help meet the
US’s bioenergy and environmental goals but new mechanisms, such as payments for
ecosystem services coupled with low-input management systems, will be required to
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make a switchgrass to bioenergy industry a reality.
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Modeling variability in switchgrass yields
across space, scale, time, and nitrogen levels
for the upper Midwestern US.
Summary
The US has an ambitious goal of producing 60 billion liters of cellulosic biofuels
by 2022. Government, academic, and industry sources have identified switchgrass
(Panicum virgatum L.) as a potential energy crop that can help meet this goal because it
can be grown under low or high nitrogen fertilization regimes, across a wide geographic
domain, and on land of highly varying soil quality. To date, spatially explicit resource
assessments of switchgrass’s bioenergy potential only consider switchgrass yields under
high nitrogen input and often ignore sub-county yield variation. In this study, we use the
Agricultural Land Management and Numerical Assessment Criteria (ALMANAC) model
to examine yield variability in upland switchgrass yields under a range nitrogen
fertilization rates of 25, 50, 100, and 150 kgN ha-1, at high resolution (30m) across six
states in the upper Midwestern US. Our results characterize at a high spatial and temporal
resolution the variability of switchgrass yield in response to nitrogen. For 38% of the
study area, mostly in the western study region, yields do not increase with N applications
greater than 100 kgN ha-1 while the remaining 62% of the study area, continues to
respond to nitrogen levels up to 150 kgN ha-1. Within a county, standard deviations (σ) of
yield can span ±1–5 Mg ha-1, depending on the county location within the study area. For
example, Warren County in southern Iowa, has a mean county yield of 8.7 Mg ha-1, a
range of 6–14 Mg ha-1, and σ of 1.9 Mg ha-1. Finally, we provide a spatial assessment of
the yield variation over twenty years of model runs, which illustrates that higher yielding
counties have greater fluctuations in yield overtime. The maps and methods in this paper
provide insight into how switchgrass yield varies over space, scale, time, and
management, and also provide a valuable framework for future research in assessing the
economic feasibility and environmental sustainability of switchgrass for bioenergy
production.
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Introduction
The US has an ambitious goal of producing 60 billion liters of cellulosic biofuel
by 2022 (EISA, 2007). Researchers and policy makers have identified the perennial grass
Panicum virgatum L., or switchgrass, as a feedstock that could provide up to half of this
goal (EPA, 2010). Switchgrass is particularly attractive as a feedstock because it has the
potential to be grown on marginal land, thereby reducing possible negative land use
change interactions with food crops (Tilman et al., 2009). Furthermore, as a perennial
crop, it has the potential to sequester carbon, mitigate soil erosion, reduce nutrient runoff,
and improve biodiversity (Graham et al., 1996; Lant et al., 2005; Tilman, Hill, &
Lehman, 2006; Tilman et al., 2009; Werling et al., 2014b; Wiens, Fargione, & Hill,
2011b). Finally, switchgrass’s native habitat spans from Mexico into Canada and across
Central and Eastern US, making it an ideal crop for widespread adoption(Wright &
Turhollow, 2010).
Several studies have been conducted to assess where switchgrass will be grown,
its resource potential, and its potential impacts on the environment (EPA, 2010; Gelfand
et al., 2013b; US DOE, 2011; USDA, 2010; P. R. D. Williams et al., 2009). However,
these studies provide a wide range of conclusions, ignore spatially dependent impacts, or
are limited in geographic scope. For instance, the EPA, USDA, and DOE, each conducted
an independent study to assess switchgrass’s resource potential for ethanol production
and reached widely varying estimates, ranging from 11 to 30 billion liters of ethanol
(Keeler et al., 2013). There were also considerable discrepancies in their estimates for the
spatial distribution of switchgrass across the country. The USDA reported high
production in North Central States, such as Minnesota and North Dakota, while the EPA
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and DOE centered production in the South Central States, such as Missouri and Texas
(Keeler et al., 2013). The discrepancies in the literature arise because of varying
assumptions about switchgrass’s potential yield across space and what land is available
for switchgrass cultivation (Keeler et al., 2013).
One key variable that impacts switchgrass’s yield is the level of nitrogen
application. Agronomic research on switchgrass over the last three decades has focused
on increasing yields through improved genetics and high agricultural inputs. When grown
under ideal conditions, switchgrass yields have steadily increased (McLaughlin & Adams
Kszos, 2005). In contrast to this high-input scenario, switchgrass can also be grown with
low agronomic inputs, for instance, with little to no nitrogen application. While yields are
necessarily lower, dramatically lower inputs have considerable environmental advantages
and might make this low-input strategy economically advantageous by reducing input
costs (Guretzky et al., 2010; Tilman, Hill, et al., 2006). A number of studies have created
spatially explicit yield models in order to more accurately capture the resource potential
of switchgrass across space. Existing models, however, assume a single high-input
management process to achieve maximum yields (Behrman et al., 2013; Jager et al.,
2010; Tulbure et al., 2012a; Tulbure et al., 2012b; Wullschleger et al., 2010). Thus, these
models do not capture the full range of possible management practices. Furthermore,
switchgrass is often cited as being able to be grown on ”marginal” land and land quality
varies significantly at the sub-county level (Gelfand et al., 2013; Milbrandt et al., 2014;
Shortall, 2013). Current models have not captured the spatial variability because of their
coarse resolution, and thus do not fully capture the yield potential of switchgrass on
marginal land.
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In this paper, we advance the current literature by modeling switchgrass yield at a
high spatial resolution (30m), across a wide environmental gradient, and under varying
nitrogen management. First, we use the Agricultural Land Management and Numerical
Assessment Criteria (ALMANAC) to develop yield models under 25, 50, 100, and 150
kgN ha-1 across the upper Midwestern US. By maintaining ALMANAC’s high-resolution
output, we are then able to assess the variability of switchgrass yields at the sub-county
level. Finally, by running ALMANAC on a daily time-step for 20-years, we are able to
provide additional insights into the potential temporal variability of switchgrass yields
over a 20-year period across the study area. The results and methods in this paper provide
insight into how switchgrass yield varies over space, scale, time, and management, and
also provide a valuable framework for future research in assessing the economic
feasibility and environmental sustainability of switchgrass for bioenergy production.

Methods
ALMANAC
The Agricultural Land Management and Numerical Assessment (ALMANAC)
model is a process-oriented model that simulates above and belowground plant growth on
a daily time step as a function of light interception. Light interception and resulting
biomass accumulation are calculated using Beer’s Law, leaf area index (LAI), crop
specific light extinction coefficient (k), and crop specific radiation-use efficiency (RUE).
Plant growth is temperature driven, with the duration of each development stage based on
accumulated heat units. The maximum number of heat units (PHU) determines the length
of the growing season for each species. Water, nutrient, and temperature stresses reduce
maximum daily biomass gains. The model includes subroutines and functions from the
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EPIC model (J R Kiniry et al., 2005). Required inputs include, soil data drawn from the
Soil Survey Geographic (SSURGO) database (Soil Survey Staff Natural Resources
Conservation Service, 2014a), climate data, crop parameters, and management schedules.

Figure 1. Map of the five switchgrass study sites across the six state region in the upper Midwest US used to
validate the ALMANAC model. The six state region of interest includes North Dakota (ND), South Dakota
(SD), Nebraska (NE), Minnesota (MN), Iowa (IA), and Wisconsin (WI).

Model validation
Switchgrass has two genetically and phenotypically distinct ecotypes, upland and
lowland. In this study we focused solely on modeling upland yields because the upland
ecotype’s native range covers the geographic area of interest. The upland ecotype is
native to the northern US, above 35 degrees latitude, and is better suited for drier, colder,
climates. The lowland ecotype typically has higher biomass yields, but is found in the
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southern US in warmer, wetter climates.
Yield values from field trials in the existing literature were used to parameterize
and validate the ALMANAC model, see Table 1. The literature search was greatly aided
by the Biofuels Ecophysiological Traits and Yields Database (BETYdb) (Lebauer et al.,
2011). We selected studies that had complete information on the yield, fertilizer rates,
ecotype, soil type, and latitude and longitude coordinates. In total 168 upland switchgrass
yield trials were conducted across five research locations. We averaged together the yield
trials that had the same study site, nitrogen application, and ecotype. This resulted in six
data points, shown in Table 1, where one of the five locations has two different nitrogen
application rates. The locations are shown in Figure 1.
The ALMANAC model requires highly specific soil information to accurately
model yield. Ideally, the reported location of each study site would be accurate within
meters. The latitude and longitude coordinates for the study sites provided by the
literature, however, are only accurate to the kilometer. To capture the field level soil
information, we first used the literature provided coordinates to get within a kilometer of
the study site. Then we used the Web Soil Survey website from the US Department of
Agriculture, to select an area with the same soil type reported by the papers in Table 1.
(Soil Survey Staff Natural Resources Conservation Service, 2014b). Thus, the model
parameters and the literature sites had the same field level soil characteristics.
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Table 1. The location, soil type, fertilizer rate, and upland yields for the studies used to parameterize and validate
the ALMANAC model. The reported yields are an average of unique combinations of ecotype, location, and
fertilizer rate. The number of trials averaged are reported as n trials. The states of site locations are North
Dakota (ND), South Dakota (SD), Iowa (IA), and Wisconsin (WI).
n
trials

Yield
Mg
ha-1

#

Ref

City

State

Lat

Long

Soil Type

N kg
ha-1

1

(Berdahl
et al.,
2005)

Dickenson

ND

46.80597

-102.81339

Farnuf loam,
0 to 2%
slopes

56

24

4.6

2

(Lemus
et al.,
2002)

McNay
Farm

IA

40.96602

-93.43206

Grundy silty
clay loam, 2
to 5% slopes

56

16

6.3

3

(Berdahl
et al.,
2005)

-100.91518

Parshall fine
sandy loam,
0 to 2%
slopes

67

73

6.3

4

(Casler
& Boe,
2003)

-89.37854

Plano silt
loam, till
substratum,
2 to 6%
slopes

112

24

11.3

5

(Casler
& Boe,
2003)

Brookings

SD

44.3168

-96.96151

ViennaBrookings
complex, 1
to 6% slopes

112

24

4.2

6

(Lemus
et al.,
2002)

McNay
Farm

IA

40.96723

-9345512

Grundy silty
clay loam, 2
to 5% slopes

112

32

9.5

Mandan

Arlington

ND

WI

46.80606

43.32947

In the ALMANAC model the management schedules for the sites were simplified,
with each site receiving similar management practices, except when they differed in
nitrogen application. In the simulations, the sites were seeded on April 10, 1990 and
harvested on September 30 of each subsequent year. The model was run for 10 years,
which covers the time period that the most study sites were active. The yields were
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averaged over that time to produce the final simulated yield. ALMANAC has a built-in
weather database that selects climate data from the closest National Oceanic and
Atmospheric Administration (NOAA) weather station, which provides daily maximum
temperature, minimum temperature, and precipitation.
Previous studies parameterized ALMANAC for switchgrass (Behrman et al.,
2014; J R Kiniry et al., 2005, 2008) and the majority of the crop parameters were not
changed for this study. Two key variables, Leaf Area Index (LAI) and Potential Heat
Units (PHU), however, are location and ecotype specific and need to be calibrated to the
study area. PHUs, which determines the length of the growing season based on total
accumulated days above 12°C, limits the possible growth for an ecotype. The lowland
ecotype, which grows in the south, has a reported PHU of 2300, while the northern
upland ecotype has a PHU of 1500-1600 (Behrman et al., 2014). ALMANAC calculates
the accumulation of heat units for a given site by using daily temperature data from the
closest NOAA weather station. The literature values for LAI for upland ecotypes range
from 1.8 to 8.8 (Behrman et al., 2014; J R Kiniry et al., 2008). By modeling the sites at
varying LAI values at a fixed PHU of 1500, we found an LAI value of 4.5 produced the
best R2.
Geographic model
The goal of this study is to produce high-resolution yield maps across a broad
geographic scope under varying nitrogen management conditions. ALMANAC produces
crop yields and nutrient dynamics at the field level by including high-resolution soil data
for a specific location in its simulation. The high resolution, however, becomes
computationally taxing when applying it across a broad geographic scope. Behreman et
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al. 2013 simulated yields across a broad area by randomly sampling the soil types in
27.5km grid cells. To maintain resolution but reduce computation time, we ran the model
only on the unique soil types for each county. A county soil map contains polygons of
spatially explicit soil types, called map units. A single county may contain thousands of
map unit polygons but each is linked to only a few hundred soil types in that county.
ALMANAC models yield based on soil type, not specific polygons; thus we modeled
yield for each soil type in a county rather than modeling each individual map unit
polygon. We created an iterator using Esri ArcGIS v10.1 and Python to capture unique
and spatially explicit soil types for each county. Then they were batch processed by the
ALMANAC model to produce yield estimates. ALMANAC was parameterized with the
same crop inputs as the validated sites, 1500 PHU and 4.5 LAI. Yields were averaged
over 20 years. Set amounts of nitrogen were applied across the entire study area to
illustrate the spatial differences between management practices. To capture the range of
likely nitrogen applications, 25 kgN ha-1, 50 kgN ha-1, 100 kgN ha-1, and 150 kgN ha-1
were modeled. The maps were produced using ArcGIS v10.1 and projected with the USA
Contiguous Albers Equal Area Conic USGS version projection.
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Results

Figure 2. ALMANAC modeled yields versus measured yields for the six field trials with unique location and
fertilizer rate combinations. The numbers correspond to the sites in Table 1.

Calibration
Calibration of the ALMANAC model for the study area is shown Figure 2. The
model appropriately captures higher yields in more suitable climates and with higher
nitrogen levels and lower yields with less nitrogen and less suitable climates and has an
R2 = 0.63. The sites with the highest nitrogen rate of 112 kgN ha-1, are Arlington, WI,
Brookings, SD, and McNay Farms, IA, have simulated vs measured percent difference of
-7%, 84% and 17%, respectively. Sites at Dickenson, ND and McNay Farms were
fertilized at at 56 kgN ha-1 and have percent differences of 0.5% and 24%. Mandan, ND
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has a moderate nitrogen rate of 67 kgN ha-1 and percent difference of -13%. The model
fit and percent differences are in line with models for other regions, which typically
report percent differences between ±20% with an occasional point greater than 50%
(Behrman et al., 2014; J R Kiniry et al., 2005, 2008).
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Figure 3. The spatial distribution of upland switchgrass yields across the six state study area under 25 kgN ha-1 and
50 kgN ha-1.
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Figure 4. The spatial distribution of upland switchgrass yields across the six state study area under 100 kgN ha-1
and 150 kgN ha-1.
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Yields across scale and scope
The spatial distributions of yields under varying nitrogen regimes are shown in
Figure 3 and Figure 4. The highest yields for all regimes are centered in north central
Iowa and cover the highly productive agricultural region known as the Corn Belt.. As
expected, modeled yields decrease substantially when moving west and north, where
yields are limited by precipitation and climate rather than nitrogen.
The regional distribution of yields follows climatic gradients and matches
expectations for perennial grass yields across the domain. To capture the fine scale spatial
variation in addition to the broad scale variation, we maintained the field-level modeling
capability of the ALMANAC model. Figure 5 shows the sub-county spatial variation for
Warren County in south central Iowa at 100 kgN ha-1. Yields within the county vary in
accordance to changes in soil type and quality. At 100 kgN ha-1, Warren County has a
mean yield of 8.7 Mg ha-1, a range of 6-14 Mg ha-1, and a standard deviation (σ) of 1.9
Mg ha-1.
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Figure 5. Yields across Warren County Iowa at 100 kgN ha-1. Yield at the sub-county level follows soils
gradients, which can clearly be seen at this scale.

The spatial heterogeneity within Warren County highlights the fact that yields
vary at the sub-county level. By maintaining the high resolution of the ALMANAC
model, we gain a clearer picture of how switchgrass yields vary across space. Figure 6
shows the mean σ of yields within each county across the study area at 150 kgN ha-1. The
greatest sub-county yield variations, σ = ±2.5–5 Mg ha-1, occur in central Wisconsin, at
the northern edges of the domain, and in central Iowa. Counties with high σ indicate
areas with high soil quality heterogeneity. In Iowa in particular, the high σ of yield is due
to some land in the county producing high yields under high levels of fertilization (e.g.
150 kg ha-1), while other soil types in the county have a limited yield response to nitrogen
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because of limiting soil characteristics. In the west of the study area, yields are generally
low and have lower variation.

Figure 6. The map shows the σ of yield within counties across the domain at 150 kgN ha!1. Central Iowa has high
σ!because of high heterogeneity of yields at the sub-county level, while the Western region has low σ!because of
low mean yields. Areas that are missing soil data are shown as NoData.

Yields over time
In addition to high spatial resolution, ALMANAC outputs annual biomass yields,
which allows us to examine the temporal heterogeneity of yields across space. Figure 7
shows the σ of yields over 20 years for each county. Yield variation is highest, σ = ±2.5–
3 Mg ha-1 in Iowa where yields are generally high but can be greatly reduced by climate
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or water stress. In the west, the deviation of annual yields over time is low because of low
mean yields.

Figure 7. The map shows the σ of yield over 20 years across the domain at 150 kgN ha!1. Central Iowa has high
σ!because of higher mean yields, while the Western region has low σ!because of low mean yields. Areas that
are missing soil data are shown as NoData.
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Figure 8. The graph shows the histograms of yield at different nitrogen rates overlaid on top of each other.
As the nitrogen application rates increase so does yield. At 150 kgN ha!1, however, some areas of the
region have reach maximum yield and do not increase in yield, which causes the curve to flatten out
between 5 and 9 Mg ha-1.
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Figure 9. The graphs shows the percentage of the study area that has reached its maximum yield at a given
nitrogen fertilization level.

Yields across nitrogen levels
The 20 year mean yields for the entire region clearly increase under higher
nitrogen applications, with yields of 3.8, 5.1, 7.3, and 8.8 Mg ha-1 at 25, 50, 100, and 150
kgN ha-1, respectively. The frequency distributions of yield for each level of fertilization
are shown in Figure 8. The distributions for 25, 50, and 100 kgN ha-1 are unimodal,
symmetrical, and consistently shift to higher yields with increased nitrogen application.
At 150 kgN ha-1 flattens out between 5 and 9 Mg ha-1, which indicates that there are areas
in the study domain that have reached their yield maximum and further addition of
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nitrogen does not increase their yield, i.e. these areas have become nitrogen saturated.
Figure 9 shows the percentage of land that has reached maximum yields at a given level
of nitrogen fertilization. More than half, 62%, of the land achieves its highest yields
under 150 kgN ha-1. Conversely, 38%, of the study area would not benefit from such high
levels of fertilization and are limited by other factors. The lowest level of fertilization 25
kgN ha-1 produces the highest yields for less than 1% of the study area, indicating that the
vast majority of land will produce higher yields with even moderate levels of fertilization.
Figure 10 shows the spatial distribution of the acres that do not improve when
increasing nitrogen application from 100 to 150 kgN ha-1. The majority of the acres that
are nitrogen saturated at 100 kgN ha-1 occur in the western portion of the study area
where yields are climate limited. Much of the land in Iowa, central Wisconsin, and
southern Minnesota, continues to show yield increases with nitrogen applications above
100 kgN ha-1.
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Figure 10. This map shows the percentage of land in each county that does not increase in yield by increasing
fertilization from 100 kgN ha!1#to 150 kgN ha!1.

Discussion
Switchgrass has been identified as a potential energy crop that can be grown
under low or high nitrogen fertilization regimes, but to date spatial yield models for
switchgrass have only focused on modeling yields under high nitrogen inputs. Here we
report switchgrass yields across the six state region in the upper Midwestern US under
varying nitrogen levels. The yield maps provide insight into the spatial distribution of
yields at 25, 50, 100 and 150 kgN ha-1. Our results agree with agronomic field trials that
show switchgrass yields increasing with increasing levels of nitrogen fertilization
(McLaughlin & Adams Kszos, 2005; Owens et al., 2013). Our results, however, are
unique because they also show the yield response of switchgrass over a large domain that
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covers a wide range of soil types and climate conditions. The maps clearly show that the
yield response to nitrogen is highly spatially dependent. Thirty-eight percent of the entire
study area, mostly in the western states, does not benefit from increasing nitrogen
application above 100 kgN ha-1. On the other hand, large portions of the highly
productive Corn Belt region, centered on central Iowa, continue to respond to nitrogen
levels of 150 kgN ha-1 or potentially higher.
In addition to high spatial variability across the domain, there is considerable
heterogeneity at the sub-county level. Switchgrass esource assessments to date aggregate
yields to the county or state level, e.g. (EPA, 2010; US DOE, 2011). The example of
Warren County in Figure 5 illustrates that yields can vary considerably, 6–14 Mg ha-1,
under the same management regime due to variations in soil characteristics at the subcounty level. Thus, in order to accurately assess switchgrass’s resource potential, subcounty yields need to be considered along with the proposed management regime.
Furthermore, switchgrass has the potential to have environmental benefits, such as
improved water quality and soil erosion. These environmental benefits, however, are
highly spatially dependent and the scale of the benefit will depend on where within a
county switchgrass is grown, how it is managed, and what previous land cover it
replaces. Here we demonstrate that modeling management practices for switchgrass can
occur at high resolution and broad scale. Thus, by using the yield maps in this study or
similar methods, future research can make more in-depth assessments of switchgrass’s
resource potential and environmental impact with respect to geographic scale and scope.
Modeling switchgrass at a high resolution also highlights some of the data issues
across space and scale. The SSURGO database for soil is the primary data source used to
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achieve high resolution yield estimates. While SSURGO has many notable attributes, it
can be improved. The spatial data in SSURGO is created at the county level by soil
management offices. As a result, inconsistencies arise at county borders, which can be
most clearly seen in the 150 kgN ha-1 nitrogen level in Figure 4. This issue becomes clear
when modeling at a high resolution across a wide domain, but could be missed if
modeling single fields, individual counties, or when aggregating results to the county
level. Also, at the sub-county level there can be holes in the yield output because the
SSURGO data for a specific soil type may be missing a key parameter required by the
ALMANAC model. As the capabilities of models like ALMANAC improve, equal or
greater effort will be required to ensure that the underlying data also keeps pace. Some
work has been done to unify high-resolution soil datasets across wide domains, (Dobos,
Sinclair, & Hipple, 2008), but further work is needed to expand the current scope and
integrate datasets with yield models.
Future work could use the modeled yields reported here to more broadly address
questions of switchgrass’s resource potential and environmental impacts by examining
the economic costs and returns of switchgrass production. For instance, while high levels
of fertilization produced the highest yields across the majority of the domain, high input
systems may not always provide the greatest profits to farmers. Profits from switchgrass
production will depend on the prices of biomass, nitrogen, and other inputs. Furthermore,
in areas where switchgrass produces the highest yields, e.g. central Iowa, switchgrass will
have to compete with major commodity crops like corn and soybeans. For the most part,
farmers will choose the crop that provides them with the greatest returns overtime.
Switchgrass may still be competitive in certain locations in high corn producing counties,
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but it is likely that it will only be competitive on lower quality soil types, which again
illustrates the need for sub-county yield modeling. Much more work is needed to assess
the economics of switchgrass across space, scale, and varying management practices at
high resolution and broad scope. The maps and methods laid out in this paper provide a
high-resolution resource for future studies in assessing the economic feasibility of
switchgrass.
Future studies may also consider the economic risks of yield variability overtime
and could also examine additional management regimes. Low input switchgrass across
the study area has consistently low yields but also demonstrate lower variance in yield
over a 20-year span. Increased economic stability could be an advantage for lower input
systems over higher yielding but more variable high input systems. Finally, this paper
only considers variations in nitrogen management and does not consider irrigation. In the
western third of the study area, most yields are limited by water as well as nitrogen.
Including irrigation as a possible management practice would likely increase switchgrass
yields in this region, which would also boost costs, returns, and environmental impacts.
Examining the trade-offs between increased yield and additional depletion of already
stressed water resources by irrigated switchgrass would be particularly worthy of
investigation.

Conclusion
The ambitious goals of the US government for cellulosic-based biofuel production
have made understanding the economic and environmental outcomes of switchgrass
production of great importance. This paper further advances our understanding of the
potential for switchgrass biofuel production by modeling switchgrass yields at a high
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spatial resolution, over a large geographic region, and under varying management
practices. The spatial variability of switchgrass yield under various management
scenarios and at different scales is apparent, which emphasizes the risks associated with
generalized statements about switchgrass management and potential yield or economic
performance across wide geographic space. The maps and methods in this paper provide
a valuable framework for future research in assessing the economic feasibility and
environmental sustainability of switchgrass for bioenergy production at varying spatial
scale and management practices.
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Unmanaged grasslands as an economically
viable alternative to highly managed
switchgrass for bioenergy in the upper
Midwestern US.
Summary
Researchers and policymakers have described Switchgrass (Panicum virgatum L.)
as an environmentally beneficial bioenergy feedstock that could help meet the US’s
bioenergy goals. In assessing switchgrass’s viability as a feedstock, researchers discuss
two management systems: harvesting biomass from unmanaged low-input systems (e.g.
biomass harvested from Conservation Reserve Program lands) or from highly managed
high-input systems. An untested but common assumption is that low-input systems may
provide higher environmental benefits but will not be economically competitive with
high-input high yielding systems. In this paper, we test this assumption by creating
spatially explicit comparisons of the profitability of unmanaged switchgrass and highly
managed switchgrass across the upper Midwestern US. In this study, we create an
unmanaged scenario (Unmanaged) with no agronomic inputs in the operation stage, and
two managed scenarios (Low Cost and High Cost) that capture the uncertainty in costs
for highly-managed switchgrass systems. The costs in each scenario come from recent
switchgrass enterprise budgets from Iowa State University Extension and Pennsylvania
State University Extension, with the Low Cost scenario using the lowest estimates
between the two budgets and the High Cost scenario the highest. Then, we use the
Agricultural Land Management and Numerical Assessment (ALMANAC) model to
simulate yields across the domain under 0 kgN ha-1 for the Unmanaged scenario and 100
kgN ha-1 for the Low Cost and High Cost scenarios. We find that contrary to initial
assumptions, the Unmanaged system is economically competitive with the highly
managed systems. Unmanaged is the only economically viable scenario at lower biomass
prices of $40 Mg-1, and at $60 Mg-1, it is the most competitive of the two options on 11.7
million hectares versus only 4.8 million hectares for the Low Cost scenario. Furthermore,
we find that another common assumption that switchgrass will be profitable on low
quality land leads to an overestimation of switchgrass’s resource potential. We find that
at $60 Mg-1 only 1.6 million hectares are profitable under either management scenario,
which is only 15% of the hectares estimated by a recent study that identified land for
switchgrass production solely based on land quality.
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Introduction
!

The US has the ambitious goal of producing 60 billion liters of cellulosic biofuel
by 2022 (EISA, 2007). Perennial grasslands have received a lot of attention from US
Federal Agencies as potential sources of cellulose for next generation biofuel production
that could significantly contribute to meeting this goal (Keeler et al., 2013). Switchgrass
(Panicum virgatum L.) in particular has risen to the forefront as a potential bioenergy
crop because of its excellent agronomic and environmental characteristics (Lee et al.,
2014). Federal conservation management programs have used switchgrass since 1936
(Mitchell et al., 2012) for windbreaks, buffers, wildlife habitat, and filter strips across the
Great Plains, and switchgrass is recognized to provide a wide array of ecosystem services
ranging from habitat to water filtration and regulation (Wright & Turhollow, 2010). It is
also widely recognized as a high biomass-yielding crop and in recent decades,
switchgrass breeding programs have been established to increase its yields and chemical
composition for bioenergy production (McLaughlin & Kszos, 2005). Also, switchgrass is
a native grass of the North American tallgrass prairie with a broad ecological domain
spanning from Mexico into Canada, east of the Rocky Mountains, making it well suited
for widespread adoption.
Given its favorable attributes, there is considerable interest in quantifying
switchgrass’s resource potential, where and how much can be grown, as well as its
environmental benefit to the agricultural landscape. Two general approaches are taken
when modeling switchgrass’s bioenergy potential across space. The first, assumes that
switchgrass will be cultivated in low-input systems and models unmanaged switchgrass
or mixed perennial grasses on agriculturally marginal lands. The USDA, for instance,
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provided an estimate of the biomass potential from Conservation Reserve Program (CRP)
land and used switchgrass as the model crop in its estimates (USDA, 2010). Jungers et al.
2013, similarly conducted an assessment using CRP land limited to Minnesota using a
model of unmanaged mixed prairies that were often dominated by switchgrass. Gelfand
et al. 2013, modeled the resource and environmental outputs of successional grasslands
on marginal land across the upper Midwestern US with and without nitrogen
applications. However, none of these papers on low-input systems are assessed on their
economic viability and land for production was selected based on its physical
characteristics or conservation status.
Alternatively, switchgrass is discussed in terms of a high-input, high-yielding,
monoculture system. This system is the focus of current switchgrass breeding programs
with the goal of increasing switchgrass yields through improved genetics and high levels
of agronomic inputs (fertilizer, herbicides, etc.) (Mitchell et al., 2012). This system still
provides many of the environmental benefits of unmanaged systems, such as reduced soil
erosion and carbon sequestration, but comes at the cost of others, such as reduced
biodiversity, higher nitrogen inputs, and higher costs for inputs. Potential switchgrass
yields from the high-input and high-yield system have been model across the US using
both process-based models and empirical models (Behrman et al., 2014; Jager et al.,
2010; Tulbure et al., 2012a; Tulbure et al., 2012b; Wullschleger et al., 2010). The yield
estimates included in economic models to assess the resource potential of switchgrass,
however, are done at the state or county level. In particular, two prominent switchgrass
studies, one by the EPA and the other by the DOE, assess the economic viability of highinput switchgrass (EPA, 2010; USDA, 2010). In these studies the unmanaged systems are
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not assessed because the inherent assumption is that the highly managed high-yielding
system will be more economically viable than the low-yielding unmanaged systems, but
this has yet to be tested on a broad spatial extent at an adequate spatial resolution.
In this paper we examine the economic competitiveness of unmanaged grasslands
to that of highly managed switchgrass across the upper Midwestern US. First we
construct enterprise budgets for three key scenarios: an unmanaged system with no inputs
in the operations stage but with establishment and harvesting costs, and two managed
systems at 100 kgN ha-1, one using the lowest cost estimates from two recent university
extension enterprise budgets and the other using the highest estimates (Hoque et al.,
2015; Jacobson & Helsel, 2014). Then we model yields from unmanaged and managed
systems at 30m resolution across the six state study area. Using the yield maps and
enterprise budgets, we create maps of net present value for the three different scenarios.
Finally, we assess the biomass resource potential by selecting the most economically
competitive scenario for each parcel of land. As a result of this work, we are able to
advance the literature by providing spatially and economically explicit assessments of
unmanaged and managed perennial grass systems for bioenergy production.
Methods
Economic scenarios
In this study we model three economic scenarios: unmanaged switchgrass
(Unmanaged), managed switchgrass with low costs (Low Cost), and managed
switchgrass with high costs (High Cost). To create these scenarios, we use the values
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from two recent switchgrass enterprise budgets, one from Iowa State Extension (Hoque et
al., 2015) and the other from Penn State Extension (Jacobson & Helsel, 2014), shown in
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Table!2. The enterprise budgets have three stages of switchgrass management:
establishment, operations, and harvest. Each assumes a 10-year stand life with no harvest
in the establishment year. While the two enterprise budgets are very similar in their
estimated total costs of each management stage, they there is still considerably variability
in the cost estimates within each stage. The variability in costs results because
switchgrass has yet to be adopted on a large scale and there is considerably uncertainty in
how much each management practice will cost. Thus, to capture the uncertainty in the
costs of managed switchgrass systems, we created two management scenarios. The High
Cost scenario was created by taking the highest production value from the two budgets,
while the Low Cost scenario was created by taking the lowest values of the two. The key
difference between managed scenarios and the Unmanaged scenario is that the managed
scenarios assume agricultural inputs during the operations stage, while the Unmanaged
scenario assumes no fertilizer, herbicide, or lime is applied.
Establishment costs:
Establishment of switchgrass is a critical stage in switchgrass cultivation and it
requires site preparation, soil augmentation, and seeding. The Iowa State budget has
lower assumed costs for mechanical preparation compared to the Penn State budget and
does not include moldboard plowing. The two single largest expense differences between
the two budgets are that Iowa State recommends planting an herbicide resistant crop the
previous year followed by a cover crop to help reduce weed pressure in the first year
(Hoque et al., 2015); while the Penn State budget includes a lime application, and does
not include the herbicide resistant crop or cover crop. In the High Cost scenario we
assume that an herbicide resistant crop is used in the previous year and lime is not
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required. In the Low Cost scenario we assume the opposite. In Unmanaged neither lime
nor herbicide resistant crops are included, but spraying herbicide before seeding is still
included. Establishing perennial grasses can be difficult due to weed pressures, thus all
scenarios include the cost of spraying herbicide in the establishment year. Fertilizers are
not applied in the establishment year to reduce weed pressure.
Operating costs
The operating costs are the defining difference between the managed and
unmanaged scenarios. To represent an unmanaged grassland, the Unmanaged scenario
assumes no application of fertilizer, herbicide, or lime is applied to the system. In the
High Cost scenario nitrogen (N), phosphorus (P), and potassium (K), are applied in
addition to lime, and herbicide. In the Low Cost scenario only N and herbicide are
applied, resulting in the operating costs being almost half the cost of the High Cost
scenario. Both Iowa State and Penn State assume 5 kgN Mg-1 biomass harvested but Iowa
does not assume replacement of P and K. Penn State, on the other hand, assumes that 2
kgP Mg-1 biomass, 7.5 kgK Mg-1 biomass, and an annualized lime rate of 1.2 kg ha-1 are
required, see Table 3 for fertilizer rate information. The price of fertilizer is also an
important variable in switchgrass enterprise budgets. For the scenarios discussed here, we
assume a fixed fertilizer price, which is the average of the price reported in the budgets,
see Table 3. The impact of varying fertilizer price is discussed further in the sensitivity
analysis.
Harvest
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Harvest costs are very similar across all scenarios and are highly dependent on
yield. Both Iowa State and Penn State assume fixed harvesting cost per hectare and a
variable cost per Mg biomass. The Iowa State budget includes the cost of moving the
biomass from the field to on farm storage, which is also calculated by the Mg of biomass
harvested. We included the cost of moving biomass from the field to on farm storage in
all scenarios because it is an essential step in production. The Unmanaged and Low Cost
scenarios have the same total costs for harvesting and the High Cost scenario only has a
slightly higher estimate of cost per Mg for harvesting the biomass. In our spatial model
the harvest costs vary based on the yields from a given parcel.
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Table 2. We used two enterprise budgets, from Iowa State University Extension and Pennsylvania State
University Extension (Hoque et al., 2015; Jacobson & Helsel, 2014), to create three scenarios of
switchgrass management, an unmanaged scenario (Unmanaged) with no agronomic inputs during the
operation stage and two managed scenarios, a high cost system (High Cost) and a low cost system (Low
Cost). The High Cost scenario uses the highest cost estimate from the two literature budgets and the Low
Cost scenario uses the lowest.

42
Table 3. The fertilizer rates and prices reported by the extension literature and the values used in our base
scenarios. Fertilizer rates are reported in terms of recommended nutrient replacement rates kg (Mgbiomass/ha)-1. The baseline fertilizer price in our scenarios is an average of the prices reported by the two
literature budgets

Modeling yields across space
The goal of this study is to capture the economic variability of the three scenarios
across space in order to identify where unmanaged perennial grasses could compete
against high input switchgrass. Switchgrass has two ecotypes, an upland variety that is
most productive in the northern US and a lowland variety that is most productive in the
southern US. In this study we only model the upland ecotype because it is the most
relevant ecotype to the study area. The key spatial variable in modeling economic returns
across space is yield. We use the Agricultural Land Management and Numerical
Assessment (ALMANAC) model to simulate upland switchgrass yields across space
under vary levels of synthetic fertilizer input. In the Unmanaged scenario the fertilizer
rate is zero, while a rate of 100 kgN ha-1 is modeled for the managed scenarios, Low Cost
and High Cost. A consistent value of 100 kgN ha-1 was chosen for the managed system
because it is often cited as the recommended level of fertilization for managed
switchgrass (Owens et al., 2013; Vogel et al., 2002).
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The ALMANAC model is a process-oriented model that simulates plant growth
for both aboveground and belowground biomass, based on light interception on a daily
time step. Light interception and resulting biomass accumulation are calculated using
Beer's Law, leaf area index (LAI), crop specific light extinction coefficient (k), and crop
specific radiation-use efficiency (REU). Plant growth is temperature driven, with the
duration of each development stage based on accumulated heat units. The maximum
number of potential heat units (PHU) determines the length of the growing season for
each species. Maximum daily biomass is reduced by water, nutrient, and temperature
stresses. The model includes subroutines and functions from the EPIC model (J R Kiniry
et al., 2005). Required inputs include, soil data from the Soil Survey Geographic
(SSURGO) Database (Soil Survey Staff Natural Resources Conservation Service, 2014a),
climate data, crop parameters, and management schedules.
The managed switchgrass systems were modeled using the ALMANAC
parameters and methods outlined in Chapter 1. The ALMANAC model was validated
using 168 upland switchgrass yield observations at six sites across North Dakota,
Minnesota, Iowa, and Wisconsin at varying levels of nitrogen management. Two key
location based parameters, Leaf Area Index (LAI) and Potential Heat Units (PHU), were
calibrated to 4.5 and 1500 respectively. In a previous study, ALMANAC was validated at
nitrogen levels of 25, 50, 100, and 150 kgN ha-1 and demonstrated that it could capture
yields at different fertilization levels. The model runs at the SSURGO map unit level and
the spatial output of this study has a resolution of 30m across the six state region of North
Dakota, South Dakota, Nebraska, Minnesota, Iowa, and Wisconsin.
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To model yields for an unmanaged prairie system we compared modeled yields
from ALMANAC at 0 kgN ha-1 to the yields from 170 harvest trials on 2-8 ha plots of
conservation grassland across South Dakota, Minnesota, Iowa, and Wisconsin in the
years 2006, 2010, and 2011. The trial data includes published yields from Jungers et al.
2013 and unpublished data from Jungers (Jungers, personal communication, 2014). The
plots were mixed conservation prairies with species of C3, C4, and legumes that received
no fertilizer or herbicide applications during operation. The ALMANAC model does not
model the dynamics of all these species, so we chose to only model unmanaged
switchgrass as a simplifying assumption to capture yields from unmanaged grasslands.
The biomass yields for the 2-8 ha plots are an average of randomized harvest samples
across each plot and year. The plot locations are shown in Figure 11. The ALMANAC
model parameters for LAI, PHU, and crop variables were the same as the managed
switchgrass. Validation of the model is shown in Figure 12, where the frequency
distribution of the grassland sites and modeled unmanaged switchgrass are graphed. The
similarities in the yield frequency distributions indicate that modeling the biomass output
of unmanaged switchgrass is a sufficient proxy for the biomass yields from unmanaged
mixed species grasslands.
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!
Figure 11. The locations of 170 harvest trials of unmanaged conservation grasslands in the upper
Midwestern US. Each point is represents the centroid of a 2-8ha plot. The surrounding circle is to help
visualize the number of data points in an area.
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!
Figure 12. The frequency distributions of biomass yield from harvested conservation grasslands and the
frequency distribution of unmanaged switchgrass yields modeled in ALMANAC. The close similarities in
yield distributions indicates that modeling unmanaged switchgrass is a sufficient proxy for unmanaged
grasslands.

Modeling net present value (NPV) across space
We modeled the spatially explicit net present value (NPV) for each scenario by
calculating the discounted costs and returns over ten years for a given SSURGO map unit
based on its modeled yields from ALMANAC. The equation for NPV is shown in
Equation 1 where N is total number of years, t is a given year, Rt is the net returns in that
year, and i is the discount rate. Rt is a function of parcel yields, biomass price, and costs
on a per hectare basis. ALMANAC produces annual yields that vary with climatic data
overtime and as a result the costs and returns of each year were calculated using the
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modeled yield for that year. The spatial models assume a biomass price of $60 Mg-1, an
interest rate of 4%, and the costs described in
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Table!2 and Table 3. We assume that no harvest is taken during the first year.
Equation 1.
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To create the NPV maps, the final NPV for each SSURGO map unit was
calculated in a spreadsheet and then joined to a 30m raster of SSURGO map units using
ArcGIS 10.2. Map units, however, follow natural soil gradients and not field boundaries.
To capture the NPV for agricultural fields we used the Common Land Unit dataset. The
Common Land Unit is a polygon file created by the USDA using satellite and aerial
photography to delineate agricultural fields by physical boundaries (e.g. fences, roads,
waterways), common land cover, and common owners. The CLU, however, is no longer
publically available due to The Food, Conservation, and Energy Act of 2008, known as
the 2008 “Farm Bill”. A 2008 version of the file is available for purchase from
GeoCommunity.com (Mindsites Group, 2008). We overlaid this version of the CLU over
the raster of NPV joined map units, and calculated the mean NPV for each CLU field.
Thus, a field with two or more soil types would have an area-weighted average NPV.
Averaging NPV across the CLU parcels most accurately represents the way farmers make
decisions, because farmers make decisions on the field level rather than the map unit or
pixel level. Using the CLU is also beneficial because the CLU excludes roads, water,
developed areas, and non-agriculturally zoned land, thus restricting our analysis to
agricultural lands only.
Land cover and biomass potential
To assess the land cover of our scenarios we used the 2014 Cropland Data Layer
(CDL) along with the CLU (USDA NASS, 2014). The CDL is a raster dataset of the
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contiguous United States that shows specific crop coverage at a 30m resolution. The CDL
is managed by the USGS National Agricultural Statistical Service (NASS) and is
produced annually. To ensure alignment with our NPV field level maps and to reduce
edge effects, we overlaid the CDL with the CLU and found the majority land cover in
each CLU parcel. Finally, we overlaid the positive NPV maps with the cleaned CDL map
and spatially extracted the land cover to isolate the different land covers for each
scenario. Operations were conducted in ArcGIS 10.2.
We used the National Commodity Crop Productivity Index (NCCPI) to identify
physically marginal land (Dobos et al., 2008). We classified marginal land as land with a
score of 4 or less on the ten point NCCPI scale, where 0 is the least productive and 10 is
the most productive land for corn and soy. NCCPI is designed to have a linear
relationship between NCCPI value and corn yields, where a 10 equals the highest yields
in the country (e.g. 220 bu acre-1) and 0 equals 0 bu acre-1 (Bob Dobos, personal
communication, Oct 25, 2014). Thus, a 4 on the scale represents roughly 90 bu acre-1. We
chose a value of 4 as our boundary for marginal land because according to NASS
approximately 10% of the 2014 county reported corn yields were 90 bu acre-1 or less
(USDA NASS, 2015). Therefore, by choosing 4 we are targeting the bottom 10% of land
in terms of corn yield.

Results
Breakeven Yield (BEY)
The Breakeven Yield (BEY) is the yield at which the NPV moves from being
negative to positive. Figure 13 shows the NPV from each scenario versus yield at $60
Mg-1, and the BEY is the point where a given scenario crosses the x-axis. The
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Unmanaged scenario has the lowest BEY of 6 Mg ha-1, while the Low Cost and High
Cost scenarios have BEY of 8.5 and 17 Mg ha-1, respectively.
Figure 13 further illustrates that if unmanaged and managed switchgrass have the
same yield, then the NPV of an unmanaged system will always be greater because the
unmanaged system has lower input costs. However, the primary assumption within the
agronomic literature is that higher input systems will have higher yields and the increased
revenue will more than cover the increased costs resulting in higher profits. Without
considering the spatial variability of switchgrass yields it is impossible to know which
system will be the most profitable.
Figure 13 also shows that as the price of nitrogen increases the NPV for the
managed scenarios shifts to the right and the BEY increases. Conversely, as nitrogen
price decreases the BEY decreases. We based the range of nitrogen prices, $0.50-$1.50
kg-1, on the range in prices over the last twenty years as reported by the USDA National
Agricultural Statistics (USDA NASS, 2015). The Unmanaged scenario, however, is not
influenced by the price of nitrogen because nitrogen is not an input in this scenario. Thus,
if nitrogen prices are very high or highly volatile, the unmanaged system will be more
economically attractive.
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Figure 13. The Breakeven Yields (BEY) of the Unmanaged scenario (red), the Low Cost scenario (blue),
and the High Cost scenario (black) at $60 Mg-1. The dashed lines indicate shifts in nitrogen price at $0.50
kgN-1 and $1.50 kgN-1 in the High Cost and Low Cost scenario.
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Figure 14. The Breakeven Yield for the three scenarios under varying biomass prices. A.) Unmanaged, B.)
Low Cost, C.) High Cost. All variables except biomass price are held constant.

Biomass price
Figure 14 shows that none of the scenarios are profitable at $20 Mg-1 and only the
Unmanaged scenario has a breakeven yield less than 20 Mg ha-1 at $40 Mg-1. Thus, at
prices under or at $40 Mg-1, unmanaged systems have an advantage over the managed
systems. However, consistently achieving even the relatively low yields of 6 Mg ha-1
needed to be profitable at $40 Mg-1 may be a challenge in unmanaged systems. Low Cost
achieves a BEY of 8.5 Mg ha-1 at $60 Mg-1, which is in line with the expected yield and
prices reported in other studies (National Research Council, 2011; US DOE, 2011). At
$60 Mg-1, High Cost has a BEY of 17 Mg ha-1, which is at the high end of expected
yields for upland switchgrass under any management scheme. Thus, the results shown in
Figure 14 demonstrate that unmanaged grassland systems have lower BEY than highly
managed systems at the same price and that unmanaged systems may be the only
profitable system at $40 Mg-1 or less.

53
Sensitivity analysis
We conducted a sensitivity analysis to assess the response of NPV to our
assumptions in the three scenarios. Figure 15 shows the results of the sensitivity analysis
for key variables in the Low Cost scenario. Each variable is varied based on its expected
range from the literature, while the other variables are held constant at the values shown
in
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Table!2 at $60 Mg-1. The baseline yield for the sensitivity analysis is 14 Mg ha-1
and results in a positive NPV. In the spatial analysis in the next section, yield varies
based on location. Similar responses occur in the other scenarios and thus are not shown.
Yield is clearly the most important variable in influencing the NPV of the
scenario because it influences a number of factors, e.g. returns and harvest costs, and it
has a large range of possible values. In Figure 15, yield ranges from 7 to 21 Mg ha-1 and
NPV moves from negative to highly positive. Establishment cost, which varies threefold
across our scenarios, also plays an important role in NPV. Given the differences in
establishment methods in the literature enterprise budgets, identifying best practices to
lower establishment costs could be a key area of research. The price of nitrogen and the
amount of nitrogen applied are closely related and when combined have the greatest
influence on NPV next to yields. In Figure 15, only nitrogen fertilizer is considered and
only the Low Cost scenario is represented. The influence of fertilizer costs is even greater
in High Cost because it includes phosphorus and potassium inputs. Another key cost that
is often not discussed is the variable cost in harvesting biomass. To illustrate the
sensitivity of the model to variably harvest costs we chose a range of +/- 20% of the price
per Mg. Finally, while the interest rate does not have a major influence on NPV in the
range of 2–6%, it is an important variable to consider because it is often very subjective
in economic modeling.
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Figure 15. The sensitivity analysis of key variables in calculating the NPV for the Low Cost scenario at $60
Mg-1 biomass. Each variable is varied based on its expected range from the literature, while the other
variables are held constant at the values shown in
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Table 2. We varied values based on their expected ranges from the literature discussed in the section the
enterprise budgets, except Bailing and Moving, which was varied by +/- 20%. We assume a baseline yield
of 14 Mg ha-1.
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Figure 16. The NPV of the three scenarios across the domain of interest on agricultural land: A.)
Unmanaged scenario with 0 kgN ha-1; B.) Low Cost scenario with 100 kgN ha-1 and low cost estimates; C.)
High Cost scenario with 100 kgN ha-1 and high cost estimates.
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Spatial analysis of NPV
As noted in the results of our BEY analysis, yield variability across space will
determine where switchgrass will have a positive NPV under a given scenario. Figure 16
shows the spatially explicit NPV for each scenario across the domain at a field level
using CLU parcels at $60 Mg-1. The yields under each scenario were modeled using the
ALMANAC model, with the Unmanaged scenario receiving 0 kgN ha-1 and the managed
scenarios receiving 100 kgN ha-1. As a result, the yields across the domain are lower in
the Unmanaged scenario compared to the managed scenarios. Even with the lower yields,
Figure 16 shows that there are substantial regions across the domain where NPV for the
Unmanaged scenario is positive. The Low Cost scenario also has positive NPV across
portions of the domain. The High Cost scenario, however, does not have any fields with
positive NPV, which means that the yields obtained by higher levels of inputs were not
enough to offset the high costs in this scenario. Thus, it is apparent that for switchgrass to
be economically viable as a managed crop in this domain costs will need to be kept low
or prices will need to be higher.
For the remainder of the paper we only consider the Unmanaged and Low Cost
scenarios because the High Cost scenario is not economically viable. In Figure 17, we
compare the NPV of these two scenarios to each other. Figure 17A shows the fields
where the Unmanaged scenario has a positive NPV and where the NPV is greater than
the NPV in the Low Cost scenario. In Figure 17B we show where the NPV in the Low
Cost scenario is positive and greater than the NPV in the Unmanaged scenario. Finally, in
Figure 17C we combine the two results in the same map for easy comparison.
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When comparing the maps in Figure 17, we see that unmanaged grassland can be
economically competitive against low cost managed switchgrass. The distribution of the
winning scenarios is heterogeneous across the domain, i.e. we see a smattering of
Unmanaged and Low Cost throughout the region. We also see that many counties would
be a mixture of Unmanaged and Low Cost systems, thus highlighting the value of subcounty modeling. The land where the Unmanaged scenario is more favorable, however,
does cover a broader geographic area, spanning further west into Nebraska and South
Dakota, further north in Minnesota, and with greater density in Iowa and Wisconsin than
the Low Cost scenario.
In terms of total hectares, the Unmanaged scenario is the most profitable
management option on 11.7 million hectares across the entire domain, while the Low
Cost scenario is the most profitable on 4.8 million hectares. As expected in this region of
the country, the majority of the land where switchgrass is profitable under either scenario
is currently in corn/soy production, with the Unmanaged and Low Cost scenarios
covering approximately 8 million and 4 million hectares of corn/soy land respectively.
The second most prominent land cover for both the Unmanaged and Low Cost scenarios
is pasture/hay, with 4.7 million and 1.5 million hectares respectively. Figure 18 shows the
distribution of land cover by scenario.
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!
Figure 17. A.) The locations where Unmanaged NPV is positive and greater than the Low Cost NPV. B.)
The locations where Low Cost NPV is positive and greater than the Unmanaged NPV. C.) A combined
map showing both the results from A. and B.
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Figure 18. The distribution of hectares across land cover types according to the 2014 Cropland Data Layer.
The land is divided between the two scenarios based on which one has the highest NPV. The Common
Land Unit was used to clean the inputs and limit the analysis to agricultural land.
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Figure 19. Land quality in terms of the National Commodity Crop Index (NCCPI) and the respective
number of hectares on each quality category. Land was divided between the scenarios based on which had
the highest NPV and the current land cover. The black bars show land currently in corn/soy production
where Low Cost is the most profitable option and the grey bars show pasture/hay/grassland. The hollow
bars show land in corn/soy production and where Unmanaged is the most profitable option and the striped
show pasture/hay/grassland.

Profitability on physically marginal land
Switchgrass is often cited as having the potential to be grown on marginally
productive land (Gelfand et al., 2013b) and most likely would not be economically
competitive with commodity crops on the highest yielding agricultural land. To identify
where switchgrass might be grown in this region and to estimate its biomass resource
potential on physically marginal land, we selected the scenario with the highest NPV on
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land with a productivity index (NCCPI) less than or equal to 4, equivalent to roughly the
lowest 10% in terms of corn yields. Figure 19, shows the distribution of hectares for
Unmanaged and Low Cost with respect to the NCCPI of the land, where parcels are
divided between the scenarios based on which scenario has the highest positive NPV.
The bulk of the land where switchgrass is profitable is located on highly
productive agricultural land, and therefore is unlikely to be converted to switchgrass
production. Across both scenarios, however, there are a total of 1.6 million hectares of
low quality land where switchgrass has a positive NPV. Of that land, approximately 1
million hectares are currently in corn or soy production and 500,000 are pasture, hay or
grassland. Figure 19 shows that on the majority of those hectares, 1.3 million, are most
profitable under the Unmanaged scenario. Without considering direct competition with
other crops, the total potential biomass produced on marginal land is 7.7 million Mg. The
Unmanaged scenario produces 4.7 million Mg and the Low Cost scenario produces 3.0
million Mg. Thus, while the Unmanaged scenario is profitable on 75% of the total
profitable marginal hectares, the Low Cost scenario produces substantially more biomass
per hectare and contributes to 40% of the total biomass.

Discussion
In this paper we illustrate that unmanaged grassland for bioenergy production is
an economically viable alternative to highly managed switchgrass systems for large areas
of the upper Midwestern US. Our results also show that when the profitability of each
system is modeled at the sub-county level, both systems may be grown within the same
county. The heterogeneity of the management practices at the sub-county landscape
demonstrates that the ideal management practice should be chosen at the parcel level
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based on profitability. In many cases, an unmanaged system is the most profitable
system. Thus, this paper highlights that the unmanaged grassland systems can be an
economically viable option and should be considered in bioenergy resource assessments.
One consideration that could potentially bring these two estimates more closely
together is harvesting biomass from already established grasslands. Establishment cost is
a major cost in our model and reducing this cost by harvesting from already established
grasslands could greatly increase the amount of profitable land under switchgrass
production. Increased profitability from harvesting already existing grasslands could
provide additional justification for allowing harvesting from conservation grassland
programs, such as the Conservation Reserve Program (CRP). Stand life and reestablishment, however, would need to be considered and specific enterprise budgets
studied.
A similar consideration is the potential benefits from government or market
payments for conservation programs or more broadly payments ecosystem services. The
Unmanaged scenario was the only scenario that appeared economically viable at biomass
prices of $40 Mg-1. If land currently enrolled in CRP, which receives an average of $135
ha-1 (Benemelis, 2011), were allowed to be harvest for biomass and received conservation
payments, the breakeven price for these systems would be even lower. Similarly, both the
unmanaged systems and managed systems will provide improvements to ecosystem
services, such as water quality and carbon sequestration, especially if they replace
marginal corn and soybeans. Thus, payments for ecosystem service would further
incentivize the production of biomass from perennial grasses.
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Without additional price supports, however, neither managed nor unmanaged
systems will meet current expectations for biomass production on marginal land. Gelfand
et al. 2013 estimate that there are approximately 11 million hectares of physically
marginal land for biomass production. In our assessment, however, we find only 1.6
million hectares, or roughly 15% of their estimate are profitable for switchgrass
production at $60 Mg-1. Furthermore, an estimate of 1.6 million hectares is likely very
generous. The switchgrass system we modeled, the Low Cost scenario, used the lowest
cost estimates between two university extension enterprise budgets to represent a mature
switchgrass production system. The budgets also did not provide estimates for overhead
costs (depreciation and interest), which will further decrease switchgrass’s profitability.
Thus, including economic returns is essential for assessing the resource potential of
switchgrass and current estimates based on the physically characteristics of the land
greatly overestimate its resource potential at a biomass prices of $60 Mg-1.
In this study, while we did model the economic returns of switchgrass production,
we did not model the returns of competing crops, such as corn and soy. In order, to
identify marginal land we simply assessed the land based on its physical characteristics to
provide a comparison to existing marginal land studies. Future studies should more
closely examine the economic competition between switchgrass and commodity crops
across space to identify economically marginal land rather than simply physically
marginal land.
This study also lays the groundwork for future studies to include larger system
costs and optimization of biofuel production. We calculate economic returns at the farm
gate, but additional costs in transportation and refining may further shift the spatial and
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economic results. For instance, the Unmanaged scenario outcompeted the Low Cost
scenario on far more hectares but also had lower yields per hectare. Including
transportation costs to a biorefinery may favor scenarios where the yields are spatially
more concentrated, and therefore favor the Low Cost scenario. In future research, the
methods and results in this study could be paired with a spatial transportation costs model
to find the optimal switchgrass management regime for given parcels with respect to the
location of biorefineries.

Conclusion
In conclusion, unmanaged switchgrass systems are an economically viable
alternative to highly managed switchgrass systems for bioenergy production in the upper
Midwestern US. Our results also show that when the profitability of each system is
modeled at the sub-county level, both systems may be grown within the same county.
The heterogeneity of the management practices at the sub-county landscape demonstrates
that the ideal management practice should be chosen at the parcel level based on
profitability. In many cases, an unmanaged system is the most profitable system. We also
found that the Unmanaged scenario is the only economically viable scenario at lower
biomass prices of $40 Mg-1 and at $60 Mg-1 it is the most competitive option on 11.7
million hectares versus only 4.8 million hectares for the Low Cost scenario. Thus, lowinput switchgrass systems should be seriously considered in future economic and
resource assessments of perennial grass for bioenergy production. We also find that only
about 15% of the total physically marginal land identified by other studies is profitable at
$60 Mg-1. In summary, unmanaged switchgrass systems are an economically viable
alternative to managed systems in some areas, but even when considering economic
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profitability both systems on physically marginal land; the available land is much less
than found in previous assessments.
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What marginal land? Can switchgrass
compete on the Midwestern landscape?

Summary
Switchgrass is a potential bioenergy crop that can provide high biomass yields, be
cultivated on low quality or “marginal” land, and provide environmental improvements to
the landscape. In this paper we assess the competitiveness of switchgrass compared to a
corn/soybeans rotation across land quality and under varying economic scenarios. We
find that while switchgrass performs better than corn/soy on low quality land in terms of
relative decreases in yield, the adoption of switchgrass is highly dependent on the
economic environment. For instance, switchgrass is not profitable on any land quality in
the six state region in the upper Midwestern US at $60 Mg-1 and additional price supports
are needed for it to be economically viable. At higher biomass prices ($120 Mg-1)
switchgrass is profitable and can outcompete corn/soy on 12.2 million ha of low quality
corn/soy land. Increasing biomass prices, however, will also increase the profitability of
corn through harvesting corn stover as a biomass feedstock. Thus, it is likely that high
biomass prices will stimulate the expansion of corn onto environmentally sensitive land
rather than the adoption of the more environmentally beneficial switchgrass. Payments
for ecosystem services, however, can provide targeted environmental improvements and
stimulate the adoption of switchgrass onto land currently in high impact and low yielding
corn/soy production. Payments for erosion mitigation ($5.47 tSoil-1) and soil carbon
sequestration ($186 tC-1) on top of $60 Mg-biomass-1 are sufficient for switchgrass to
outcompete low yielding corn/soy land on environmentally sensitive land. In addition to
environmental improvements, switchgrass on low quality corn/soy land increases total
ethanol production above that from corn by 20 billion liters, equal to 1/3 of the US’s
cellulosic ethanol target. We conclude that payments for ecosystem services can be an
effective means of meeting both bioenergy and environmental goals by making
switchgrass economically viable on the landscape.
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Introduction
The US has an ambitious goal of producing 60 billion liters of cellulosic biofuel
by 2022 (EISA, 2007). Researchers and policy makers have identified switchgrass
(Panicum virgatum L.) as a potential bioenergy crop with numerous environmental
benefits. Federal conservation management programs have planted switchgrass for
windbreaks, buffers, wildlife habitat, and filter strips across the Great Plains since 1936
(Mitchell et al., 2012). More recently, switchgrass has gained attention because of its
potential as a high yielding biomass crop that can be cultivated across a wide range of
land quality (McLaughlin & Adams Kszos, 2005) while also providing a wide array of
ecosystem services including: supporting biodiversity, water filtration, nutrient retention,
and carbon sequestration (Wright & Turhollow, 2010). In particular, switchgrass has been
noted as producing relatively high biomass yields on low quality lands, thus resulting in
the general claim that switchgrass for bioenergy can be cultivated on “marginal” land.
Cultivating switchgrass on “marginal” land is an appealing idea because unlike
corn-based biofuels it suggests that switchgrass-based biofuels will not compete with
commodity food crops for the highest quality lands (Tilman et al., 2009). In addition, if
switchgrass does replace a commodity crop, it will displace low yielding row crops on
marginal land that currently have high environmental impacts. Taken together, increased
interest in switchgrass’s resource potential and environmental impact has resulted in
numerous studies that attempt to define and find marginal land. Marginal land, however,
has numerous definitions and has been described as: low economic value, low
environmental quality, fallow, idle, abandoned, erodible, highly sloped, degraded, low
yielding, wetlands, drylands, or conservation land (Cai et al., 2011; Campbell et al., 2008;
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Engelhaupt, 2008; Fahd et al., 2011; Field et al., 2008; Gelfand et al., 2013;
Gopalakrishnan et al., 2011; Hartman et al., 2011; James, 2010; Nalepa, 2011; Qin et al.,
2014; Richards et al., 2014; Shortall, 2013; Stoof et al., 2014).
One of the most commonly used metrics for identifying marginal land is the Land
Capability Classification (LCC) system. LCC categorizes land into eight categories based
on the soil’s ability to produce major commodity crops or pastures without degrading
over time. LCC I through IV identify land suitable for cultivation, with class I being
prime farmland and class IV being land having severe limitations and requiring careful
management (Fenton, 2006). Gelfand et al. 2013 defined marginal land for the production
of cellulosic crops as land with an LCC classification V to VI and slopes less than 20%.
They then removed land currently in crop production and assumed only 10% of the
remaining “marginal” land was used for pasture. Thus, the remaining land they consider
idle and “marginal”, and thus suitable for biofuel production. Their approach exemplifies
the use of physical properties to identify the marginal land suitable for cellulosic crops.
Physically marginal land is a popular definition of marginal land because it is
based on high-resolution quantifiable inputs. Assessing switchgrass’s resource potential
and environmental benefits based solely on the physical properties of the land, however,
ignores the economic realities that govern why farmers put land into production. For the
most part, farmers are profit-maximizing actors who will choose to cultivate the crop that
provides the greatest returns (Skevas et al., 2014). Gelfand et al. 2013 and others,
however, assume that if land is physically marginal, it will also be idle and profitable
under switchgrass cultivation. More likely though, land identified as “marginal” will be
in active hay or pasture production (Swinton et al., 2011); even Gelfand et al. 2013 notes
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that as much as 78% of the “marginal” land they identified could be pastureland.
Moreover, it is just as reasonable to assume that idle marginal land not in production
because it is not profitable. Cultivating switchgrass is unlikely to dramatically change
that economic reality because switchgrass production has a similar economic profile to
hay, and if the land is not profitable for hay, it is unlikely to be profitable for switchgrass.
Thus, attempting to identify marginal land based solely on physical land quality and
assuming switchgrass will be the most profitable option (or profitable at all), is not an
accurate method for assessing switchgrass’s resource potential.
Assessing switchgrass’s resource potential based on its economic competitiveness
with other crops is a more appropriate method for identifying where and how much
switchgrass can be produced. A number of large-scale studies have been conducted using
the economic approach. The DOE used the Policy Analysis System (POLYSYS) model,
which uses several interdependent sub-models of crop supply and demand, livestock
supply and demand, and agricultural income, to estimate the biomass production of a
wide variety of potential biomass feedstocks (US DOE, 2011). The EPA also produced a
comprehensive study using the Forest and Agricultural Sector Optimization Model
(FASOM) that maximizes the net present value of welfare over time (EPA, 2010).
Hellman and Verburg used the General Trade Analysis Project (GTAP) model linked
with the Integrated Model to Assess the Global Environment (IMAGE) to quantify the
amount land-use changes at the national level for Europe (Hellmann & Verburg, 2011).
These methods, however, are conducted on the national, state, or county level. While they
can assess the potential total transitions between crops under varying economic
conditions across the contiguous US at a coarse spatial resolution they cannot capture the
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sub-county scale and the quantify the resulting local environmental impacts where land
use transitions occur.
In this paper we use the Agricultural Land Management and Numerical
Assessment Criteria (ALMANAC) model to simulate switchgrass, corn, and soybean
yields at 30m, thus taking into account yield variation across land quality at a high
resolution. We then use enterprise budgets for each crop to produce 10-year net present
values for switchgrass and a corn/soy rotational system at varying prices for biomass. By
combining high-resolution biophysical modeling with crop enterprise budgets, we can
assess how climate and physical land characteristics cause yields and how the resulting
net returns vary over space. Using this information, we assess what economic prices and
land quality result in switchgrass outcompeting a corn/soy rotation. Observing the
resulting land use transitions allows us to determine under what market conditions
switchgrass will enter the landscape, and allow us to move beyond the imprecise idea of
“marginal” land.
Then we move beyond market prices under current institutions and consider the
impact of issuing payments for the ecosystem services of carbon sequestration and
erosion mitigations. We chose to focus on the competition between switchgrass and
corn/soy because the transition from low yielding corn/soy on low quality land will yield
the greatest environmental benefits (Secchi et al., 2011). Also, the US currently diverts
40% of the corn crop to ethanol production, which has lead to an expansion of corn onto
lower quality land (Secchi et al., 2011; Swinton et al., 2011). By replacing some of the
low quality land currently in low yielding corn/soy for bioenergy production with
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switchgrass the US could potentially generate greater biofuel production along with
environmental improvements.

Methods
Study area
We chose the six state region of North Dakota, South Dakota, Nebraska,
Minnesota, Iowa, and Wisconsin as our study area of interest for three reasons. First, the
region is one of the major agricultural producing areas of the country with 4 of the 6
states listed in the top 10 agricultural states in terms of cash receipts (USDA NASS,
2015). Second, the region spans a diversity of agricultural environments, from the highly
productive soils in Iowa and southern Minnesota to the lower quality soils in western
Nebraska and the Dakotas. Finally, the region is a similar domain assessed by Gelfand et
al. 2013, in which they found 11 million hectares of “marginal” land available for
production of bioenergy crops.
Modeling Yields
Key features of this paper are the high-resolution (30m) yield maps for
switchgrass, corn, and soybeans. To model yields we used the Agricultural Land
Management and Numerical Assessment (ALMANAC) model. ALMANAC is a processoriented model that simulates plant growth for both aboveground and belowground
biomass, based on light interception on a daily time step. Light interception and resulting
biomass accumulation are calculated using Beer's Law, leaf area index (LAI), crop
specific light extinction coefficient (k), and crop specific radiation-use efficiency (REU).
Plant growth is temperature driven, with the duration of each development stage based on
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accumulated heat units. The maximum number of potential heat units (PHU) determines
the maximum length of the growing season for each species. Maximum daily biomass is
reduced by water, nutrient, and temperature stresses. Aboveground biomass is partitioned
into grain yield and biomass through a Harvest Index (HI). The model includes
subroutines and functions from the EPIC model (Williams et al., 1984). Required inputs
include, soil data from the Soil Survey Geographic (SSURGO) Database (Soil Survey
Staff, Natural Resources Conservation Service, & USDA, 2015), climate data, crop
parameters, and management schedules.
The ALMANAC model is linked to the SSURGO soil database and models yield
for each soil type within a county. Thus, the ALMANAC model captures the
heterogeneity in yields at the sub-county level caused by differences in the quality and
characteristics of the soil. Soil types within a county are linked to a spatial unit called a
map unit. Map units are spatial polygons that delineate the location of soil types within a
county and can range in size from a few meters to several hundred hectares. The mean
map unit polygon in the study area is 7 hectares. Thus, the ALMANAC model can be
said to provide yield estimates at the scale of agricultural fields. To increase
computational speeds, the map unit polygons and associated ALMANAC yields are
converted into a raster with 30-meter resolution.
To parameterize the ALMANAC model and validate the results for corn and
soybeans we compared the 10-year county average of ALMANAC yields on nonirrigated corn/soy land to the 10-year county average reported by the USDA’s National
Agricultural Statistical Service (NASS) (USDA NASS, 2015). The methods to
parameterize the model were the same used to validate the model, with the only

75
difference being that to determine the initial parameters we used a sample of 12 counties
across the domain and then validated the model using all of the counties compared to
NASS reported averages. Figure 20 shows the locations of the 12 sample counties and the
non-irrigated corn/soy land for the study area.
To create our dataset of reference yields, we downloaded the annual county level
NASS yields for corn and soy and calculated the mean yield between the years 2004 to
2014 for each county (USDA NASS, 2015). The ALAMANC model, however, runs at
the field level and across the entire domain, not just on corn/soy land. To compare the
ALMANAC yields to NASS county yields, we first created a map of corn/soy land from
the 2014 Cropland Data Layer (CDL) (USDA NASS, 2014). The layer included both
corn and soy lands because they are commonly in rotation with each other, and over a 10year time span, corn and soy land can be viewed as an integrated land use system. We
then used the MiRADS data layer of irrigated lands to remove the irrigated land and
create a map of non-irrigated corn/soy land (Brown & Pervez, 2014). Next, we ran the
ALMANAC model to estimate the 10-year mean yield on unique soil types (map units)
across the counties of interest; for more information on mapping ALAMANAC yields see
Chapter 1. We then extracted the ALMANAC yields for non-irrigated corn/soy land
using the non-irrigated corn/soy land data layer. Finally, we used the Zonal Statistics tool
to find the mean yield for ALMANAC yields in each county. All of the spatial analysis
was conducted using ArcGIS 10.2 (ESRI, 2013).

76

Figure 20. The location of the 12 sample sites and the non-irrigated corn/soy land.

For corn, the initial analysis from the 12 sample counties indicated that an LAI of
2.8 and PHU of 1600 provided the line of best fit (y=0.81 + 2.0, R2 = 0.70). The range of
LAI and PHU values cited in the literature for this study area range from 2.8-6.5 and 9501600, respectively (J. R. Kiniry et al., 1995; J.R. Kiniry et al., 1997). All of the counties
were then run with LAI 2.8 and PHU 1600. In the primary corn producing counties in
Iowa and southern Minnesota the model worked very well with percent differences less
than 20% compared to NASS. In the counties on the peripheries of the corn domain,
however, ALMANAC overestimated the yields compared to NASS by more than 20%.
ALMANAC tends to over predict areas with low yields and as a result we needed to
adjust the model to more accurately describe these regions. The counties with more than
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20% error were run again with an LAI 1.6 and PHU 1600. The two domains, the core
counties and the peripheral counties, were then spatially joined to produce a model shown
in Figure 21 with and R2 = 0.80. Even after adjusting the model for the low yielding
areas, ALMANAC still tends to over predict low yielding regions. Finally, the map unit
level ALMANAC yields were joined to SSURGO map units to produce a 30m raster
maps of corn yields shown in Figure 22.
Similar methods were applied to generate ALMANAC yields across the domain
for soybeans. The sample runs for soybeans on the 12 sample counties indicated that an
LAI of 1.5 and PHU 1600 provided the best fit (y = 0.96 + 0.76, R2 = 0.77). Running the
model across the whole domain showed a similar spatial distribution of errors as corn. An
LAI of 1.5 accurately predicted high yielding counties in Iowa but over predicted less
fertile counties on the periphery of the domain. Thus, an LAI of 1.2 was chosen for
counties with an error greater than 30% under LAI of 1.5. The two subsequent regions
with LAI values of 1.5 and 1.2, were combined to create the yield map in Figure 23. The
one-to-one graph in Figure 21 shows a good fit between the model and observed NASS
yields, with an R2 = 0.83.
NASS reports the mean fertilizer rates for corn in 2014 and soy in 2012 for each
state in the study area. To parameterize ALMANAC we used the mean fertilizer rate
across the six states. NASS reported a nitrogen rate for corn of 150 kgN ha-1 and
phosphate rate of 50 kgP ha-1. Soy had a nitrogen rate of 15 kgN ha-1 and a phosphate rate
of 50kgP ha-1. Potassium is not a parameter that can be adjusted in the ALMANAC
model.
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Figure 21. Graph A is the one-to-one graph of ALMANAC modeled county yields vs. NASS reported
county yield (each point is a county) for corn and graph B is the same for soybeans. ALMANAC tends to
overestimate corn yields in low yielding regions of the study area.
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Figure 22. ALMANAC modeled corn yields at the SSURGO map unit level across the six state domain.

Figure 23. ALMANAC modeled soybean yields at the SSURGO map unit level across the six state domain.

The switchgrass system was modeled using the ALMANAC parameters and
methods outlined in Chapter 1. The ALMANAC model was validated using 168 upland
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switchgrass yield observations at 6 sites across North Dakota, Minnesota, Iowa, and
Wisconsin at varying levels of nitrogen management with and R2 = 0.63. The upland
switchgrass ecotype was chosen because it is the dominant ecotype in this region. The
two key location based parameters, LAI and PHU, were calibrated to 4.5 and 1500
respectively. In Chapter 1, ALMANAC was validated at nitrogen levels of 25, 50, 100,
and 150 kgN ha-1 and demonstrated that it could capture yields at different fertilization
levels. For this study we used the nitrogen management level of 100 kgN ha-1, because it
is the most commonly recommend application rate for switchgrass cultivation in the
literature (Pennington, 2011; Vogel et al., 2002).
Enterprise budgets
The enterprise budgets for non-irrigated corn and soy were collected from state
university extension agencies: Minnesota (Lazarus, 2015), Iowa (Ag Decision Maker,
2015) South Dakota (Diersen, 2015), North Dakota (Swenson & Haugen, 2014),
Nebraska (Klein et al., 2015), and Wisconsin (FARM Team, 2015). We aggregated the
expenses in the enterprise budgets into common expense categories to allow for
comparison across budgets. The aggregated budgets are shown in Table 4 for corn and
Table 5 for soy. When an enterprise budget did not provide an estimate for an expense
category, the category was left blank. Nebraska has considerably lower estimates for seed
than the other budgets, which we assume is from using non-proprietary seed. Nebraska
also has lower nitrogen input costs, likely from different management practices in the
western region of the state. Thus, we chose to leave out the seed and nitrogen costs from
Nebraska in the six state mean. The North Dakota budget is the mean of seven regional
budgets. Land rent was excluded because rent should reflect the value of the land based
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on the most profitable cropping system. The variability in costs between state level
enterprise budgets appears to be mostly driven by difference in accounting methods
rather than explicit spatial differences in costs. As a result, in our spatial analysis we used
the mean values from the six budgets across the study area rather than the individual state
estimates. Using the mean also reduces artificial jumps in profits at state boundaries. The
resulting mean corn and soybean costs ($1,276.62 and $740.80 respectively) are
comparable to the 10 year mean costs ($1171.82 and $766.28 respectively) reported by
USDA for the Northern Great Plains Region (USDA NASS, 2015).

Table 4. Corn enterprise budget for the six state study region: Minnesota (Lazarus, 2015), Iowa (Ag Decision Maker, 2015) South Dakota (Diersen, 2015),
North Dakota (Swenson & Haugen, 2014), Nebraska (Klein et al., 2015), Wisconsin (FARM Team, 2015). Overhead includes interest and depreciation. Land
rent was not included.

!!

MN

WI

IA

SD

NE

ND

Mean

-1

------------------------------------------------- $ ha ------------------------------------------------Seed

$318.77

$225.88

$286.15

$286.64

70.70*

$221.28

$267.74

Fertilizer

$242.66

$281.90

$313.45

$277.80

123.28*

$224.02

$267.97

$73.41

$74.18

$87.72

$130.97

$53.13

$104.32

Crop chemicals
Pest Scouting
Crop drying
On farm transport & storage
Machinery (incl. labor)
Labor (non-machinery) &
Mgmt
Energy & Repairs
Overhead
Total Costs per hectare

$16.68
$34.59

$111.82

$8.35

$117.23

$263.92

$206.51
$17.30

$64.25

$18.90

$16.99
$61.15

$35.63

$53.74

$351.19

$286.64

$21.99

$83.52

$135.91

$81.40

$64.87

$24.71

$11.12

$45.53

$29.27

$197.24

$60.02

$86.49

$73.76

$250.65

$116.24

$1,200.12

$1,111.79

$1,206.76

$1,268.70

$769.59

$939.43

$1,276.62

$147.75

$223.51

$58.14

$118.08

$248.67
$97.29

* Values were excluded from the mean.
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Table 5. Soybean enterprise budget for the six state study region: Minnesota (Lazarus, 2015), Iowa (Ag Decision Maker, 2015) South Dakota (Diersen, 2015),
North Dakota (Swenson & Haugen, 2014), Nebraska (Klein et al., 2015), Wisconsin (FARM Team, 2015). Overhead includes interest and depreciation. Land
rent was not included.

!!

MN

WI

IA

------------------------------------------------- $ ha
Seed

SD
-1

$316.29

$135.91

$143.32

Fertilizer

$15.57

$146.09

$148.14

Crop chemicals

$75.59

$8.08

$65.48

Machinery (incl. labor)
Labor (non-machinery) &
Mgmt
Energy $ Repairs
Overhead
Total Cost per hectare

$3.52

Mean

$108.73

$171.12

$170.61

$135.41

$1.38

$14.86

$76.91

$108.73

$68.74

$68.84

$65.91

$3.85

Pest Scouting
On farm transport & storage

ND

-------------------------------------------------

$148.26

Inoculant

NE

$3.85

$16.68

$17.30

$16.99

$14.97

$10.60

$9.70

$250.42

$195.58

$244.63
$135.91

$82.53

$24.46

$78.70

$53.50

$118.36

$24.71

$15.73

$156.79

$36.89

$64.25

$645.12

$805.57

$685.41

$832.25

$168.58

$80.45

$187.93
$80.40

$9.44

$51.50

$49.08

$145.28

$78.00

$424.41

$489.99

$741.80

* Values were excluded from the mean.
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In our spatial model, we modeled corn and soy in rotation with each other because
a corn/soy rotation is the dominant cropping system in the region (USDA NASS, 2015).
To simulate a rotation, we used estimated corn yields in the first year, multiplied by corn
price, and subtracted annual costs to calculate a yearly profit. In the next year we made
the same calculations for soybeans and repeated them alternating between corn and
soybeans for 10 years. Finally, we calculated the net present value (NPV) for the time
period with a 4% interest rate; thus we were able to compare the annual corn/soy system
to the perennial switchgrass system.
We expanded our assessment of the corn/soy system by also calculating the 10year NPV that would result by harvesting corn stover for biomass. We used the same
biomass prices as switchgrass ($120 Mg-1) and used the enterprise budget in Table 6 to
calculate total stover costs of $40.59 Mg-1. We assumed that the biomass to grain ratio
(harvest index) was 1:1 and that 30% of the residue could be sustainably harvested. Field
trials have shown that under certain circumstances harvesting corn stover can increase
corn yields by 5%, but to be conservative we did not include any corn yield increases in
our estimates (Coulter & Nafziger, 2008; Halvorson & Stewart, 2015; Schmer et al.,
2014; Sindelar et al., 2013). We calculated the harvested biomass for each map unit based
on grain yield, harvest index, and percent harvested residue, and then added the
additional revenue and costs to the years of corn production. Finally, we calculated the
NPV for the 10-year time span after the addition of corn stover to the scenario.
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Table 6. The expenses for managing and harvesting corn stover taken from (Edwards, 2014).
Item
Pounds of nitrogen removed
Pounds of phosphate removed
Pounds of potash removed
Cost to replace nitrogen
Cost to replace phosphate
Cost to replace potash
Total harvesting costs
Total farm gate costs

Per dry Mg

$
$
$
$
$

0
2.5
15.8
1.31
7.90
31.37
40.59

The switchgrass enterprise budget used in this analysis, labeled “Scenario” in
Table 7, is the Low Cost managed scenario discussed in Chapter 2 with addition of the
Overhead expense. Overhead was included in the corn and soybean budgets but not the
switchgrass budgets and thus was added to switchgrass’s budget to make the budgets
comparable. The overhead expense is the average of the corn and soy overhead, are the
general farm expenses of interest for loans and depreciation of capital and is independent
from the crop grown.
The switchgrass enterprise budget draws from two switchgrass budgets one
published by Iowa State University’s extension service and the other from Penn State’s
extension service (Hoque et al., 2015; Jacobson & Helsel, 2014). The scenario budget
includes aspects from both budgets that were missing in one or the other and when
presented with an option from the two budgets the lower cost option was chosen. At
$1,386 ha-1, the total cost is slightly lower compared to the total cost from Penn State and
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Iowa State of $1,681 ha-1 and $1,685 ha-1, respectively. The Low Cost scenario from
Chapter 2 was chosen because it represents a mature and efficient switchgrass system.

Table 7. The “Scenario” column in this table contains the expense values we used in the analysis for this
paper. Scenario is a combination of the values from two extension enterprise budgets. For more details on
the selected values see Chapter 2.
Penn State

Iowa State

Scenario

----------------- $ ha-1 ----------------Establishment site prep

1056.13

1207.58

900.33

Fertilizer Spreading

26.18

12.36

12.36

Spraying Chemicals

NA

18.66

18.66

236.34

67.88

77.13

NA

15.81

15.81

Operating Years

Fertilizer Cost
Herbicide
Lime

46.93

NA

0.00

Total

309.45

114.71

123.96

40.03

35.09

35.09

275.38

259.32

259.32

NA

67.90

67.90

315.41
NA

362.31
NA

362.31
97.12

14

14

14

1680.99

1684.59

1386.60

Harvest
Mowing/conditioning
Baling Cost
Moving to Storage
Total
Overhead
Yield (Mg/ha)
Total Costs

Crop Prices
Along with yields and costs crop prices are the third key economic variable in our
analysis. For corn and soybeans we used the prices recommended by the 2015 extension
literature along with historical prices presented by NASS. In our default analysis we used
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$137.80 Mg-1 ($3.5 bu -1) for corn and 349.03 Mg-1 ($9.5 bu-1) for soybean, which were
drawn from our reference enterprise budgets in Table 4 and
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Table 5. These values are a good approximation for the 10-year (2005-2015) average of
corn and soybean prices, $162.02 Mg-1 ($4.12 bu-corn-1) and $362.62 Mg-1 ($9.87 busoybean-1), respectively (USDA NASS, 2015), and are slightly lower to reflect current
trends in declining prices. In our scenario of high corn and soy prices we chose the
highest annual prices from the last 10 years, which were $274.02 Mg-1 ($6.96 bu-corn-1)
and $525.38 Mg-1 ($14.3 bu-soybean-1) (USDA NASS, 2015). There currently is not a
market for switchgrass biomass, so we chose $60 Mg-1 as a commonly cited value where
switchgrass is profitable and $120 Mg-1 as the highest value cited by the US DOE’s
billion ton study (US DOE, 2011).
Ecosystem services
We estimated the value from two ecosystem services, carbon sequestration and
erosion mitigation, using the environmental outputs from the ALMANANC model. For
carbon sequestration we modeled corn/soy rotation for 10 years followed by 10 years of
switchgrass cultivation. We calculated the difference in soil organic carbon (SOC) from
the end of the 10 years of corn/soy production to the SOC at the end of the 10 years of
switchgrass production. We used the average change in SOC on corn/soy land (identified
with the CDL) where switchgrass outcompeted corn/soy at $120 Mg-1. On this land, we
found that SOC increased at an average annual rate of 0.789 Mg ha-1 yr-1, which is within
the range reported in the literature (0.14-0.95 Mg ha-1 yr-1) of SOC increase after
transition from corn/soy to perennial grass (Izaurralde et al., 2006; Liebig et al., 2005; Ma
et al., 2000; McLauchlan et al., 2006).
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Numerous studies have estimated the social cost of carbon, and Tol 2011 provides
a review of this literature. For our analysis we chose the mean value from 311 published
estimates of $186 MgC-1 (in 2014 dollars) (Tol, 2011). The US government also provides
an in-depth analysis of the social cost of carbon, and estimates the average cost in 2015 at
$146 MgC-1 with a 3% discount rate and $227 MgC-1 with a discount rate of 2.5% (both
in 2014 dollars) (Interagency Working Group on Social Cost of Carbon, 2010). Thus, we
are comfortable with our chosen value of $186 MgC-1 for our social cost of carbon, which
falls within this range. The market price of carbon, however, does not yet represent the
social cost of carbon, and in January 2015 in the California Carbon market was $47.71
MgC-1 (Climate Policy Initiative, 2015).
ALMANAC produces an annual estimate of soil erosion using the Modified
Universal Soil Loss Equation (MUSLE) and soil subroutines based on the EPIC model.
For corn/soy land under corn/soy production for the entire study area the average loss rate
was 7.8 Mg ha-1, which matches well with the National Resources Conservation Service’s
estimate of soil loss on US cropland of Mg ha-1 (USDA NRCS, 2010). For our analysis of
erosion mitigation payments we calculated the annual erosion rate on the corn/soy land
where switchgrass outcompeted corn/soy at $120 Mg-1. We found that on this lower
quality land the erosion rate under corn/soy production was much higher, at 30 Mg ha-1,
than the regional average. Other studies confirm that values even greater than 68 Mg ha-1
are possible on highly erodible land (Kort et al., 1998). Under switchgrass production the
erosion rate was dramatically reduced to 0.2 Mg ha-1. Thus, switchgrass will likely
greatly reduce the erosion rate by displacing corn/soy land on low quality land. To value
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the reduction in soil erosion we used the price of $5.43 MgSoil-1 that was used by the
USDA’s Environmental Quality Incentives Program (EQIP) (USDA NRCS, 2009).
Identifying Physically Marginal Land
To identify the physical quality of land we used the National Commodity Crop
Index (NCCPI) (Schaetzl et al., 2012). The NCCPI provides a ranking of soil quality for
commodity crops such as corn, wheat, and cotton. The index was created using SSURGO
level soil properties and is therefore at the same scale as the ALMANAC model. The
NCCPI model was created at a scale from 0.01 to 1, which we adjusted to 1 to 100 for
our analysis. To evaluate the land quality of ALMANAC yields, we joined ALMANAC
and NCCPI to a gridded SSURGO raster based on map units. Then we used the
Summarize tool in ArcGIS to find the mean yield and standard deviation of yields at each
NCCPI value from 1 to 100 in increments of 1. In displaying the results graphically in the
figures showing NPV vs NCCPI we smoothed the curves with a 5 point running average.
Identifying fields and land cover
To isolate corn and soy land in our analysis we used the 2014 Cropland Data
Layer (CDL) (USDA NASS, 2014). The CDL is a raster dataset of the contiguous United
States that shows specific crop coverage at a 30m resolution. The CDL is managed by the
USGS National Agricultural Statistical Service (NASS) and is produced annually.
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Results
Market driven scenarios

Figure 24. Switchgrass and corn/soy 10-year NPV related to land quality in terms of the National
Commodity Crop Index (NCCPI). The solid lines show the mean NPV and the shaded areas are one
standard deviation (σ). The prices for biomass, corn, and soybeans $60 Mg-1, $137.80 Mg-1, and $349.03
Mg-1 respectively.

Figure 24 shows the 10-year NPV for corn/soy and switchgrass related to land
quality across the entire study region. The corn/soy NPV curve behaves as expected, with
high returns on the highest quality land and decreasing returns as land quality diminishes
until corn/soy is no longer profitable. Switchgrass NPV also declines with decreasing
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land quality but the slope of the decrease is less than that of corn. Thus, Figure 24
confirms the idea that in terms of relative decreases in yield, switchgrass will perform
better than corn on low quality land. However, at prices of $136 Mg-1 corn ($3.50 bu-1),
$349.03 Mg-1 soybean ($9.50 bu-1), and $60 Mg-1 biomass, we find that switchgrass does
not outcompete corn/soy anywhere in the six state region. Even more notable, is that at
$60 Mg-1, switchgrass is not profitable anywhere in the region. This means that at this
commonly cited biomass price, it is not economically viable for farmers to grow
switchgrass on any land regardless of its quality.
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Figure 25. Switchgrass and corn/soy 10-year NPV related to land quality in terms of the National
Commodity Crop Index (NCCPI). The solid lines show the mean NPV and the shaded areas are one
standard deviation (σ). The prices for biomass, corn, and soybeans $120 Mg-1, $137.80 Mg-1, and 349.03
Mg-1 respectively.

To assess conditions where switchgrass would be profitable and competitive, we
modeled switchgrass NPV at a biomass price of $120 Mg-1. Figure 25 shows NPV versus
NCCPI under these more economically favorable conditions and it illustrates the
dramatic impact price can have on the competitiveness of switchgrass. In shifting from
$60 Mg-1 to $120 Mg-1, switchgrass moves from not being profitable anywhere to being
profitable on all lands. Furthermore, switchgrass is likely to outcompete corn/soy on low
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quality land. Switchgrass is less likely to outcompete corn/soy on high quality land but it
may be possible in locations. There is substantial overlap in the range of NPV for both
cropping systems on high quality land, as shown by the overlap in shaded areas of the
graph indicating the standard deviation of NPV. As a result, there may be parcels of high
quality land where switchgrass outcompetes corn/soy.
Figure 26 shows switchgrass’s competitiveness with corn/soy on corn/soy land
under biomass prices of $60 Mg-1, $90 Mg-1, and $120 Mg-1. Competitiveness was
calculated by subtracting switchgrass’s NPV by corn/soy’s NPV. The figure shows that
as biomass price increases from $60 Mg-1 to $90 Mg-1, switchgrass becomes competitive
in the western third of the study area on 2.8 million hectares. Then when biomass price
increases to $120 Mg-1, switchgrass rapidly expands onto 12.2 million hectares
throughout the study area, only western and eastern Iowa remain dominated by corn. The
rest of the study area is either dominated by switchgrass or is a heterogeneous landscape
of the two systems.
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Figure 26. Switchgrass’s competitiveness with corn/soy on corn/soy land across the six state domain at
varying biomass prices: A.) $60 Mg-1, B.) $90 Mg-1, and C.) $120 Mg-1.
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Creating a market for biomass will benefit other biomass crops in addition to
switchgrass. In particular, high biomass prices will incentivize farmers to harvest corn
stover, which will increase the profitability of corn/soy systems and will likely make it
harder for switchgrass to compete economically. We added the costs and returns of corn
stover to our analysis and the results are shown in Figure 27. The addition of corn stover
shifts the corn/soy NPV vs NCCPI curve upward. The dashed line in Figure 27 shows the
mean NPV of corn/soy without stover harvest and solid orange line shows the new man
NPV with stover harvest. By shifting the curve upwards amount of overlap between the
NPV distributions of the two crops, indicating that it is less likely for switchgrass to
compete on medium or high quality land. Our spatial analysis shows that adding stover
harvesting reduces the land on which switchgrass is likely to be competitive from 12.2
million hectares to 7.5 million hectares.
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Figure 27. The orange line shows the 10-year NPV of harvesting corn stover added to the NPV of the corn
rotation at a biomass price of $120 Mg-1. The black dashed line shows the mean 10-year NPV of just
corn/soy. The solid blue line shows the mean 10-year NPV of switchgrass at $120 Mg-1. The shaded areas
show one standard deviation (σ).

Next, we consider two additional market scenarios that affect the adoption of
switchgrass on the landscape. The first is farmer’s willingness to transition from a
traditional crop to a novel bioenergy crop. To simulate this resistance we assume that
switchgrass will require a 50% premium over corn/soy to incentivize farmers to switch
(Skevas et al., 2014). With the hurdle of a premium, we find that the total switchgrass
hectares are reduced from 12.2 million hectares at $120 Mg-1 to 9.7 million hectares. The
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50% premium only results in a 20% reduction area, which indicates that at the high
biomass prices of $120 Mg1 switchgrass is highly completive in the areas that it
outcompetes corn/soy.
In the second scenario we consider switchgrass competitiveness when corn and
soybean prices are at their highest annual values over the last decade. In this scenario, we
find that even at the high biomass price of $120 Mg-1, switchgrass cannot compete and is
only competitive on 35,000 hectares of corn/soy land. The relationship between NPV and
the NCCPI for this scenario is shown in Figure 28, where we see that corn/soy NPV far
surpasses switchgrass NPV across all degrees of land quality. Finally, in Figure 29 we
summarize the total hectares of competitive switchgrass on corn/soy land for the four
market driven scenarios at $120 Mg-1.

99

Figure 28. Switchgrass and corn/soy 10-year NPV related to land quality in terms of the National
Commodity Crop Index (NCCPI) at decadal high corn and soybean prices. The solid lines show the mean
NPV and the shaded areas are one standard deviation (σ). The prices for biomass, corn, and soybeans $120
Mg-1, $274.02 Mg-1 ($6.96 bu-corn-1) and $525.38 Mg-1 ($14.3 bu-soybean-1), respectively.
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Figure 29. The hectares of corn/soy land in which switchgrass at $120 Mg-1 outcompetes corn/soy under
varying scenarios. The 50% Premium scenario assumes that switchgrass returns need to be 50% greater
than corn/soy returns for switchgrass to be competitive. The Stover scenario assumes corn stover is
harvested on the corn rotation and receives $120 Mg-1. The High $ Corn/Soy scenario assumes that corn
and soybean prices are equal to the highest annual prices between 2004 and 2014.

Ecosystem services scenarios
Switchgrass has numerous environmental benefits over corn and soy that are not
captured in the price of biomass. In Figure 30 we summarize the potential impact of
monetizing environmental benefits on the competitiveness of switchgrass. We start by
assuming a biomass price of $60 Mg-1, under which switchgrass is not competitive
anywhere on the landscape. Next we add carbon payments ($1286 MgC-1) for the annual
increase in soil carbon that occurs when switching from a row crop to perennial grasses.
Then we add erosion mitigation payments ($5.43 MgSoil-1) for reduced soil erosion. With
the addition of carbon and erosion payments switchgrass becomes competitive on the
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landscape. We chose to quantify carbon and erosion because they were two impacts that
were readily measurable with the ALMANAC model and have prices extensively
discussed in the literature or have been implemented in US agricultural policy.
Switchgrass also provides other benefits that are much more difficult to quantify and/or
value, such as improved habitat and improved water quality from reduced N and P. To
illustrate that these additional services could be valued and further enhance switchgrass’s
competitiveness, we added a final credit of $70 ha-1, which is shown as the dashed red
line in Figure 30. Figure 31 shows the spatial distribution of switchgrass competitiveness
on the landscape. The total hectares of switchgrass competiveness for each scenario are
3.7 million ha with erosion payments (B), 6.9 million ha with erosion and carbon
payments (C), and 12.2 million ha with erosion, carbon, and other ecosystem service
payments. The main spatial differences between Figure 26 and Figure 31, is that in Figure
31 competitive switchgrass is more concentrated on low quality land in the western
domain and is found more rarely on high quality land in Iowa.
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Figure 30. The impact of paying for ecosystem services on the 10-year NPV of switchgrass. The solid blue
line shows switchgrass NPV vs land quality at the biomass price of $60 Mg-1. The solid grey line shows the
NPV when payments ($186 MgC-1) for carbon sequestration in the soil are paid on top of the market price.
The solid yellow line adds payments for erosion mitigation ($5.43 MgSoil-1). The dashed red line is the
effect of an additional $70 ha-1 that makes the competitiveness of switchgrass at $60 Mg-1 + ecosystem
services comparable to switchgrass with a biomass price of $120 Mg-1. The additional $70 ha-1 might be
achieved by including payments for ecosystem services we did not consider.
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Figure 31. Switchgrass competitiveness with a corn/soy rotation with ecosystem service payments. A.)
Switchgrass competitiveness at $60 Mg-1 without ecosystem service payments. B.) Switchgrass
competitiveness at $60 Mg-1 with erosion payments. C.) Switchgrass competitiveness with erosion and
carbon payments. D.) Switchgrass competitiveness with erosion, carbon, and other payments.

Discussion:
Switchgrass has been touted as a potential bioenergy crop that could be cultivated
on “marginal” lands. In our analysis, we find that switchgrass yields decline at a slower
rate than corn/soy yields as land quality diminishes and thus in terms of relative yield
switchgrass performs better on low quality lands than corn/soy. However, the physical
properties of land are a secondary factor when considering switchgrass adoption. The
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primary driver of switchgrass adoption is the overall economic environment, with key
factors being biomass prices, cultivation costs, and the returns from competing crops. For
instance, at $60 Mg-biomass-1 switchgrass is not profitable anywhere on the landscape no
matter what the quality of the land. At $120 Mg-biomass-1, however, switchgrass is
profitable on all types of land. Thus, when considering the land available for the
cultivation of bioenergy crops only assessing the physical “marginalness” of the land is
not sufficient.
Rather than consider economic advantage, some resource assessments for
switchgrass have selected land for switchgrass cultivation by selecting a land quality
threshold, deeming land below that threshold “marginal” and therefore suitable for
switchgrass cultivation. Gelfand et al. 2013 is an example of this type of assessment and
chose low quality land according to the Land Capability Class system. Given the
sensitivity of switchgrass adoption to prices, however, setting an arbitrary threshold
based on land quality does not accurately capture whether its profits are positive or
negative or its competitiveness with other crops and therefore does not accurately
represent switchgrass’s potential adoption on the landscape. Furthermore, in Figure 25
we see the wide variability of NPV for both switchgrass and corn/soy at all levels of land
quality. As a result of this variability, switchgrass is able to outcompete corn/soy on some
high quality parcels. Selecting land based solely on threshold of physical quality would
miss this economically competitive land entirely.
In our assessment, we assessed switchgrass’s profitability and compared its
economic competitiveness against a corn/soy rotation, the dominant cropping system in
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the region. We found that at $90 Mg-biomass-1, switchgrass outcompetes corn/soy on
lower quality lands. As biomass prices increase to $120 Mg switchgrass outcompetes
corn/soy on low quality land and some high quality land. Figure 26 shows the expansion
of switchgrass on corn/soy land as prices increase, ending with the $120 Mg-biomass-1
scenario where switchgrass can be found all across the six state study area. The rapid
expansion of switchgrass with increasing biomass prices further highlights how sensitive
switchgrass’s competitiveness is to the economic conditions.
Additionally, when corn and soybean prices are at their decadal high we find that
switchgrass cannot compete anywhere on the landscape, even at the high biomass price of
$120 Mg-biomass-1. In 2007 to 2008 corn/soy prices increased dramatically and in 2015
they have returned to the decadal average and are continuing a downward trend. If
corn/soy prices increase again it will be difficult for switchgrass to compete on the
landscape.
In addition to varying biomass and corn/soy prices, we also considered two other
scenarios that impact the economics of switchgrass adoption, a farmer premium to switch
crops and the effect of harvesting corn stover. To simulate farmer resistance to
transitioning to a new crop we added the requirement that switchgrass provide a 50%
premium over corn/soy. We found at $120 Mg-biomass-1 having a 50% premium reduced
the total number of competitive switchgrass hectares by 2.5 million hectares. While a
farmer’s sensitivity to market signals to transition crops can play an important role in the
adoption of switchgrass, we find that a 50% premium only reduced the total hectares by
20%. Farmers, however, are a heterogeneous group, with varying willingness to adopt a
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novel crop (Skevas et al., 2014). For example, Skevas et al. 2014 found some farmers
were bioenergy supporters and very willing to adopt, some driven solely by returns, and
others resistant to change. In this study we were able to advance the analysis of
switchgrass adoption by modeling high resolution yields but identifying which farms are
owned by what type of farmer is currently not possible and farmer willingness to adopt a
new crop would likely affect where on a high resolution landscape switchgrass is
adopted.
The second scenario we considered was the addition of harvesting corn stover for
bioenergy from the corn/soy rotation. We found stover harvest had a considerable impact
on switchgrass competitiveness, reducing total hectares by 38% or 4.7 million hectares,
when biomass prices were at $120 Mg -1. Figure 27 shows that the increased revenue
from stover harvest makes corn/soy rotation more competitive on lower quality land.
Because corn is also a familiar annual crop to farmers, stover harvesting is likely to make
corn more attractive to adopt than switchgrass. Thus, establishing a market for cellulosic
bio-energy will more likely drive the adoption corn/stover systems onto marginal land
rather than switchgrass because farmers in the study region already own many of the
capital investments necessary for profitable corn grain and stover harvesting, and have
substantial expertise in managing corn/soy systems. The unintended environmental
consequences of expanded and intensified corn cultivation on low quality lands could be
substantial and should be a key area of future research.
One potential way to encourage the adoption of environmentally favorable crops
like switchgrass over more intensive corn systems is to include payments for ecosystem
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services. Switchgrass has numerous environmental benefits e.g. carbon sequestration,
erosion mitigation, and runoff reduction, that are currently not valued in the markets. By
paying for environmental benefits in addition to biomass, switchgrass may be more
competitive than corn stover systems on environmentally sensitive lands. In our analysis
of the erosion mitigation potential we found that the corn/soy land that switchgrass was
competitive on had a high average erosion rate of 30 Mg ha-1, while the average erosion
rate of all corn/soy land was only 7.8 Mg ha-1. Switchgrass on the other hand, had an
erosion rate less than 0.2 Mg ha-1 on the same land. Thus, by issuing payments for
erosion reduction, switchgrass will be able compete with corn/soy cultivated on highly
erodible and environmentally sensitive lands and thereby greatly reduce the erosion rate.
The other ecosystem service we directly considered was carbon sequestration
through the buildup of soil carbon. As shown in Figure 30, payments for carbon provided
considerable NPV gains, which are necessary if switchgrass is to be profitable on the
landscape. The social cost of carbon, however, has a very broad range of possible values
ranging from the market price of $46 MgC-1 (Climate Policy Initiative, 2015) to the
highest estimates that can exceed $669 MgC-1 (Tol, 2011). At low carbon values, such as
$46 MgC-1, it will be difficult for switchgrass to compete without much greater payments
from other ecosystem services.
There are several other ecosystem services that could be considered in addition to
carbon storage and erosion mitigation, such as improved habitat, improved water quality
from reduced N and P loadings, and improved air quality from reduced N2O emission and
particulate matter (Tessum et al., 2014). For this study we chose to focus on soil carbon
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and erosion and future work could greatly expand on assessing the additional value from
more ecosystem services. In Figure 30 we illustrate that these additional payments could
further increase switchgrass’s competitiveness on the landscape. The dashed line in
Figure 30 is not meant to directly value the remaining services but instead shows that
with an additional $70 ha-1 in other ecosystem service payments on top of erosion and
carbon, switchgrass at $60 Mg-1 with ecosystem payments will have a competitiveness
similar to that of switchgrass with a biomass price of $120 Mg-1.
Providing ecosystem service payments to farmers will require substantial policy
support, but the needed support is within the range of historical and existing policy
measures. In our ecosystem service scenario, payments of $360 ha-1 are needed to make
switchgrass at $60 Mg-1 similarly competitive to switchgrass at $120 Mg-1. When applied
to 12.2 million hectares it equals a total expenditure of $4.4 billion annually. The current
budget for the USDA’s Conservation Reserve Program (CRP), which pays farmers to
transition land from crops to conservation land and to take other conservation measures,
is $2.1 billion annually for 12 million hectares (USDA NASS, 2015). The estimated cost
of $4.4 billion is considerably higher, however, a more illuminating comparison is that to
spur the development of the corn ethanol industry in the 2000’s the US supported $6
billion in annual expenditures through the Volumetric Ethanol Excise Tax Credit
(VEETC) in the American Jobs Creation Act of 2004. Thus, the resources needed to
support a switchgrass bioenergy industry through ecosystem service payments are within
the realm of past budgets. Furthermore, payments for ecosystem services lend themselves
to several payment structures that do not need to be limited to direct payments from a
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central government and could be facilitated through cap and trade markets, payments
from downstream beneficiaries, or a blend of payment systems.
It is important to note that paying for ecosystem services has advantages over
simply increasing the price of biomass. As mentioned earlier, high biomass prices will
drive the adoption of corn stover and the expansion of high impact corn onto more
environmentally sensitive land. Payments for ecosystem services, however, will not
benefit corn stover and will thus make switchgrass more competitive without making
corn more competitive as well. Furthermore, payments for ecosystems services will foster
switchgrass adoption in the areas that benefit the most first. For instance, farmers will
receive higher erosion mitigation payments for areas that will have high reductions in
erosion. As a result, payments for ecosystem services would likely drive conversion from
high impact low yielding row crops to switchgrass, rather than conversions from other
low input perennial systems like pasture. Thus, valuing ecosystem services provides a
targeted method for maximizing the reduction in the environmental impacts of
agricultural systems.
Finally, switchgrass supported with ecosystem service payments can improve the
environmental profile of the landscape by replacing corn/soy, especially on low-quality
land, while simultaneously increasing bioenergy production. The corn/soy land that
switchgrass replaces has high environmental impact and low yields. The corn/soy land
where switchgrass outcompetes corn/soy has an average corn yield of 6.5 Mg ha-1 (97 bu
ac-1), which is substantially less than the national average corn yield of 10.1 Mg ha-1 (150
bu ac-1) (USDA NASS, 2015). Switchgrass, on the other hand, has an average yield of 8.3
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Mg ha-1, thus producing more biomass per hectare than corn. As a result, we estimate that
at the equivalent of $120 Mg-1 switchgrass could produce 38 billion liters of ethanol per
year on low quality corn/soy land, while corn in rotation with soy would only produce 18
billion liters of ethanol per year1. Thus, cultivating switchgrass on the low quality
corn/soy land would improve the environment while also increasing ethanol production
by 20 billion liters, which is equal to 1/3 of the US’s cellulosic ethanol target.

Conclusion
Switchgrass is a potential bioenergy crop that can provide high biomass yields, be
cultivated on low quality land, and provide environmental improvements to the
landscape. Switchgrass, however, is not profitable anywhere on the landscape at $60 Mg1

and additional price supports are needed for it to be economically viable. At higher

biomass prices ($120 Mg-1) switchgrass is profitable and can outcompete corn/soy for
low quality land. Increasing biomass prices, however, will also increase the profitability
of corn land through harvesting corn stover as a biomass feedstock. Thus, it is likely that
high biomass prices will stimulate the expansion of corn onto environmentally sensitive
land rather than the adoption of the environmentally beneficial switchgrass. Payments for

1
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The Mg reported are total yields from all 12.2 million of corn/soy ha that would likely be replaced by
switchgrass at $120 Mg-1. Estimates of the conversion efficiency of switchgrass to ethanol vary widely
because the technology is not yet commercialized. Literature values range from 250 l EtOH Mg-1 to 450 l
EtOH Mg-1, depending on the technology examined (Daystar et al., 2015; Jungers et al., 2013; Khoo,
2015). We chose a value of 380 l EtOH Mg-1 from Gelfand et al. 2013 to be comparable to their results.
Corn is in rotation with soybeans, with 55% of the total corn/soy land in corn production in any given year
(USDA NASS, 2015). Our conversion efficiency for corn to ethanol of 413 l EtOH Mg-1 comes from
estimates of the bioethanol industry conversion rates (Chum et al., 2014).!!!!
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ecosystem services, however, would provide targeted payments for environmental
improvements and stimulate the adoption of switchgrass onto land currently in high
impact and low yielding row crops. Thus, payments for ecosystem services can be an
effective means of meeting both bioenergy and environmental goals. Finally, establishing
sufficient funding for ecosystem services is comparable to the budgets of past and current
conservation and green energy policy initiatives.
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