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ABSTRACT
Corn production in the US Midwest is known for its important role in the national and
global corn productivity and is facing massive challenges posed by the future changes in
temperature and rainfall variability. An over-winter cover crop that grows during the gap period
between cash crops can provide several environmental benefits such as improve infiltration,
reduce nitrate-N loss, reduce runoff and erosion through its interaction with many of the soilwater-plant processes. Therefore, the addition of an over-winter cover crop in the corn-soybean
rotation is a promising approach that has the potential to adapt corn production to the future
climate and mitigate the climate change risks. The objective of this dissertation is to advance the
understanding of long-term impacts of cover crop and evaluate the use of cover crop as a climate
change adaptation strategy for corn production in the Midwestern United States. This dissertation
accomplished the research goals by integrating field experimental observations, future climate
projections, agricultural system modeling and quantitative data analysis.
Using a 12-year experimental data of crop yield, tile flow and nitrate-N loss to drainage
water from Northern Iowa, we found that transferring parameters values from an existing
RZWQM calibration to predictions under the future climate can be erroneous, the prediction
uncertainty is only reduced when RZWQM is trained with data that is able to constrain the model
parameters relevant to the processes controlling the desired prediction (Chapter 2). By
performing a probabilistic assessment of long-term RZWQM simulated nitrate-N loss data from
corn-soybean rotation with and without cereal cover crop, we provided a detailed evaluation of
the likelihood of cover crop to achieve any particular nitrate-N loss reduction goals, and
suggested the importance of including probabilistic information in decision-making of
agricultural management choices (Chapter 3). The long-term simulations of no-till corn-soybean
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rotation with and without cereal rye cover crop under current and future climate (Chapter 4)
showed that: (a) cover crop consistently reduced soil erosion, N2O emissions and nitrate-N loss
relative to no cover crop treatment while not significantly affecting the crop yield under both
current and future climate across all site; (b) in the modeling with future climate, cover crop
resulted in smaller increase in soil erosion, N2O emissions and nitrate-N loss than no cover crop
treatment; (c) cover crop was not enough to offset the declines in crop yield under the future
climate and (d) the impacts of cover crop on soil erosion and nitrate-N loss were not uniform
across all sites, cover crop was more effective in reducing nitrate-N loss at sites in the south and
greater reductions in soil erosion were found at site with more erodible soil. Finally, the use of
life cycle assessment (LCA) (Chapter 5) showed that cover crop consistently reduced the
eutrophication potential and soil erosion, and increased energy consumption to produce 1 Mg of
corn grain. Cover crop resulted in mixed impacts on the life cycle global warming potential
(GWP) across sites depending on the magnitude of reductions in N2O emissions from soil
relative to the magnitude of increased greenhouse gas emission from the cover crop. The LCA
results also indicated that the nitrogen fertilizer was the single largest contributor to the life cycle
GWP, eutrophication and energy consumption.
Collectively, this research illustrates the impacts of climate change and the efficacy of
cover crop for the sustainability of corn production, and provides insights into the management
and policy efforts for sustainable corn production in the Midwestern United States and other
regions that are experiencing similar challenges.
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CHAPTER 1. General introduction
Agriculture in future climate
Climate change in the US is evident since the pre-industrial era and will continue to the
future. The projected future climate change will pose tremendous challenges to agricultural
production in the whole country, particularly the US Midwest which accounts for more than 80%
of the nation’s maize (Zea mays L.) and soybean (Glycine max L.) production. Climate change
impacts on agricultural production in this region will also have global implications because this
region contributes to approximately 25% and 33% of the global maize and soybean production.
Analyses of historical data for the Midwest over the last several decades have shown an increase
in spring and summertime rainfall and a dramatic increase in the frequency of heavy rainfall
(Groisman et al., 2012). Downscaled global climate model predictions for the next 30 years
indicate that recent trends of more intense spring-summer precipitation and increasing rainfall
variability will continue to the future (Arritt, 2016; Winkler et al., 2012). Aside with the increase
in the amount and variability of rainfall, the temperature is projected to increase by 1.5 to 2 °C to
the 2050s with the largest increase in winter, resulting in later snow arrival, earlier snowmelt and
extended length of the frost-free or growing season (Karl and Melillo, 2009; Tebaldi et al., 2006).
The projected changes in temperature and precipitation are likely to impact both crop
yields and the related environmental consequences via the implications on the water availability,
elementary cycling and soil temperature regime (Cheddadi et al., 2001). Warmer temperature
enables faster accumulation of growing degree days and increases biomass production rates, but
crop production can be limited if exposed to excessive temperature (Pruski and Nearing, 2002).
Studies have found that maize yield generally responds negatively with the increase in
temperature (Lobell and Field, 2007; Schlenker and Roberts, 2009), and future warming is likely
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to increase the yield variability over time, making it difficult for farmers to adapt to the change
(Challinor et al., 2014; Diffenbaugh et al., 2012; Schlenker and Roberts, 2009). In addition to the
impacts caused by warming in temperature, changes in rainfall variability and the frequency of
extreme events can lead to many impacts on corn production ranging from water logging because
of excess water to water stress derived crop failure because of drought. Excess water in the
spring can lead to delayed planting and reduced growth or even plant death, resulting in
decreased crop productivity (Hatfield and Prueger, 2011). Excess water with increased
variability not only affects corn production but also the related environmental consequences like
soil loss, nitrate-N leaching and N2O emissions. Nearing (2001) reported that erosion rates are
likely to increase non-linearly with precipitation increases, O’Neal et al. (2005) predicted a 10%
to 310% increase in surface runoff and a 33% to 274% in soil loss across the Midwestern United
States in 2040–2059 relative to 1990–1999. In the evaluation of the climate change impacts on
tile drainage and nitrate-N loss to drainage water, Wang et al. (2015) predicted a 14.5% increase
in tile drainage and 33.7% increase in NO3-N loss in 2040–2059 relative to 1990–2009. Relative
to the 1990s, the US Environmental Protection Agency (EPA) estimated approximately 50%
increase in N2O emissions to the 2020s, and the increase could be even bigger if the demand for
foods increase and diets changes as expected. The occurrence of severe drought is another
character of future climate change, which will result in soil water deficit and leads to yield
reductions especially when the stresses occur during the reproductive stages (Hatfield and
Prueger, 2011). For example, the severe drought condition in 2012 resulted in significant
reduction in both corn and soybean yields than the long-term yield records in the region (Mallya
et al., 2013). Though drought years produce much less N2O emissions and nitrate-N loss to the
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environmental, rewetting after drought is likely to trigger big nitrogen loss events in the format
of N2O emission and nitrate-N leaching (Gelfand et al., 2015).
In light of the climate change driven risks to the global agricultural and environment, the
international community has reached a consensus on the need of developing and implementing
adaptation strategies that can enhance the sustainability and resilience of crop production to
climate change while mitigating the related environmental consequences (FAO 2011). Climate
change adaptation shouldn’t rely only on the individual on-farm decision making, because
farmers’ decision-making was largely driven by the economic factors while shifting the problem
to other sectors. For example, farmers in the Corn Belt region agreed that the addition of tile
drainage would be a promising adaptive strategy to the increased precipitation (Loy et al., 2013).
However, the addition of new tile drainage can potentially lead to more nitrate-N loss to the
drainage water and threaten the downstream water quality, which shifts the problem from yield
reduction to water pollution. Therefore, there is a strong need for scientists to help understand
what are good practices will keep the corn production system in the US Midwest sustainable and
resilient to the anticipated future climate change while mitigating the related environmental
impacts, which also motivates this research.
Climate adaptation strategies: cover crop for the US Midwest
Since the increase in rainfall variability is a more important impact for the US Midwest
(Groisman et al., 2012; Winkler et al., 2012), adaptation strategies that can mitigate the risks
from excess rainfall and drought events would be desirable for this region. A number of
approaches that can potentially help adapt agricultural systems to the projected future climate
change and mitigate the climate change risks have been proposed and are summarized in Basche
(2015). Cover crop is a promising agricultural management practice among the proposed
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approaches that can potentially buffer the impacts caused by increased rainfall variability by
improving water infiltration and soil water storage, and reducing surface runoff, nutrient loss and
soil erosion, therefore improve the resilience of corn production to the projected future climate
change in the US Midwest.
The presence of winter cover crop has the potential to reduce many of the climate change
impacts on agricultural through its interaction with soil, water and nutrients (Kaspar and Singer,
2011). The presence of cover crop reduces soil erosion by shortening the period that soil is left
bare and exposed to the environment and increasing the ground surface coverage. The addition
of over-winter cover crop into annual cropping system is effective in reducing soil erosion under
both present climate conditions and the projected future climate condition. Kaspar et al. (2001)
showed that including oat and cereal rye into annual cropping systems was able to reduce rill
erosion by 42-95% and reduce interill erosion by 51-62% in Iowa. When considering the future
climate change, Basche et al. (2016) predicted an 11-29% reduction in soil erosion by cover crop.
The growth of cover crop actively takes up the available nitrogen and water in the soil profile
which reduces the source for nitrate-N leaching and production of nitrous oxide. By simulating
the impacts of cereal rye cover crop on nitrate-N loss to drainage water at 41 sites across the US
Midwest, Malone et al. (2014) suggested that on average winter rye can reduce N loss in
drainage 42.5% across the region and N loss reductions were greater at sites with warmer
temperatures and less precipitation. In contrast, no consensus was reached on the cover crop
impacts on N2O emission from soil depends on a suite of management and environmental factors
including fertilizer N rate, soil incorporation, cover crop type, the period of measurement and
rainfall characteristics (Basche et al., 2014). Further, there is a body of evidence demonstrating
the improvements in soil physical properties by the inclusion of over-winter cover crops
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including increase in porosity, soil water holding capacity, aggregate stability and decrease in
bulk density (Klik et al., 1998; Moore et al., 2014; Poeplau and Don, 2015; Sainju et al., 2003;
Steele et al., 2012). Researches also demonstrated the ability of cover crop practice in
suppressing weed and pest pressure and enhancing the competitiveness of corn to weeds (Carrera
et al., 2004; Kaspar and Singer, 2011; Teasdale et al., 1996).
Adoption of cover crops: challenges and barriers
Despite known benefits of cover crops, its adoption in the US Midwest is limited.
According to the data from USDA-NASS (USDA-NASS, 2014), in 2014, cover crop only
occupied approximately 2.3% of harvested agricultural production land in the region. Additional
cost required for the implementation of cover crop, aversion of unexpected consequences and
lack of prior cover crop management experience are major concerns to farmers that limit the
adoption of cover crop in the region. Implementation of cover crop requires additional costs for
cover crop seeds, herbicide, farm labor and machinery, which are net costs that will all accrue to
the producers. In a survey of cover crop use across the US Corn Belt, 56% of the respondents
indicated the willingness to plant cover crops if cost-sharing is available with a minimum
payment of approximately US$56.81 ha–1 (Singer et al., 2007). Empirical evidence shows that
farmers are risk averse and are especially averse to unexpectedly low returns (Kim and Chavas,
2003), farmers are concerned about the potential main crop yield declines because of soil water
and nutrient depletion and delayed spring planting caused by the presence of cover crops. Lack
of knowledge and prior cover crop management experience also limit the broad adoption of
winter cover crops in the Corn Belt region. Arbuckle and Ferrell (2012) found that 61% of
farmers responding to a survey believe that the window between the fall harvest and winter isn’t
long enough to justify the use of cover crops. Additional educational efforts focus on the role of
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cover crops, easy access to information and technical supports are desirable to improve farmers
understanding of cover crops and promote its adoption in the region (Arbuckle and RoeschMcNally, 2015; Singer et al., 2007). Therefore, the objective of this research is to provide a
quantitative analysis the long-term impacts of cover crop on corn-based cropping system at
multiple geographical locations across the US Midwest with the aim of advancing the
understanding of long-term cover crop impacts and promoting for broader adoption in the region.
Dissertation organization
The overall objective of this research was to advance the understanding of potential
impacts of over-winter cover crops on corn production and the associated environmental impacts
in the US Midwest in the context of a changing climate. Specifically, this research will focus on
quantifying and comparing crop yield trends, greenhouse gas emissions, nitrate-N leaching and
soil erosion from maize production with and without cereal rye cover crop under a range of
climate conditions. Quantifying these impacts will improve the understanding of the impacts of
cover crops and help determine the usefulness of using cover crops as a climate-change
adaptation strategy in the Midwestern US region.
Chapter two investigates the prediction robustness of the root zone water quality model
(RZWQM) to a changing climate. The objectives were to understand the RZWQM model
functions via inverse modeling, and demonstrate the use of Palmer Drought Severity Index
(PDSI) as an indicator of soil moisture related information content of calibration data and to
evaluate the suitability of calibration data.
Chapter three demonstrates the use of probabilistic assessment techniques that
incorporates experimental data, Root Zone Water Quality Model (RZWQM) simulations and the
CLIGEN synthetic weather generator to evaluate the performance of over-winter cover crops as
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a nitrate-N loss reduction strategy in the context a changing climate. Probabilistic information
makes it possible to quantitatively evaluate the likelihood of a range of outcomes of particular
agricultural management practices and guide the search for management options in a changing
climate.
Chapter four utilizes a suite of agricultural system models to investigate the long-term
impacts of cover crop and climate change on corn yield and the related environmental impacts
such as nitrous oxide emissions, nitrate-N leaching and soil erosion at different geographical
locations across the US Midwest.
Chapter five evaluates the use of cover crop as a climate change adaptation strategy from
a life cycle (LCA) perspective by considering all relevant inputs and outputs throughout the
entire life span of corn production with and without cover crop. The LCA platform utilized in
this study was specifically tailored for corn-based cropping system using data from various
sources including: experimental data, agricultural system model predictions, LCA database and
literature. By considering the entire lifecycle, this LCA avoids “problem shifting” between life
cycle stages and receptors and provides answers to questions on how cover crop would affect the
life cycle impacts of corn production under the anticipated future climate change.
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CHAPTER 2. How robust is the root zone water quality model (RZWQM) to a changing
climate? Model calibration for performance and robustness
A paper to be submitted to the Journal of Environmental Modeling & Software
Abstract
RZWQM is often used to make predictions of environmental behavior such as hydrologic
and chemical response, translating research to other locations and climates. Typically, if the
calibrated model replicates measured field data reasonably well it is assumed that predictions
under other conditions will also be reasonably good. Unfortunately, this assumption is not
always correct, as we have shown for prediction of nitrate loss from a tile-drained, corn-soybean
experiment in Northern Iowa. Predictive uncertainty is only reduced if the information content of
the calibration dataset is able to constrain the model parameters relevant to the processes
controlling the desired prediction.
Using experimental data over 12 years, we investigated the robustness of RZWQM
predictions of crop yield, subsurface drainage flow, and nitrate-N loss for multiple model
calibrations using the PEST parameter estimation software. We tested the use of the Palmer
Drought Severity Index (PDSI) as an indicator of the soil moisture related information content of
calibration data and suggest its use in evaluating the suitability of calibration data for making
predictions about other climate conditions.
The RZWQM prediction robustness was related to the range of soil moisture conditions
in the calibration data, calibration data representing a particular range of PDSI allow a
calibration able to predict performance in years exhibiting a similar range of PDSI. We found
that the addition of a single year identified by PDSI to a five-year calibration improved the NashSutcliffe model efficiency coefficient (NSE) from -0.22 to 0.7 and achieves nearly all of the
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improvement possible when all available observations are included in calibration. Field
observations under more variable soil moisture conditions constrain the RZWQM parameters
better, suggesting PDSI as a suitable measure of the predictive power of an RZWQM calibration.
Keywords: RZWQM, PEST, Inverse modeling, Palmer Drought Severity Index (PDSI),
Prediction robustness, Climate change.
Introduction
Agricultural system model like the Root Zone Water Quality Model (RZWQM) is
increasingly used as a supplement to field based experimentations in agricultural research,
management and decision making. RZWQM is often used to make predictions of environmental
behavior such as hydrologic and chemical response, translating research to other locations and
climates. An important application of RZWQM is to predict the response of crop production and
nitrate-N loss to drainage water to the anticipated climate change and evaluate the effectiveness
of potential climate change adaptation strategies.
RZWQM model is an intensively parameterized mechanistic model that simulates the
plant growth, water and nutrient movements based on the physical, biological and chemical
processes (Ahuja et al., 2000a), which has been successfully used in predicting crop yields,
nitrogen dynamics and hydrologic cycling in the Midwestern US regions (Ma et al., 2005; Ma et
al., 2006; Thorp et al., 2008; Yu et al., 2006). It is generally agreed that models should be
rigorously tested and evaluated before application (Bellocchi et al., 2010; Refsgaard and
Knudsen, 1996; Rykiel, 1996) and a number of quantitative indices have been developed to
characterize the performance of hydrology models including RZWQM (Ma et al., 2012; Moriasi
et al., 2007). However, none of these indices provide any information regarding the model
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robustness under the conditions of application, especially when the explored conditions are likely
to be significantly different from the conditions of calibration. It is implicitly assumed in many
RZWQM modeling works that the previously calibrated RZWQM remain valid for making
predictions under other conditions (Qi et al., 2011a; Qi et al., 2012; Thorp et al., 2007; Thorp et
al., 2008). However, without considering the prediction robustness, the validity of its continuing
use is questioned.
Multiple studies have explored the potential of using different combinations of
experimental data for model calibration and validation with the aim of improving the robustness
of prediction (Bellocchi et al., 2010; Confalonieri et al., 2009; Coron et al., 2012; Gharari et al.,
2013; Klemes, 1986; Refsgaard et al., 2013; Seibert, 2003; Zhu et al., 2016). But the methods
described in those prior works are limited by the availability of experimental data for model
testing, especially when there’s no experimental data or proxy data available under the explored
conditions. Improved prediction robustness is of particular interest when RZWQM is used to
predict the hydrologic and chemical response to the projected future climate. Although the
RZWQM prediction robustness of a previous calibration cannot be directly validated with
experimental data, prediction uncertainty can still be reduced if RZWQM is trained with
experimental data that is able to constrain the model parameters relevant to the processes
controlling the desired prediction. Searching for experimental data that can appropriately
constrain model parameters relevant to the desired prediction requires not only a good
understanding of the model structure but also sufficient information to be contained in the
calibration data to train the model components that are controlling the desired prediction.
RZWQM model has a mechanistic structure and is intensively parameterized to represent
as explicit as possible of all processes that are controlling the full system behaviors, the goodness
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of fitting between modelled and observed values depends on how completely the underlying
processes are represented in the model and how well the model parameters are constrained by the
experiment data used in calibration (Jakeman et al., 2006; Necpálová et al., 2015). Inverse
modeling approach has become a widely accepted method that can stabilize the model parameter
estimation process, enhance the extraction of information contained calibration data to constrain
the values of model parameters within a reasonable range (Doherty, 2003; Doherty and Hunt,
2010; Hunt et al., 2007; Necpálová et al., 2015).
The range of information content in the calibration data is also a limiting factor that
determines the prediction robustness of a model calibration, therefore, should be carefully
assessed before calibration to be performed. In general, poor prediction robustness would occur
if the data used to train the model doesn’t adequately represent the conditions of desired
prediction (Coron et al., 2012; Refsgaard et al., 2013), the estimated parameter values only
describes the features of ecosystem processes under the conditions of calibration, regardless the
conditions of prediction. To avoid the dependency of estimated parameter values on the
calibration condition (Confalonieri et al., 2010), a measure of information content relevant to the
processes that controlling the desired prediction should be established. Regardless, a quantitative
metric is usually a useful tool that provides a measure with certain objectivity to compare the
range of prediction processes relevant information content in different combinations of
calibration data and characterize their suitability of being included in model calibration. The use
of such quantitative measure also minimizes the possibility of data selection to be influenced by
human judgment and provide useful guidance in searching appropriate data to train the model
and gain robustness in predictions.
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To the best of our knowledge, no previous published works have examined the potential
to improve RZWQM performance and prediction robustness in simulating the response of nitrate
loss to the anticipated future climate change using inverse modeling approach and performing
suitability assessment of data used for calibration. This study was to fill in the gaps of evaluating
and improving model predictability. Specifically, the goals of this study were to: (1) Improve
prediction robustness of RZWQM via inverse modeling, (2) Use Palmer Drought Severity Index
(PDSI) to represent the soil moisture related information content of calibration data and evaluate
the suitability of calibration data for desired predictions.
Materials and Methods
Study location and Experimental data
In this study, we simulated crop yield, tile flow and nitrate-N loss to drainage water from
a corn-soybean rotation using RZWQM (version 2.75). RZWQM was chosen because of its
ability to provide acceptable estimations of crop yields, tile flow and nitrate-N loss for Iowa (Li
et al., 2008, Malone et al., 2014; Qi et al., 2011b, Wang et al., 2016). We based our calibrations
on data from a long-term ﬁeld site in Northern Iowa.
The experimental study was conducted at the Iowa State University Agriculture Drainage
Water Quality site near Gilmore City in Pocahontas County, Iowa (42.75° N, 94.49° W). Nicollet
(fine‐loamy, mixed, superactive, mesic Aquic Hapludoll), Webster and Canisteo (fine‐loamy,
mixed, superactive, mesic Typic Endoaquolls) clay loams are the predominate soil at this site.
This site is poorly drained soil with a slope of 0.5% - 1.5%. Seventy-eight individually drained
plots were established after the installation of subsurface drainage lines, great details about the
drainage design and the plot layout are described in Lawlor et al. (2008).

19
Field experimentation at this site was initiated in 1989 since the installment of subsurface
drainage lines, chisel-tilled corn-soybean rotation was the dominant treatment at this site,
management practices like winter cover crop and no-till was introduced since 2011 as alternative
treatments. Data from plots that have corn-soybean rotation from 1990 to 1993, 2005 to 2009
and 2011 to 2013 were used for RZWQM calibration. Data from other years were either missed
or have poor measurement quality. Corn was planted in odd years and soybean was planted in
even years, nitrogen fertilizer was applied in corn years only with a conventional knife applicator
approximately 2 weeks after the planting date at 179 kg-N/ha from 1994 to 1999 and 168 kgN/ha for the rest of years. From 1989 to 2009, chisel and disk till were applied in the fall after
stalk chopping and in the spring before the planting of corn and soybean, respectively, no-till
was applied from 2011 to 2013. More details related to ﬁeld site management from1989 to 2009
can be found in Lawlor et al. (2008) and Qi et al. (2011b), field management data from 2011 to
2013 were obtained from field experimental log.
RZWQM Modeling
RZWQM is a one-dimensional field-scale agricultural system model that simulates the
movement of water, nutrients and crop growth in the agricultural production system. RZWQM
allows to simulate a soil profile up to 390 cm depth with no more than 12 distinct horizons in the
profile, in each horizon, the soil water retention and hydraulic properties are described by a
modified Brooks-Corey equation. The infiltration of water is simulated base on the modified
Green-Ampt equation and the redistribution of water between consecutive soil layers are
regulated by the Richards equation. If water input rate exceeds the rate of infiltration and the
macropores are filled up, the remaining water inputs will be simulated as surface runoff (Ahuja
et al., 2000b) The Hooghoudt equation is employed in the model to simulate the subsurface
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drainage and the water movement is regulated by a set of user-defined lateral hydraulic gradient
parameters (Qi et al., 2011b). RZWQM also has a carbon and nitrogen cycling submodel that
simulates the processes of mineralization, immobilization, nitrification, denitrification,
volatilization, urea hydrolysis, methane production, organic matter decay, and microbial growth
among multiple pools to represent the carbon and nitrogen dynamics in the soil (Shaffer et al.,
2000).
RZWQM version 2.75 was used to simulate crop growth, tile flow and nitrate loss at a
field scale. The growth of corn and soybean in RZWQM was simulated by the DSSAT CERES‐
Maize (Ma et al., 2006) and CROPGRO‐Soybean (Ma et al., 2005). The values of parameters
representing soil physical and chemical properties, hydraulic control, background chemistry, heat
transfer, soil organic carbon (SOC) condition and residue condition were identical to the settings
in Qi et al. (2011b). The timing of specific field management activities such as planting, harvest,
the application of tillage and N-fertilizer were consistent with the management operations that
were applied in the fields from 1989 to 2013. The required meteorology data including the
precipitation, high and low air temperature, wind speed and direction and relative humidity were
obtained from the site-specific weather station. Three sets of RZWQM calibrations using
different calibration data set were carried out, they are: (1) Calibrate RZWQM with experimental
data from 2005 to 2009 via inverse modeling (CAL1); (2) calibrate RZWQM model with all
available experimental data from 1990 to 1993, 2005 to 2009 and 2011 to 2013 (CAL2); (3)
calibrate RZWQM model with experimental data from 2005 to 2009 plus one out of the other 7
years at each time (CAL3).
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Parameter Estimation Software and inverse modeling
Inverse modeling approach was employed in this study to calibrate RZWQM because of
its advantages over the traditional “trial and error” method such as the use of iterative regression
approach to simultaneously estimate multiple adjustable model parameters and the use of
objective statistical methods and mathematical techniques for parameter estimation and model
evaluation (Doherty, 2003; Doherty and Hunt, 2010; Hunt et al., 2007). Inverse modeling of
RZWQM parameters was accomplished by parameter estimation software (PEST), which uses an
iteratively regression approach that grounded in the principles of least square minimization to
linearizes the non-linear problems and search for the solutions that minimizes objective function:
the weighted squared different between observed and simulated values (Doherty, 2010; Doherty
and Hunt, 2010). RZWQM was coupled with PEST in the same way as described in (Nolan et al.,
2011). All of the adjustable RZWQM parameters were log-transformed to enhance the linear
relationship between the parameters and simulated values (Doherty and Hunt, 2010). The lower
and upper bounds that define the spaces the values of RZWQM parameters can vary were
determined by their physical definition and judgment from RZWQM developers. Singular value
decomposition (SVD) in PEST was activated to provide numerical stability to the inverse
algorithm and regularize the transformation of the matrix. Once successfully coupled, PEST kept
varying RZWQM parameters, executing the model, reading output until the minimum objective
function is achieved.
RZWQM Model Evaluation
Statistical measures like percent bias (PBIAS) and relative root mean square error
(RRMSE), Nash-Sutcliffe efficiency (NSE), and RMSE-observations standard deviation ratio
(RSR) were used to evaluate the goodness of the RZWQM model in simulating crop growth, tile
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flow and nitrate-N losses (Hanson, 1998; Hanson et al., 1999; Liu et al., 2011; Ma et al., 2011;
Ma et al., 2012; Moriasi et al., 2007; Qi et al., 2011b).
As suggested in Hanson (1999) and Liu et al. (2011), model performance in predicting
crop yield was evaluated by PBIAS and RRMSE and was considered satisfactory when PBIAS <
±15% and RRMSE < 30%. Also in accordance with to Moriasi et al. (2007), the RZWQM model
performance in simulating tile flow and nitrate-N loss was evaluated by NSE, PBIAS and RSR,
the simulated tile flow and nitrate-N loss were considered satisfactory when NSE > 0.50 and
RSR < 0.70, and PBIAS ± 25% for streamflow PBIAS ± 70% for N loss. The calculation of
model evaluation statistics was discussed below:
∑nj=1(Oj − Pj )×100
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where k and n denotes the number of estimable parameters and observations, respectively;
Oi and Pi denote observed and simulated values, respectively; Oi is the mean of measured data
and subscript i and j denotes i th model and j th observation.
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Palmer Drought Severity Index (PDSI)
The RZWQM simulated tile flow and nitrate-N loss are sensitive to soil moisture
condition, so a measure of soil moisture condition might be a good way to characterize the
differences in soil moisture related information represented in experimental observations
measured under different climate conditions. The Palmer Drought Severity Index (PDSI) is a
meteorological drought index that measures the change of soil moisture content over time by
accounting for the antecedent precipitation, soil moisture supplies and demand into a
hydrological accounting system (Dai et al., 2004, Pamler, 1965). Typically, The PDSI value
ranges from -10 (dry) to 10 (wet) indicates the severity of a wet or dry spell, greater absolute
value represents more severe dry or wet condition. PDSI has been successfully applied for
drought monitoring under different climatic conditions across space and time in the United States
and other global regions (Domonkos et al., 2001; Dos Santos and Pereira, 1999; Heim, 2002;
Lloyd-Hughes and Saunders, 2002; Ntale and Gan, 2003; Wells et al., 2004), and strong
correlation between PDSI value and observed soil moisture content within the top 100 cm depth
was observed during warm months in many regions around the world (Dai et al., 2004; Mika et
al., 2005; Szép et al., 2005), suggesting PDSI is a suitable measure of the changes in soil
moisture and streamflow. In this case study, PDSI ranges were used as proxies of soil moisture
related information contained in calibration data representing different weather variabilities.
Validate the use of PDSI against an independent dataset
The validity of using PDSI as a measure to evaluate the suitability of calibration data for
making predictions about other climate conditions was tested against an independent dataset of
corn yields, tile flow and nitrate-N loss in drainage from 1995 to 2014 at a field site in Central
Iowa that has corn-soybean rotation, greater details about the site-specific conditions can be
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found in Li et al. (2008) and Malone et al. (2014). PDSI values were computed for all years that
data were available, 2 subsets of data that representing significant different ranges of PDSI were
chosen to calibrate RZWQM, the RZWQM performance in predicting the nitrate-N loss to
drainage water were compared to determine the relationship between PDSI range represented by
calibration data and prediction robustness of the calibration. In PDSI-VAL1, data from 5 years
(1996, 1997, 2001, 2006 and 2007) that representing a relative narrower PDSI range (from -1.6
to 4.0) were used in RZWQM calibration; and in PDSI-VAL2, data from 9 years (1996, 1997,
2001, 2006, 2007, 2008, 2010, 2013 and 2014) that representing a much wider PDSI range (-5.8
to 6.1) were used in RZWQM calibration.
Future climate
Finally, the PDSI range represented by CAL2 was compared with the PDSI ranges of the
desired prediction, specifically the future climate from 2041 to 2060, to determine the prediction
robustness of CAL2 for the prediction of nitrate-N loss response to future climate. Five different
Coupled Model Intercomparison Project phase 3 (CMIP3) global climate model (GCM)
projections (Table 2. Climate Models used to generate daily future weather data for RZWQM
simulations. The RZWQM model will be run to evaluate the impacts of projected future climate
change on performance of rye cover crop in the Midwestern US.Table 2) from 2041 to 2060
were chosen to represent the future climate. The use of multiple GCM projections, known as
‘ensemble modeling techniques’ is a common approach used by global change researchers to
quantify imprecision in model projections (Challinor et al., 2009). The GCM outputs utilized in
this case study were under Intergovernmental Panel on Climate Change (IPCC) A1B emission
scenario, which represents very rapid economic growth, global population that peaks mid-
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century and declines thereafter, and rapid introduction of new and more efficient technologies
(IPCC 2007).
Results
RZWQM Calibration
In CAL1, we got exactly the same set of parameter values as Qi et al. (2011b). CAL1
predictions of crop yield, tile flow and nitrate-N loss matched with the experimental data very
well for the calibration period from 2005 to 2009. The yield discrepancies between simulated
and observed values were less than 15% and the RRMSE of corn and soybean yield were less
than 25%. The Nash-Sutcliffe efficiency (NSE) were 0.89 and 0.96, the RSR were 0.33 and 0.20,
and the RRMSE were 0.16 and 0.085 for the simulated tile flow and nitrate-N loss, respectively
(Table 1). However, as shown in Figure 1, CAL1 was not able to provide acceptable predictions
of tile flow and nitrate-N loss for years beyond the calibration period (from 1990 to 1993 and
from 2011 to 2013), tile flow was underestimated by from 14% to 36% in 5 out of 7 years and
nitrate-N loss to drainage water was overestimated by 26% to 120.7% in 5 out of the 7 years. In
the extraordinary drought year of 2012, the simulated tile flow and nitrate-N loss to drainage
water were overestimated by 208% and 968%, respectively. When examining the prediction
performance of CAL1 by comparing the measured and simulated values for over the12 years, the
NSE model efficiency coefficient of tile flow and nitrate-N loss decreased significantly from
0.89 to 0.72 and from 0.96 to -0.22, respectively. The RSR and RRMSE of tile flow increased
from 0.33 to 0.53 and from 0.16 to 0.29, respectively. The RSR and RRMSE of nitrate-N loss
increased from 0.20 to 1.1 and from 0.085 to 0.55, respectively.
In CAL2, by including all available experimental data in the calibration, CAL2
dramatically improved the NSE of nitrate-N loss to drainage water from -0.22 to 0.73 compared
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to CAL1, and decreased the RSR and RRMSE of nitrate-N loss from 1.1 to 0.52 and from 0.54 to
0.26. No significant improvement was observed in the simulation of corn yield and tile flow. The
simulated mean corn and soybean yield were within 5% of the measurements with RRMSE less
than 0.25. The NSE, RSR and RRMSE of simulated tile flow were 0.70, 0.55 and 0.30,
respectively.
Among the seven calibrations carried out in CAL3 (Table 1), calibrations using
experimental data from 2005 to 2009 plus 1993 or 2013 (CAL3-1993 and CAL3-2013) achieved
nearly all of the improvement possible in the predictions of the nitrate-N loss to drainage water
when all available observations are included in calibration (CAL2). The RSR, RRMSE and NSE
of simulated nitrate-N loss to drainage water were 0.67, 0.57 and 0.28 for CAL3-1993 and 0.71,
0.54 and 0.27 for CAL3-2013. Similar to CAL2, we didn’t observe significant improvement in
prediction of crop yield and tile flow. For the other CAL3 calibrations, limited improvements
were achieved in the prediction of nitrate-N loss to drainage water relative to CAL1, although the
prediction performance of crop yield and tile flow were similar to CAL2, CAL3-1993 and
CAL3-2013. As shown in Table 1, the predicted corn and soybean yields in the other 5 CAL3
calibrations were within 15% of the experimental data with RRMSE < 30%, the NSE values,
RSR values and RRMSE values of the other 5 calibrations ranges from 0.66 to 0.74, from 0.51 to
0.59 and from 28% to 34%.
Estimated parameter values
Relative to CAL1, the information contained in the additional years of calibration data in
CAL2, CAL3-1993 and CAL-2013 resulted in changes in the values of parameters that
controlling the water movement in soil, mobilization and immobilization of nitrogen and growth
of corn and soybean. Estimated parameter values that minimized the objective function through
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inverse modeling are shown in Table 3. In CAL1, the parameter values were not changed and the
objective function was not further reduced. In CAL2, CAL3-1993 and CAL3-2013, the values of
30, 27 and 29 out of 39 adjustable parameters were changed in the parameter estimation
processes. Among the parameters with values adjusted, CAL2, CAL3-1993 and CAL3-2013
have 26 parameters in common and 17 of them were changed in the same direction. The values
of 5 parameters were kept unchanged hrough the regularization and inverse modeling process in
any of the calibrations, they were: pore size distribution index for the top 10 cm depth soil (a21),
soybean root growth factor in 3rd and 4th soil layers (pars3 and pars4), and parameters defining
macroporosity in soil (nmac and mac_r).
The pore size distribution index from second soil layer to the bottom layer (a22-27) were
either increased or decreased by various amount with largest change (>40%) occurred in the pore
size distribution of the third and fourth soil layer. The saturated hydraulic conductivity (C11-17)
of the top seven soil layers above the drainage line that determining the ability of soil to transmit
water between layers when subjected to a hydraulic gradient were adjusted in all the three
calibrations. The saturated hydraulic conductivity was consistently increased at the fourth soil
layer and consistently decreased at the fifth soil layer. At all the other layers, the saturated
hydraulic conductivity of other soil layers was either decreased and increased depending on how
the movement of water in soil was informed by the information contained in the specific
calibration data. The lateral saturated conductivity to the drain (lks) was consistently decreased
in CAL2, CAL3-1993 and CAL3-2013 relative to the initial values to slow down the lateral
movement of water from soil to the drainage line.
The intra-organic matter pool transformation coefficients among different pools (r14, r23,
r34 and r45) such as slow residue pool, slow soil humus pool, intermediate soil humus, fast
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residue pool, fast soil humus pool were modified to adjust the distribution of soil organic matters
in different pools and therefore their interactions with nitrogen release and immobilization.
Adjustment of organic matter decay rate (omd) and denitrification factor (dnit) resulted in
changed amount of nitrogen to be released from organic matter decomposition and lost to the
atmosphere as N2O. No consistent changes were observed from the three calibrations, omd and
dnit were increased in CAL2 and decreased in CAL3-2013, while omd was increased and dnit
was decreased in CAL3-1993.
The root growth density factors (rc1, parc1, parc2, rs1, pars1, pars2) and the phenology
development parameters (g2, g3, ph and lf1) of corn and soybean were adjusted in the inverse
modeling process in CAL2, CAL3-1993 and CAL3-2013. Relative to CAL1, the maximum
possible number of kernels per corn plant (g2) and the interval in thermal time (degree days)
between successive leaf tip appearances (ph) of corn were consistently reduced in CAL2, CAL31993 and CAL3-2013, and the kernel filling rate (g3) was consistently increased. The maximum
leaf photosynthesis rate of soybean (lfmax) was increased in CAL2 and CAL3-1993, while no
adjustment was made to lfmax in CAL3-2013.
RZWQM calibrations and PDSI ranges represented by calibration data
Figure 2 describes the monthly PDSI values for all the 12 years that experimental data of
crop yield, tile flow and nitrate-N loss were available for RZWQM calibration. We found
calibrations that using data representing different PDSI ranges resulted in different prediction
robustness of nitrate-N loss over the 12 years. Across all calibrations we have carried out in this
case study, we found that calibrations using data representing wider PDSI ranges were more
likely to result in higher NSE value of the predicted nitrate-N loss to drainage water, where
higher NSE representing stronger model predictability. The NSE values of RZWQM simulated
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nitrate-N loss was positively correlated with the width of the PDSI ranges represented by the
calibration data with a correlation coefficient of 0.8. PDSI range represented by calibration data
of CAL1 spanned from -3.2 to 2.9, much wider ranges were represented by calibration data of
CAL2, CAL3-1993 and CAL3-2013 with PDSI values ranged from -5.4 to 5.3, from -3.2 to 5.3
and from -5.4 to 2.9, respectively. PDSI range of future climate was computed based on
projections downscaled from 5 different Coupled Model Intercomparison Project phase 3
(CMIP3) global climate models (GCM) (Table 2), PDSI range represented by the future climate
from 2041 to 2060 varied from -6.3 to 7.6.
Validation test of using PDSI as a measure to evaluate the suitability of experimental data for
RZWQM calibration
The use of PDSI as a measure to evaluate the suitability of calibration data for desired
RZWQM prediction was validated against a 20-year data from Central Iowa. The RZWQM
prediction performance of crop yield, tile flow and nitrate-N loss were summarized in Table 1
and we briefly compared them here. In PDSI-VAL1, the simulated mean corn and soybean yields
were within 10% of experimental data and the RRMSE values were less than 15%. The NSE,
RSR and RRMSE of simulated tile flow were 0.94, 0.24 and 9%. The NSE, RSR and RRMSE of
simulated nitrate-N loss were 0.77, 0.48 and 25%. Prediction performance of crop yields and tile
flow in PDSI-VAL2 were only slightly better than PDSI-VAL1. In PDSI-VAL2, the predicted
mean corn and soybean yields were within 5% of the experimental data and the RRMSE were
less than 10%. The NSE, RSR and RRMSE of RZWQM simulated tile flow were 0.95, 0.23 and
9%. Noticeable improvement in the prediction performance of nitrate-N loss was found in PDSIVAL2 relative to PDSI-VAL1. Relative to PDSI-VAL1, the NSE of RZWQM simulated nitrate-
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N loss increased from 0.77 to 0.9, the RSR and RRMSE of RSWQM simulated nitrate-N loss
decreased from 0.48 to 0.31 and from 25% to 16%.
Discussion
When transferring parameters from an existing calibration for prediction under other
conditions, we generally assume that the adjustments made during parameter calibration remain
valid and will continue to provide a satisfactory representation of the desired prediction.
However, this is not always true and could result in an increase in prediction errors if the
transferability of adjusted parameters is low, as we have shown for the RZWQM predictions of
nitrate loss from a tile-drained, corn-soybean experiment in Northern Iowa. By calibrating
RZWQM with data representing different PDSI ranges, we have found that the prediction
robustness can be improved if calibrate with data that is able to constrain the model parameters
relevant to the processes controlling the desired prediction.
According to Hanson (1999) and Liu et al. (2011), the RZWQM predictions of crop yield
in all the calibrations were satisfactory with PBIAS within ±15% of the experimental data and
RRMSE < 30%. According to Moriasi et al. (2007), the predictions of tile flow in all calibrations
were satisfactory in all calibrations with NSE > 0.50 and RSR < 0.70. However, the RZWQM
predictions of nitrate-N loss to drainage water were only satisfactory in CAL2, CAL3-1993 and
CAL3-2013. The RZWQM predictions of crop yield and tile flow were satisfactory in all
calibrations regardless of what data were used for RZWQM calibration while the prediction
performance was only found satisfactory in three calibrations that were calibrated with data
representing more weather variability than the others, indicating that there were multiple sets of
RZWQM parameters that can provide good prediction performance in crop yield and tile flow,
but the values of parameters that controlling the nitrate-N loss were only appropriately
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constrained in a limited number of parameter sets to maintain good extrapolation capacity and
prediction robustness for the desired predictions.
Relative to CAL1, the values of more than 27 of the 39 adjustable RZWQM parameters
that governing the movement and storage of soil water, decomposition and immobilization of
organic matter and the growth of corn and soybean were changed in CAL2, CAL3-1993 and
CAL3-2013 to improve the prediction performance of nitrate-N loss to drainage water when
additional years of experimental data were included in calibration, indicating that the additional
calibration data used in CAL2, CAL3-1993 and CAL3-2013 contains significantly new
information than CAL1 to better constrain the values of RZWQM parameters that controlling the
nitrate-N loss to drainage water. CAL2, CAL3-1993 and CAL3-2013 have changed the values of
26 RZWQM parameters in common and 17 of them were changed in the same direction although
additional data used in RZWQM calibration were from years under different weather conditions,
indicating that the poor prediction performance of CAL1 can be explained by the lack of
information in calibration data to appropriately inform the processes and constrain the values of
RZWQM parameters that controlling the nitrate-N loss under the prediction condition. Inverse
modeling is a widely accepted approach that has the potential to enhance the transfer of
information contained in ﬁeld observations to model parameters than manual calibration
(Doherty, 2003; Doherty and Hunt, 2010a; Hunt et al., 2007). However, in CAL1, the inverse
modeling with PEST didn’t resulted in any change in the values of RZWQM parameters than the
set of parameter values from a manual calibration (Qi et al., 2011b), indicating again that the
poor prediction performance of CAL1 is not because of inadequate extraction of information
from the calibration data, but rather is the limited information contained in calibration data.
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Among all the calibrations that resulted in different prediction performance of nitrate-N
loss over the 12 years, the field management, crop cultivars, soil condition were almost identical,
the only difference among those calibrations was the weather variability represented by the
experimental data used in calibration. Since the RZWQM simulated nitrate-N loss are sensitive
to soil moisture condition and weather variability can easily translate to the change in soil
moisture conditions, a good measure of soil moisture condition should be able to characterize the
relevant differences in soil moisture related information content of experimental data and guide
the search for appropriate data to reduce the predictive uncertainty of desired predictions. To
keep this approach simple, in this case study, we proposed the use of palmer drought severity
index (PDSI) as an indicator of soil moisture related information content in calibration data, and
this hypothesis have been evaluated by the comparison between PDSI range represented by the
calibration data and the prediction performance of nitrate-N loss. We have found a strong
positive correlation (r=0.8) between the width of PDSI range represented in calibration data and
the RZWQM prediction performance of nitrate-N loss to drainage water. As shown in Table 1,
the closer the PDSI range represented in calibration data is to the desired prediction, the more
likely the trained parameter values during the calibration will have a good representation of the
desired prediction. The PDSI range represented in calibration data of CAL1, CAL2, CAL3-2013
and CAL3-1993 were from -3.2 to 2.9, from -5.4 to 5.3, from -3.2 to 5.3 and from -5.4 to 2.9,
respectively. Significant improvement in prediction performance of CAL2, CAL3-1993 and
CAL3-2013 relative to CAL1 is consistent with the expansion of PDSI range represented in
calibration data. None or little improvement in RZWQM prediction performance of nitrate-N
loss of CAL3-1990, CAL3-1993 and CAL3-2011 relative to CAL1 can be explained by the
similarity of PDSI range represented by the calibration data to that of CAL1, although an
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additional year of data was included in RZWQM calibration, the additional data barely contained
any additional soil moisture related information that can better constrain the RZWQM
parameters than CAL1. CAL3-1993 and CAL3-2013 have achieved almost all the possible
improvements when all available observations are included in calibration (CAL2), indicating that
model components that governing the nitrate-N loss related processes were equivalently
informed by the information contained in calibration dataset. This also explains why the three
calibrations have targeted 26 RZWQM parameters in the parameter estimation process and have
changed the values of 17 RZWQM parameters in the same direction.
In the validation test of the applicability of using PDSI to evaluate the suitability of
calibration data for making predictions about other climate conditions, we found that better
model prediction performance was achieved when PDSI range represented in experimental data
is closer to PDSI range of prediction condition, this confirms the hypothesis that RZWQM will
provide satisfactory predictions under other climate conditions, if the PDSI range represented by
experimental data used in calibration is similar to the range of conditions for prediction. We are
confident in concluding that calibration data representing a particular range of PDSI allow a
calibration to predict in years exhibiting a similar range of PDSI and PDSI can be used to
determine the suitability of calibration data for making predictions about other climate conditions.
As shown in
Figure 3, PDSI values range from -6.3 to 7.6 under future climate, which is wider than
the PDSI range represented by CAL2, but the PDSI range represented by CAL2 accounts for
more than 95% of situations that may occur in the future, the extreme dry or wet conditions that
beyond the representation of CAL2 would occur in less than 5% of the time, so we are confident
that CAL2 is a robust in predicting the NO3-N loss under future climate.
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Lack of model prediction robustness outlined in this case study isn’t unique to the
RZWQM model. The studies using other models also have found that model prediction
performance deteriorates when used for prediction under different conditions than calibration
periods (Brigode et al., 2013; Coron et al., 2012; Refsgaard and Knudsen, 1996; Refsgaard et al.,
2013; Seibert, 2003), suggesting that the predictive power of a previous model calibration should
be carefully examined when the conditions of application are likely to be different.
A number of environmental model calibration methodologies and robustness
quantification indicators have been proposed to resolve the lack of robustness problems (Bennett
et al., 2013; Bellocchi et al. 2010; Confalonieri et al., 2009; Confalonieri et al., 2010;
Confalonieri et al., 2012; Klemes, 1986; Refsgaard et al., 2013), however, application these
methodologies and indicators are usually limited by the unavailability of exact or similar data
from the desired prediction conditions. Key challenge in this respect is to develop evaluation
techniques that are easy to execute while not limited by the availability of real experimental data
under the desired prediction conditions. The use of PDSI as proposed in the present study is a
good example that resolves the challenges. The use of PDSI can be extended to situations that
the desired predictions are sensitive to the change in soil moisture condition. Otherwise a
different index should be developed to determine the suitability of calibration data for the desired
prediction.
Our work demonstrated the use of PDSI as a suitability measure of calibration data for
desired predictions and has found that the predictive uncertainty is only reduced when the
information content of the calibration dataset is able to constrain the model parameters relevant
to the processes controlling the desired prediction. The application of the approach described in
this paper might be limited by the availability of such calibration data, future work is needed
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understand the mechanisms behind the robustness issues improve the ability of models to cope
with non-stationary conditions.
Conclusion
Characterizing the impacts of climate change on nitrate-N loss isn’t as simple as feeding
the calibrated RZWQM model with projected future climate data, the extrapolation capacity of a
previous calibration in representing the conditions of application should be carefully examined
before making predictions. Using data from a tile-drained, corn-soybean experiment over 12
years in Northern Iowa, we tested the use of Palmer Drought Severity Index (PDSI) to measure
the soil moisture relation information content in calibration data and evaluate the suitability of
RZWQM calibration data for making predictions. Calibrating RZWQM with data under more
variable soil moisture conditions (CAL2) better constrains the RZWQM parameters. The
addition of a single year (i.e., 1993 and 2013) identified by PDSI to a five-year calibration set
improved the Nash-Sutcliffe model efficiency coefficient (NSE) from -0.22 to nearly 0.7 and
achieves nearly all of the improvement possible when all available observations are included in
calibration. The results suggest that the prediction robustness of RZWQM depends on how the
soil moisture condition related information content of the calibration data compares with that of
the application conditions. The predictive uncertainty of nitrate-N loss to drainage water is only
reduced if the information content of the calibration dataset is able to constrain the model
parameters relevant to the processes controlling the desired prediction. The used of PDSI can be
generally extended to other models when the simulated variable is sensitive to the change in soil
moisture condition, different quantitative suitability measures must be used for models of
different typologies.
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Tables
Table 1. RZWQM prediction performance of crop grain yield (Mg ha‐1), tile flow amount (cm) and nitrate-N loss in tile flow (kg N
ha-1) from multiple calibrations using experimental data for Gilmore City, Iowa. The prediction performance of RZWQM assessed
using Nash-Sutcliffe model efficiency (NSE), RMSE-observations standard deviation ratio (RSR), percentage bias (PBIAS) and the
relative root mean square error (rRMSE).
CAL1

CAL2
[-5.4,
5.3]

CAL31990
[-3.2,
3.3]

CAL31991
[-3.2,
4.0]

CAL3CAL31992
1993
[-3.2,
[-3.2,
3.7]
5.3]
Crop yield (Mg ha-1)

CAL32011
[-3.2,
2.9]

CAL32012
[-4.9,
2.9]

CAL32013
[-5.4,
2.9]

PDSIVAL1
[-1.6,
4.0]

PDSIVAL2
[-5.8,
6.1]

PDSI
range

[-3.2,
2.9]

PBIAS
(corn)
PBIAS
(soybean)
RRMSE
(corn)
RRMSE
(soybean)

1%

1%

6%

7%

6%

4%

1%

11%

14%

-6%

0%

3%

-4%

12%

2%

12%

-1%

0%

5%

8%

-6%

-2%

23%

24%

25%

29%

25%

31%

29%

27%

27%

7%

6%

15%

22%

18%

20%

18%

20%

21%

18%

18%

11%

6%

Tile flow amount (cm)
NSE

0.72

0.70

0.72

0.72

0.72

0.72

0.74

0.67

0.73

0.94

0.94

RSR

0.53

0.55

0.53

0.53

0.53

0.53

0.51

0.58

0.52

0.24

0.23

PBIAS

10%

9%

10%

9%

10%

5%

4%

15%

9%

4%

-2%

RRMSE

29%

30%

29%

29%

29%

29%

28%

32%

28%

9%

9%

-1

Nitrate loss in tile flow (kg N ha )
NSE

-0.22

0.73

-0.22

0.59

-0.22

0.67

-0.04

0.20

0.71

0.77

0.90

RSR

1.10

0.52

1.10

0.64

1.10

0.57

1.02

0.89

0.54

0.48

0.31

PBIAS

-35%

10%

-35%

-20%

-35%

1%

-34%

34%

-18%

12%

-11%

RRMSE

55%

26%

55%

32%

55%

28%

50%

44%

27%

25%

16%
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Table 2. Climate Models used to generate daily future weather data for RZWQM simulations. The RZWQM model will be run to
evaluate the impacts of projected future climate change on performance of rye cover crop in the Midwestern US.
Climate Model

Institute of Origin

Link to Model

HADGEM3

Hadley Centre,
Exeter, UK

http://www.metoffice.gov.uk/research/modelling-systems/unifiedmodel/climate-models/hadgem3

CGCM3_t63

Environment
Canada

http://www.cccma.ec.gc.ca/data/cgcm3/cgcm3.shtml

ECHO

Max Planck
Institute

http://coast.gkss.de/staff/wagner/midhol/model/model_des.html

PCM

CNRM

US-DOE
National Centre
for
Meteorological
Research (FR)

http://www.cgd.ucar.edu/pcm/

http://www.cnrm-game.fr/spip.php?article126&lang=en
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Table 3. Adjustable RZWQM parameters used in inverse modeling, their initial parameter values, upper and lower bounds, and ﬁnal
estimated parameter values for each calibration. Final estimated parameter values were the same as initial values.
Parameter

Description

Unit

Initial
value

lower
bound

upper
bound

Estimated
CAL2
0.17

Estimated
CAL31993
0.17

Estimated
CAL32013
0.17

a21

Pore size distribution index for soil layer 1 (λ)

unitless

0.17

0.05

0.17

a22

Pore size distribution index for soil layer 2 (λ)

unitless

0.1174

0.05

0.15

0.15

0.121

0.15

a23

Pore size distribution index for soil layer 3 (λ)

unitless

0.12

0.05

0.15

0.05

0.062

0.05

a24

Pore size distribution index for soil layer 4 (λ)

unitless

0.105

0.05

0.15

0.062

0.056

0.05

a25

Pore size distribution index for soil layer 5 (λ)

unitless

a26

Pore size distribution index for soil layer 6 (λ)

unitless

0.105

0.05

0.15

0.140

0.138

0.15

0.14

0.05

0.15

0.15

0.15

0.15

a27

Pore size distribution index for soil layer 7 (λ)

unitless

0.1057

0.05

0.15

0.128

0.15

0.123

c11

Saturate hydraulic conductivity for soil layer 1 (Ksat.)

cm/hr

4.84

1

5

5

3.93

4.19

c12
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Coefficients for Arrhenius organic matter decay equations
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Kernel filling rate during the linear grain filling stage and
under optimum conditions
Phylochron interval; the interval in thermal time (degree
days) between successive leaf tip appearances.
Maximum leaf photosynthesis rate at 30 C, 350 vpm CO2,
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Total macroporosity coefficient
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Figures
Figure 1. Measured and RZWQM simulated annual NO3-N loss to drainage water from each
calibration. CAL1, CAL2, CAL3-1993 and CAL3-2013 represent calibrations using observation
data from 2005 to 2009, all 12 years, from 2005 to 2009 plus 1993, and from 2005 to 2009 plus
2013. Significant improvement in simulation of the nitrate-N loss to drainage water was achieved
in CAL2, CAL3-1993 and CAL-2013 than CAL1. Though much less experimental data were
used in calibration, CAL3-1993 and CAL3-2013 achieved nearly all of the improvement possible
when all available observation are included in calibration (CAL2).
Figure 2. Monthly Palmer Drought Severity Index (PDSI) values for years included in RZWQM
calibration. PDSI ranges represent the soil moisture related information contained in calibration
data and therefore determine the prediction robustness for other climate conditions.
Figure 3. Comparison of PDSI ranges covered by CAL1, CAL2 and future climate conditions,
observation data representing a particular range of PDSI allow a calibration able to predict
performance in years exhibiting a similar range of PDSI. CAL1 and CAL2 represent calibrations
using observation data from 2005 to 2009 and all 12 years. CAL2 covers more than 95% of the
PDSI ranges that occur in future climate conditions, while CAL1 doesn’t adequately cover the
PDSI ranges under future climate conditions.
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CHAPTER 3. Probabilistic assessment of cover crop effects on nitrate drainage losses
under changing climate: A model-based case study in Iowa, USA
A paper to be submitted to the Journal of soil and water conservation
Abstract
The nitrate-N loss from corn production fields in the Midwestern United States is of great
concern because of its contribution to the nitrate-N loads in the Mississippi River and hypoxia
condition of the Gulf of Mexico. The future climate change with higher temperatures and more
variable rainfall is anticipated to reduce corn yield and worsen its environmental impacts. A
winter cover crop has been proposed as an effective climate adaptation strategy for corn, but
effectiveness under future climate has not been previously tested.
Decision making on agricultural management practices requires appropriate linking of
measurements, data analysis and risk assessment in a way that is flexible and understandable as
we demonstrate in this case study for a corn-soybean rotation cropping system near Gilmore City,
Iowa. We utilized a probabilistic approach that incorporates experimental data, Root Zone Water
Quality Model (RZWQM) simulations, and the CLIGEN synthetic weather generator to evaluate
the use of over-winter cover crops as a nitrate-N loss reduction practice in the context a changing
climate. The results showed that, at this site, the addition of cover crop into corn-soybean
rotation was able to reduce nitrate-N loss under both current (1995-2014) and projected future
(2041-2060) climate condtions, but winter cover crop alone wasn’t adequate to completely
counteract the increase in nitrate-N loss caused by climate change. On average, the presence of
cover crop was able to provide 8.8 kg N ha-1 year-1 (7.9 lb N ac-1 year-1) and 16.9 kg N ha-1 year-1
(15.1 lb N ac-1 year-1) reduction in nitrate-N exported to the environment under current and
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projected future climate conditions, respectively. During the simulated years, the projected future
climate change resulted in an increase of 11.5 kg N ha-1 year-1 (10.3 lb N ac-1 year-1) and 3.4 kg
N ha-1 year-1 (3 lb N ac-1 year-1) in nirate-N loss to the drainage water in no cover crop treatment
and cover crop treatment, respectively. The presence of cover crop resulted in a 8.1 kg N ha-1
(7.3 lb N ac-1) smaller increase in nitrate-N loss in corn-soybean rotation with cover crop relative
to the no cover crop treatment. The inclusion of cover crop was able to reduce the amount of
nitrate-N exported to the environment in more than 95% of the time under both current and
future climate conditions with varying likelihood to achieve different levels of reduction in
nitrate-N loss over time. Cover crop has a higher probability probability to achieve the same
level of nitrate loss reduction under future climate conditions when compared with current
climate condition. At this site, cover crop was able to achieve the USEPA 45% N reduction goal
of 11.4 kg N ha-1 (10.1 lb N ac-1) in 39% of the time under current climate condition and in 39%
to 79% of the time under projected future climate conditions. Due to the non-linear response of
environmental impacts to the amount of nitrate-N exported and the risk aversion nature of
agricultural decision making, the probabilistic information make it possible to quantitatively
evaluate the likelihood of a range of outcomes that an agricultural management practice will
achieve in searching for management options in a changing climate. This study suggests the use
of over winter cover crop to mitigate the NO3-N loss to the drainage water in Iowa and
demonstrates the usefulness of probabilistic apprach to evaluate the performance of agricultural
management practices.
Key words: climate change—cover crop—nitrate-N loss—probabilistic risk assessment—Root
Zone Water Quality Model
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Introduction
Agricultural production is facing one of the largest challenges of the twenty-first century:
substantially increasing food production to meet the world’s future food security needs while
simultaneously reducing its global environmental footprint (Foley et al. 2011; Godfray et al.
2010). Agronomists have developed a range of agro-ecological cropping practices as means to
provide the sort of ecological intensification of agriculture that is needed (Doré et al. 2011;
Wezel et al. 2014). Designing resilient management systems at the landscape-scale, however, is
complicated by the highly variable nature of the natural systems that agriculture both relies on
and manipulates.
Quantifying the impacts of unpredictable weather on agriculture is particularly difficult
and important. Most agricultural field experiments are conducted in the short-term (< 5 years)
and even longer-term experiments generally do not represent the full range of possible weather.
Yet often it is extreme weather events that are responsible for unexpectedly low returns that can
be devastating to farmers, and that dominate agricultural environmental impacts. For example,
soil erosion losses are dominated by a few severe storms of high intensity and large precipitation
amount (Cruse et al. 2006; Larson et al. 1997). Similarly, the majority of nitrate-nitrogen
exported from subsurface drainage in the Corn Belt occurs during periods of high flow, when
more than half may be lost during the highest 10% of daily discharges (Ikenberry et al. 2014).
For obvious reasons, the largest crop losses are associated with wind, hail and the extremes of
precipitation and temperature (Changnon et al. 2001).
As a result, both the inherent uncertainty and the importance of extreme events, adaptive
responses in the agricultural sector are often driven by perceptions of risk (Walthall et al. 2012).
Empirical evidence shows that farmers are risk averse and are especially averse to unexpectedly
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low returns (Kim and Chavas 2003). Thus agricultural management decisions are not adequately
informed by measures of average performance over a few years, but rather require information
about the likelihood of impacts of different magnitude.
Analyses of historical data for the Midwest over the last several decades have shown an
increase in spring and summertime rainfall and a dramatic increase in the frequency of heavy
rainfall (Groisman et al. 2012). Downscaled global climate model predictions for the next 30
years indicate that recent trends of more intense spring-summer precipitation and increasing
rainfall variability will continue (Arritt 2016). Increasing rainfall variability can lead to crop
productivity losses through delayed planting, flooding, inhibition of root growth, and drought.
More intense spring precipitation will intensify a range of negative environmental impacts
including nitrate loss and soil erosion (Berc et al. 2003).
Using process-based simulation models to assess the performance of management
practices by extrapolating from short-term experiments is one way of assessing these climatedriven risks. Agricultural system models, if appropriately parameterized and tested with
experimental data, enable us to explore over time and space the likelihood of a range of
outcomes for particular management practices (Ahuja et al. 2011). For example, mechanistic
agricultural system models have been utilized globally to assess the impacts of climate change on
nitrate-N loss from corn production fields and consistently found a trend toward an increase in
the amount of nitrate-N loss to the environmental due to climate change (Jha et al. 2015; Jin et al.
2012; Mehdi et al. 2015; Wang et al. 2015; Ye et al. 2013). Wang et al. (2016) and Panagopoulos
et al. (2015) also investigated the use of agricultural management practices including no tillage,
split-N application and inclusion of winter cover crops to mitigate the climate change
implications. But the average impact of the anticipated future climate change over a particular
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period of time at a specific location was typically used to represent climate change impacts, none
of the prior works have utilized the probabilistic assessment techniques to access either the
impacts of climate change or the performance of particular agricultural management practices.
The probabilistic assessment method described here is centered on the use of processbased agroecological system models to develop probabilistic distribution functions that describe
the performance of agricultural management practices. For example, a probabilistic assessment
of the performance of a management practice is derived from the output of a calibrated processbased model driven by a sufficiently long synthetic time series of weather data based on the
statistical characteristics of the observed (or predicted future) weather at a given location. This
sort of probabilistic analysis enables us to quantitatively evaluate the likelihood that the
performance of an agricultural management practice will achieve a desired conservation target.
For instance, a policy-maker might wish to know for each of a set of cropping practices what
level of drainage water nitrate reduction can be achieved 90% of the time. Probabilistic
assessment techniques have been used to evaluate the likelihood of adverse health and
environmental effects for decades (NRC 1983). Solomon et al. (2010) used probabilistic risk
assessment to characterize the ecotoxicological risk of agrochemicals. Ecological risk
assessments have been applied to invasive species (Orr et al. 1993) and regional-scale
ecosystems management (Landis 2005). Probabilistic methods, however, have not been widely
used to evaluate the performance of agricultural management practices and characterize the
probability of achieving particular goals. Keating et al. (1991) demonstrated the use of
cumulative distribution functions to highlight the risk implications of different scenarios that
were examined. Asseng et al. (1998) utilized probabilistic approach to investigate the response of
yield potentials, drainage and NO3- leaching for wheat growth to a range of initial soil water and
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inorganic soil N profiles in Australia. Probabilistic techniques were also used to characterize the
impacts of climatic constraints on maize grain yield in Argentina (Maddonni et al. 2012) and to
estimate the uncertainties and simulate impacts of global warming on wheat production and
water use in the main wheat cultivation regions of China (Tao et al. 2008). But the application of
probabilistic approach in characterizing the performance of particular climate change adaptation
agricultural management practices in US is limited and none of the prior works have used
stochastic synthetic weather generator to provide many years of daily weather estimates for the
generation of probabilistic measures.
Here, we use a case study from northern Iowa to demonstrate the use of a probablisitic
approach to evaluate agricultural management practices. The performance of a winter cover crop
on nitrate loss under current and future climate conditions is evaluated through use of the Root
Zone Water Quality Model (RZWQM).
Growing winter cover crops such as winter cereal rye (Secale cereale L.) after corn (Zea
mays L.) and soybean (Glycine max L.) harvest is a promising practice to reduce runoff and
erosion, improve water infiltration, and reduce nitrate loss in tile drainage systems, while not
affecting corn and soybean production (INRS, 2013; Kaspar and Singer 2011). There is a
growing body of evidence that supports the ability of cover crop to reduce nitrate-N loss to
drainage water (Table 1), but most studies are short-term and are not sufficient to estimate
performance under different management and climate conditions (Li et al. 2008). Several studies
have used process-based models to extrapolate short-term experimental results to evaluate cover
crop performance (Basche et al. 2016; Farahbakhshazad et al. 2008; Feyereisen et al. 2006;
Malone et al. 2007; Malone et al. 2014; Qi et al. 2011). Qi et al. (2011) and Malone et al. (2014)
used the RZWQM model to predict the long-term average nitrate-N loss reduction that resulting

59
from incorporating a winter cover crop in the corn-soybean rotation of the Midwest. Basche et al.
(2016) examined the long-term impacts of winter cover crop and climate change on crop yield
and environmental outcomes in a corn-soybean rotation in Central Iowa. Wang et al. (2016)
utilized RZWQM to investigate the ability of agricultural management practices (N application
rate, corn cultivar, planting date, tillage and controlled drainage) to mitigate the climate change
impacts on N losses and corn yield in a subsurface drained field in Iowa. All of these studies,
however, focused on predicting the average impact of the cover crop over a particular period of
time at a specific location, similar to a traditional field experiment. To the best of our knowledge,
no previous studies have characterized the impacts of cover crop based on long-term model
simulation using probabilistic assessment techniques in US.
The goals of this case study set in Northern Iowa were to: (1) model the impacts on longterm nitrate-N loss in drainage water due to inclusion of winter cereal rye cover crop in the no till
corn - soybean rotation under both current (1995 -2014) and future (2041 - 2060) climate
scenarios; and (2) demonstrate the use of probabilistic assessment techniques to assess the
likelihood of achieving nitrate-N loss reduction goals through use of a winter cover crop under
both current and future weather conditions.
Materials and Methods
Site description
Experimental fields are located near Gilmore City in Pocahontas County, Iowa (42°45′ N,
94°29′24″ W). Nicollet (fine‐loamy, mixed, superactive, mesic Aquic Hapludoll), Webster and
Canisteo (fine‐loamy, mixed, superactive, mesic Typic Endoaquolls) clay loams are the
predominate soils at this site. Soils at this site are generally poorly drained with slope of 0.5% –
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1.5%. Organic carbon content is 3% – 5%, and pH is approximately 7.7 in the first 15cm of the
soil profile.
The field experiment was initiated in 1989 with chisel-tilled corn–soybean rotation
(Lawlor et al. 2008). A winter cover crop pracice was introduced in 2005 to investigate the
impacts on nitrate-N loss to drainage water (Qi et al. 2011). For all treatments, aqueous ammonia
nitrogen fertilizer was applied to corn only at 168 kg-N ha-1. Corn and soybean were planted in
May and harvested in late September or early October. The winter cereal rye was no-till drill
planted after both corn and soybean as soon after harvesting as feasible and was terminated with
Roundup in the spring, with the control at least seven days prior to corn planting and at or within
one week of soybean planting. Pest management practices were those typical for the region and
rotations.
RZWQM Modeling
We used the RZWQM (v.2.70.5) agroecosystem model to estimate the relative effects of
a winter cereal rye cover crop on nitrate loss in tile drainage. RZWQM is a one dimensional
field-scale agricultural system model that simulates the movement of water, nutrients and crop
growth in the agricultural production system. RZWQM has been widely used to simulate N loss
from corn production systems throughout the US Midwest (Ma et al. 2001, Ma et al. 2012) and is
recognized as a promising tool for quantifying the effects of agricultural management practices
on crop growth and the movement of water, nutrients and pesticides in surface run-off, into
groundwater and through subsurface drainage (Li et al. 2008; Malone et al. 2014; Qi et al. 2011;
Shipitalo et al. 2015). The RZWQM model for this site was calibrated manually and using model
inversion software. Manual calibration for this site was initiated by Qi et al. (2011) and was
refined by Gu et al. (in preparation) using PEST: Model Independent Parameter Estimation
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(Doherty 2005) with experimental data of crop yield, tile flow and nitrate-N loss to the drainage
water from 12 years (from 1990 to 1993, 2005 to 2009 and 2011 to 2013). The performance of
the calibrated RZWQM model in simulating tile flow and nitrate-N loss over time at the Gilmore
City, Iowa site was verified and we briefly summarize it here. In no cover crop treatment, the
average annual simulated corn and soybean yields were 1.4% greater and 4% lower than
measured from the field, the relative root mean square error (RRMSE) of estimated corn and
soybean yields were less than 0.25. The RZWQM simulation of the annual tile flow and the
nitrate-N loss to drainage water agreed well with the experimental measurement with NashSutcliffe efficiency (NSE)>0.7, RMSE-observations standard deviation ratio (RSR)<0.6 and
RRMSE<0.3. Similarly, in cover crop treatment, good agreement was reached in the simulation
of corn and soybean yields with estimated corn and soybean yields were within 10% of the
experimental measurements. The performance of RZWQM in simulating the tile flow and
nitrate-N loss to the drainage were also satisfactory with NSE>0.55, RSR<0.7 and RRMSE<0.4.
These model-testing results briefly suggest that the PEST-calibrated RZWQM is adequate to be
used for our objectives in this case study.
For site-specific simulation as we performed in this case study, required RZWQM inputs
include daily meteorological data, soil physical and chemical properties, crop cultivars and the
schedule of field management events. Soil data were obtained directly from Qi et al. (2011),
which utilized exactly the same experimental site as this case study. Management data, including
planting date and rate, fertilizer application, tillage and harvesting practices were obtained from
Qi et al. (2011) and from experimental logs provided by the field technician.
Generating probabilistic measures of performance for a management practice requires
many years of data. Meteorological data representing the current weather (1995 – 2014) and
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predicted future weather (2041-2060) were generated using CLIGEN, a widely used stochastic
synthetic weather generator that produces daily estimates of weather based on monthly statistical
parameters (e.g., mean, standard deviation, skewness) derived from historic measurements
(Elliot and Arnold, 2001; Kou et al. 2007; Nicks and Gander, 1994; Yu, 2000). One hundred
years of daily meteorological data were generated representing each period (i.e., the measured
weather data from 1995 – 2014 and the 5 downscaled future projections from 2041 to 2060).
Daily meteorological data for 1995-2014 obtained from the on-site weather station were used to
characterize current climate conditions. To characterize future climate we used 5 different
Coupled Model Intercomparison Project phase 3 (CMIP3) global climate model (GCM)
projections representing 2041 to 2060 that were statistically downscaled as described by Stoner
et al. (2013) (See Table 2). The use of multiple GCM projections, known as ‘ensemble modeling
techniques’ is a common approach used by global change researchers to quantify imprecision in
model projections (Challinor et al. 2009). We utilized GCM outputs under Intergovernmental
Panel on Climate Change (IPCC) A1B emission scenario, which represents very rapid economic
growth, global population that peaks mid-century and declines thereafter, and rapid introduction
of new and more efficient technologies (IPCC 2007). The 100 years of synthetic generated
weather data representing 1995 – 2014 and the 100 years representing each GCM projection
were combined with the associated 20 years of measured or simulated weather to create a total of
120 years of representative weather for each scenario.
Probabilistic assessment
Probabilistic representation of cover crop performance in each period and under each
weather projection was derived through the following procedure. A probability density function
was fit to the nitrate-N loss data obtained from the RZWQM simulation (Figure 1A) using

63
statistical computing software R (R Core Team, 2014). The probability densities were integrated
to produce the cumulative frequency distribution curve of nitrate-N loss reduction (Figure 1B)
and transformed to create an exceedance probability curve (Figure 1C). The exceedance
probability distribution curve can be used to determine the probability of occurrence of particular
events, risks of not achieving particular goals or threshold values, and the likelihood of achieving
particular goals or exceeding particular thresholds. For example, if the vertical line in Fig. 1C
represents a desired goal or particular threshold, the intersection of the vertical line and the
cumulate frequency distribution curve defines the probability of achieving that goal or threshold.
The area to the right of the vertical line under the exceedance probability curve represents the
probability of exceeding the goal or threshold, and the area to the left of vertical line under the
exceedance probability curve represents the probability of not achieving the goal or threshold.
Results
The calibrated RZWQM model was used to simulate nitrate-N loss for the case without
cover crop treatment (NCC) and with cover crop treatment (CC) under both current (1995 – 2014)
and future (2041 – 2060) climate scenarios. Characterizing statistics like mean and the range of
nitrate-N loss in cover crop treatment, nitrate-N loss in no cover crop treatment and nitrate-N
loss reduction over the 120 years simulated are summarized in Table 3. Under current climate
condition, mean annual nitrate-N loss from no cover crop treatment and cover crop treatment
were 25.3 kg N ha-1 (22.6 lb N ac-1) and 16.5 kg N ha-1 (14.7 lb N ac-1), respectively. Under
projected future climate scenarios, a trend toward an increase in the amount of nitrate-N loss to
the drainage water was observed in both no cover crop treatment and cover crop treatment by 2.7
to 19.5 kg N ha-1 year-1 (2.4 to 17.4 lb N ac-1 year-1) and up to 3.3 kg N ha-1 year-1 (2.9 lb N ac-1),
respectively. The addition of a winter rye cover crop to the corn-soybean rotation under current
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climate reduces nitrate-N loss in drainage water by 40.5% or 8.8 kg N ha-1 (7.9 lb N ac-1). Under
the 5 future climate projections, the mean annual nitrate-N loss reduction ranges from 43% to
52.7% or 12.2 to 22.7 kg N ha-1 (10.9 to 20.3 lb N ac-1).
As shown in Figure 2 and Figure 3, the cereal rye cover crop results in a nitrate-N loss
reduction in more than 95% of years simulated. In all the panels of Figure 2 and Figure 3, the
black dashed vertical lines represent the mean nitrate-N loss reduction under current climate
conditions, the magenta vertical dashed lines in Figure 2B – F represent the mean nitrate-N loss
reduction under the particular future climate projection. The blue curve in each panel of Figure 2
and Figure 3 denotes the exceedance probability of achieving particular NO3-N loss reduction
goals under the climate projection indicated. For example, Figure 2A shows the probability
distribution of nitrate-N loss reduction in kg N ha-1 resulting from the inclusion of cereal rye
cover in the no till corn - soybean rotation under current climate conditions. The predicted
nitrate-N loss reductions (NLR) are quite variable, ranging from -1.2 to 37.3 kg N ha-1 (-1.1 to
33.3 lb N ac-1). Negative values represent years that the cover crop treatment led to increased
nitrate-N loss relative to the no cover crop treatment. The probability of not achieving any
nitrate-N loss reduction is less than 5%. Under future climate conditions as depicted in Table 3
and Figure 2B-F, the nitrate-N loss reduction (NLR) is more variable and spans a wider range
from -11.6 to 68.5 kg-N ha-1 ( -10.4 to 61.2 lb N ac-1).
Probabilistic assessment
As shown through this case study, probabilistic assessment provides a quantitative
measure of the expected performance of the cover crop in reducing nitrate-N loss to drainage
water. The likelihood of exceeding particular nitrate-N loss reduction goals by cover crop
practice can be easily obtained from the exceedance probability curve as shown in Figure 2. For
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example, Figure 2A indicates that in 3 years out of 4 (i.e., exceedance probability = 75%), cereal
rye cover crop will achieve 4.8 kg N ha-1 (4.3 lb N ac-1) and 6.0 to 12.5 kg N ha-1 (5.4 to 11.2 lb
N ac-1) reductions in drainage NO3–N loss under current and future climate conditions,
respectively. In 1 out of 2 years (exceedance probability = 50%), drainage N loss reductions are
expected to be 7.1 kg N ha-1 (6.3 lb N ac-1) and 9.8 to 19.5 kg N ha-1 (8.75 to 17.4 lb N ac-1) for
current and future climate conditions, respectively. In 1 of 4 years (exceedance probability =
25%), the reduction in NO3-N loss to the drainage water due to the addition of cover crop is 11.8
kg N ha-1 (10.5 lb N ac-1) and is expected to range from 15.6 to 30.4 kg N ha-1 (13.9 to 27.1 lb N
ac-1) under current and future climate conditions. In 1 out of 10 years (exceedance probability =
10%), nitrate-N loss reductions in drainage water after implementation of winter cover crops is
17.3 kg N ha-1 (15.4 lb N ac-1) under current climate condition and range from 24.8 to 43.4 kg N
ha-1 (22.1 to 38.7 lb N ac-1) under projected future climate conditions. When comparing the
distribution of nitrate-N loss reductions under different climate scenarios as displayed in Figure
2A – F, we observe a clear trend that the major body of nitrate-N loss reduction distribution
under future climate scenarios shifted from left to right relative to that under current climate,
which indicates that the addition of over-winter cover crop generally leads to greater nitrate–N
loss reduction under predicted future climatic conditions.
Figure 3 presents the NO3-N loss reduction as a percentage of the NO3-N loss without a
cover crop. The black and magenta dashed lines and the curve in blue represent mean NO3-N
loss reduction under current climate condition, mean reduction under future climate conditions
and the exceedance probability of NO3-N loss reduction, respectively. Nitrate-N loss reduction
(NLR) ranges from -3.8% to 100% and -19% to 100% for the current and predicted future
climate scenarios. Negative values represent years that cover crop leads to greater nitrate-N loss
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than without cover crop. The probability that addition of a cover crop will lead to greater
drainage water nitrate-N loss is less than 5%. Cover crop treatment (CC) is most likely to result
in 27% and 33% to 45% reduction in nitrate-N loss relative to the no cover crop treatment (NCC)
under current and future climate conditions, respectively. Simulated mean percentage reductions
over the 120 years simulated are 40.6% and 43% to 53% under current and future climate
conditions, respectively. Addition of a winter rye cover crop results in 22% and 29% to 40%
reductions in drainage NO3–N loss under current and future climate scenarios in 3 years out of 4
(exceedance probability = 75%), respectively. In 1 out of 2 years (exceedance probability =
50%), drainage N loss reductions are predicted to be 35% and 38.5% to 49% for current and
future climate scenarios, respectively. In 1 year out of 4 (exceedance probability = 25%), the
amount of NO3-N loss in the drainage water that can be achieved with a cover crop are 55% and
ranged from 51% to 65% under current and future climate conditions, and for 1 year in 10
(exceedance probability = 10%), NO3–N loss reductions are 76% and 59% to 80% under current
and future climate conditions. The likelihood of achieving any particular level of nitrate-N loss
reduction under any climate scenario can be easily obtained from the exceedance probability
curve in Figure 3.
Discussion
Under current climate conditions, simulated mean annual nitrate-N loss without cover
crop (NCC) and with cover crop (CC) were comparable with results obtained from experiments
at this site (Qi et al. 2011). Simulated mean annual nitrate-N loss reduction of 8.8 kg-N ha-1 (7.9
lb N ac-1) was only slightly higher than the measured nitrate-N loss reduction of 6.88 kg-N ha-1
(6.1 lb N ac-1) (Qi et al. 2011). RZWQM simulated a trend toward an increase from current to the
future in the amount of nitrate-N exported to the downstream by an average of 11.5 kg N ha-1
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year-1 (10.3 lb N ac-1 year-1) in no cover crop treatment and 3.4 kg N ha-1 year-1 (3 lb N ac-1) in
cover crop treatment. The simulated impacts of climate change on nitrate-N loss to drainage
water from no cover crop treatment in this case study is comparable with the results presented in
Wang et al. (2015) with an average of 11.6 kg N ha-1 year-1 (10.4 lb N ac-1 year-1) increase in
nitrate-N loss due to climate change. The magnitude of the increase in nitrate-N loss to drainage
water in no cover crop treatment in this case study and Wang et al. (2015) were more than 2
times greater than that in cover crop treatment, suggesting that the addition of over-winter cover
crop is a useful practice that mitigates NO3-N pollution from subsurface drained corn-soybean
field in Iowa.
Qi et al. (2011) reported nitrate-N loss to the drainage water was reduced by -2.8 to 14.1
kg N ha-1 (-2.5 to 12.6 lb N ac-1) from 2004 to 2009 by, which only accounts for approximate 70%
of the full range of performance that cover crop practice can potentially have on the reduction of
nitrate-N loss to drainage water. This comparison indicates that relatively short-term
experimental studies are likely to be carried out under a small range of possible conditions and
thus provide very limited information about performance under different conditions, particularly
the less frequently observed more extremes.
Although average performance per year is commonly used in the literature to quantify
NO3-N loss reduction due to cover crop (Table 1), we don’t consider average performance to be
the most appropriate metric to quantify the impact of cover crop on nitrate-N loss. As shown in
Figure 2 and Figure 3, the simulated annual nitrate-N loss reduction are either left skewed or
right skewed rather than normally distributed. Therefore, the mean value of the nitrate-N loss
reduction over the 120 simulation years does not contain more information than the average
value of NO3-N loss reduction over the study period. When the distribution is highly skewed,
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using the mean value alone to quantify the impacts of cover crop on NO3-N loss is likely to
misrepresent performance, particularly when the impacts of NO3-N loss are highly non-linear.
Additional metrics like the range of performance that can potentially achieved by particular
practices and the likelihood of accomplishing a desired goal are needed to sufficiently quantify
the impacts of particular agricultural management practices for informed decision-making.
More importantly, probabilistic assessment techniques as demonstrated in this case study
provide additional information regarding the certainty of particular agricultural management
practices to achieve desired goals. For example, as shown in Figure 2 and Figure 3, higher levels
of reduction in nitrate-N loss usually have lower exceedance probability which indicates that
those levels of reduction couldn’t be achieved easily, lower levels of reduction that usually have
high exceedance probability are easy to achieve but may not adequately achieve the anticipated
reduction levels. The sort of probabilistic assessment demonstrated in this case lets decision
makers understand the probability of achieving any particular level of performance that can be
achieved by using a cover crop at the study location. For example, the results from this case
study make it possible to easily obtain the likelihood of achieving the USEPA goal of 45%
reduction in nitrogen load to the Gulf of Mexico by the addition of over-winter cover crop under
a range of climate scenarios, they were 39% under current climate condition to 39% to 63%
under future climate scenarios (USEPA, 2008). This type of information allows a direct and
transparent comparison between the performances of the particular management practice with
the desired goals and assists the decision maker in searching for the most appropriate set of
management practices for a particular site.
Agricultural decision making should be based on anticipated future conditions under
which the system will operate. Anticipated changes in conditions like global climate change can
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and should be incorporated into such analysis since the best choices for today’s conditions may
not be the best choices for the future conditions. Based on results presented in Figure 2 and
Figure 3, under projected future climate, the addition of a winter rye cover crop into cornsoybean rotation at the Gilmore City site is predicted to provide higher nitrate-N loss reduction at
the same level of exceedance probability or have a higher likelihoods of achieving the same
nitrate-N loss reduction goals as under current climate conditions, although performance under
future climate conditions is uncertain because of the uncertain in future climate projections. For
example, the addition of cover crops resulted in 17.3 kg N ha-1 (15.4 lb N ac-1) reduction of
nitrate-N loss to drainage water in 10% of the time under current climate condition, the same
level of nitrate-N loss reduction would occur more frequently under future climate scenarios with
the probability ranges from 21% to 57%. It is also worth noting that the simulated nitrate loss in
drainage water increased under future climate scenarios in both cover crop treatment and no
cover crop treatment, but the addition of winter rye cover crop reduced the level of increase by
an amount of 3.4 to 12.9 kg N ha-1 (3 to 11.5 lb N ac-1) than in no cover crop treatment. This
indicates that the use of a cover crop was able to reduce the impacts of the projected climate
change, but wasn’t adequate to fully counteract the climate change implications, future modeling
efforts could investigate the potential benefits of combining cover crop practice with other
agricultural management practices to offset more of the anticipated climatic change implications.
Conclusion
Our analysis, incorporating experimental data, agricultural system model simulations,
synthetic weather generation and probabilistic assessment, found that the projected future climate
change will lead to an increase of 11.5 kg N ha-1 year-1 (10.3 lb N ac-1 year-1) in no cover crop
treatment and 3.4 kg N ha-1 year-1 (3 lb N ac-1 year-1) in cover crop treatment, and the inclusion
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of cereal rye cover crop was able to reduce the amount of nitrate-N exported to the environment
in more than 95% of the time under both current and future climate scenarios. Though was not
able to completely counteract the climate change implications, the addition of over-winter cover
crops resulted in 3.4 to 12.9 kg N ha-1 (3 to 11.5 lb N ac-1) less in the increase of nitrate-N loss to
the drainage water due to climate change, suggesting future modeling efforts to investigate the
potential benefits of combining cover crop practice with other agricultural management practices
to offset more of the anticipated climatic change implications. The probabilistic assessment
results provide information in great details regarding the probability of achieving any level of
nitrate-N loss reduction and showed that the cereal rye cover crop practice is more likely to
achieve the same nitrate-N reduction goals under future climate scenarios than the current
climate scenario. At the Gilmore city site, using cereal rye as a winter cover crop in the cornsoybean rotation system is able to achieve the USEPA goal of 45% reduction in nitrogen load to
the Gulf of Mexico in 39% of the time under current climate scenario and from 39% to 63% of
the time under future climate scenarios.
This paper demonstrates a probabilistic assessment approach to characterize the
performance of over-winter cover crop practice under a range of climate scenarios, which can be
employed to evaluate the potential of a wide range of other agricultural management practices.
Probabilistic assessment results provide decision-makers like farmers, land managers, and policy
makers the information they need to choose among a range of management practices to achieve
desired conservation and production goals. Agricultural policy must be guided by more
sophisticated analysis and informed by more complete information as it seeks to increase the
sustainability of agricultural production in the face of increasingly uncertain future conditions.
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Tables
Table 1. Summary of studies reporting nitrate-nitrogen (NO3-N) loss reduction with winter cereal rye cover crop.
Reference

Reduction in
NO3-N loss (%)

Reduction in
NO3-N loss (kg-N
ha-1)

NO3-N loss without
cover crop (NCC)

NO3-N loss with
cover crop (CC)

(kg-N ha-1)

(kg-N ha-1)

Location

Study
duration
(years)

McCracken et al. 1994

94

5.76

6.11

0.35

Kentucky

3

Wyland et al. 1996

65 to 70

—

—

—

California

1

Brandi-Dohrn et al. 1997

33

22

67

45

Oregon

3

Brandi-Dohrn et al. 1997

32

38

116

79

Oregon

3

Brandi-Dohrn et al. 1997

42

89

213

124

Oregon

3

Ritter et al. 1998

27

30.3

112.8

82.5

Delaware

3

Ritter et al. 1998

13

14.2

107.9

93.7

Delaware

3

Staver and Brinsfield 1998

80

—

—

—

Maryland

9

Rasse et al. 2000

28

26

92.1

66.1

Michigan

4

Rasse et al. 2000

68

54

80.3

26.3

Michigan

4

Strock et al. 2004

13

3.3

26.8

23.5

Minnesota

3

Kaspar et al. 2007

61

31

50.8

19.8

Iowa

4

Kaspar et al. 2012

48

21.7

45.9

24.2

Iowa

5

Qi et al. 2011

17

6.9

41.3

34.4

Iowa

5
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Table 2. Climate models used to generate daily future weather data for RZWQM simulations. The RZWQM model will be run to
evaluate the impacts of projected future climate change on performance of rye cover crop in the Midwestern US.
Climate Model

Institute of Origin

Link to Model

HADGEM3

Hadley Centre,
Exeter, UK

http://www.metoffice.gov.uk/research/modelling-systems/unifiedmodel/climate-models/hadgem3

CGCM3_t63

Environment
Canada

http://www.cccma.ec.gc.ca/data/cgcm3/cgcm3.shtml

ECHO

Max Planck
Institute

http://coast.gkss.de/staff/wagner/midhol/model/model_des.html

PCM

US-DOE

http://www.cgd.ucar.edu/pcm/

CNRM

National Centre
for
Meteorological
Research (FR)

http://www.cnrm-game.fr/spip.php?article126&lang=en
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Table 3. RZWQM simulated mean and range of annual nitrate-N loss from cover crop treatment
and no cover crop treatment, and reduction of nitrate-N loss by the addition of cereal rye cover
crop into corn-soybean rotation in kg-N ha-1 and percentage under a range of climate scenarios.
Climate scenarios

Nitrate-N loss kg-N ha-1
Cover crop
treatment

Range

No cover crop
treatment

Range

Current

16.5

[0, 55]

25.3

[0, 76.1]

CGCM

19.8

[4.2, 68.8]

35.4

[10.8, 102.4]

CNRM

22.2

[0, 92.1]

44.8

[5.4, 120.8]

ECHO

21.7

[0, 70.7]

37.9

[12.3, 105.5]

HADGEM

19.9

[0, 160.6]

37.9

[4.7, 193.3]

PCM

15.8

[0, 48.4]

28.0

[5.5, 95.7]

Climate scenarios

Nitrate-N loss reduction kg-N ha-1

Nitrate-N loss reduction %

Range

Range

Current

8.8

[-1.2, 37.3]

40.5%

[-3.8%, 100%]

CGCM

15.6

[-0.9, 50.3]

44.3%

[-1.4%, 78.9%]

CNRM

22.7

[-11.6, 68.5]

52.7%

[-1.6%, 100%]

ECHO

16.2

[-1.7, 66.5]

43.0%

[-2.8%, 100%]

HADGEM

17.9

[0.8, 59.4]

48.9%

[1.8%, 100%]

PCM

12.2

[-7.7, 64.3]

46.6%

[-19%, 100%]
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Figures
Figure 1. The use of probabilistic approach to evaluate the performance of agricultural
management practice based on (A) probability density distribution, (B) cumulative probability
curve and (C) exceedance probability curve, histogram and probability curves were generated
from 100 normally distributed data points for demonstrating.
Figure 2. Distribution and exceedance probability of the amount (kg-N ha-1) of reduction in
nitrate-N (NO3-N) leaching losses by including cereal rye cover crop into the no-till corn–
soybean rotation under one current climate scenario and 5 future climate scenarios on an annual
basis. The black and magenta vertical dashed lines in each graph represent the mean level of
reduction under current and future condition, the blue curve displays the exceedance probability
of different levels of reduction that can be reached by cover crop practice.
Figure 3. Distribution and exceedance probability of the percentage reduction in nitrate-N (NO3N) leaching losses by including cereal rye cover crop into the no-till corn–soybean rotation under
one current climate scenario and 5 future climate scenarios on an annual basis. The black and
magenta vertical dashed lines in each graph represent the mean level of reduction under current
and future condition, the blue curve displays the exceedance probability of different levels of
reduction that can be reached by cover crop practice.
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CHAPTER 4. Cover crop as a climate change adaptation strategy in corn production in the
Midwestern United States
A paper to be submitted to the Journal of Agriculture, Ecosystems & Environment
Abstract
The US Midwest is playing a key role in the US corn production that accounts for more
than 70% of national production. Projected increases in temperature, precipitation and the
frequency of extreme events will negatively influence corn production and the environmental
quality in this region, but impacts can be reduced through adaptation. Use of a winter cover crop
is a promising adaptation practice that can reduce soil erosion, nitrate-N loss and N2O emissions
with little or no yield loss. This study utilized a suite of process-based agricultural system models
to evaluate the impacts of cereal rye cover crop on corn production and associated environmental
outcomes at different locations across the Midwestern US under a range of possible climate
scenarios. We predicted that cover crop didn’t interfere with corn yield under both current (19952014) and projected future climate (2041-2060), however, the addition of cover crop was unable
to counteract the decline of corn yield caused by projected future change in climate. Cover crop
consistently increased the soil carbon and reduced N2O emissions, nitrate-N losses to drainage
water and soil erosion at all sites in various amount depending on the site-specific soil and
climate conditions. Under current climate condition, the presence of resulted in 2% to 25%
increase in soil carbon, 4% to 49% reduction in N2O emissions, 25% to 55% reduction in nitrateN loss to drainage water and 13% to 16% reduction in soil erosion, respectively. The addition of
cover crop to the corn-soybean rotation was predicted to result in larger reductions in N2O
emissions, nitrate-N loss and soil erosion under future climate, however, cover crop alone was
not sufficient to fully offset the expected increases resulting from climate change. Greater
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environmental benefits might be achievable if the use of cover crop is appropriately combined
with other conservation measures.
Key words: Cereal rye cover crop, climate change, adaptation strategies, corn-soybean rotation,
nitrate-N loss, N2O emissions, soil erosion, WEPP, RZWQM, DAYCENT, US Midwest
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Introduction
Corn is one of the most important grain products in U.S whether measured by economic
value, land occupation in acres, and harvested grains in tons (USDA-NASS, 2015). Corn
production, however, is also implicated in many of the most severe environmental impacts of
agriculture like soil erosion due to intensive farming and poor land management (O’Neal et al.,
2005), groundwater and surface water contamination through nitrate loss, air quality impacts
because of the release of NH3, NO and NO2, and climate change by the fluxes of greenhouse
gases (Aneja et al., 2009; Davidson et al., 2012; Gruber and Galloway, 2008; Ravishankara et al.,
2009). The US Midwest accounts for more than 70% of the nation’s corn production, so climate
change in this region will affect not only the corn productivity but also the related environmental
outcomes (USDA-NASS, 2015; Hatfield et al., 2011).
Climate change is evident in the US Midwest in terms of changes in temperature,
precipitation and atmospheric CO2 concentration since the past several decades (Groisman et al.,
2012; Karl et al., 2009; Winkler et al., 2012), future climate projections have confirmed that the
trend of changes in the Midwestern US region will continue into the future (Karl et al., 2009;
Winkler et al., 2012). The projected increase in number of heat waves and extreme temperature
events, rainfall variability, rainfall intensity and frequency of extreme rainfall events are likely to
result in change in length of growing season and crop phenology, deficits of soil water, delayed
planting and crop management operations, soil detachment and biotic stresses of weeds, insects,
and diseases etc. (Hatfield et al., 2011; Rosenzweig et al.,2002; Schwartz et al., 2006; Wolfe et
al., 2005). These impacts, all together, are predicted to negatively affect corn yields and worsen
the environmental impacts. Therefore, developing agricultural management practices that can
stabilize crop yields, mitigate the negative environmental impacts, counteract the climate change
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impacts and increase their level of adaptation are urgent priorities for farmers, land managers and
policy makers (Lal et al., 2011).
The addition of over-winter cover crop in the corn-soybean rotation is a promising
management practice that can potentially mitigate the negative environmental impacts and
counteract the potential negative outcomes posed by climate change. The use of cover crop can
reduce evaporation, surface runoff and soil loss by slowing down the heat transfer between soil
and atmosphere, reducing the soil detachment forces by precipitation, and enhancing the
aggregation of soil particles (Ding et al., 2006; Kaspar et al., 2001; Kaspar and Singh, 2011). The
intensive root development of cover crop can also gradually improve the soil physical condition
by decreasing bulk density, generating macropore spaces, enhancing infiltration and soil water
holding capacity (Kaspar and Singer, 2011). Studies also found that the active growth of cover
crop can effectively take up the residual NO3-N in the soil which would otherwise leach to the
deep soil layers or move out of root zone to cause water quality issues (Kaspar et al., 2007,
Kaspar et al., 2012; Meisinger et al., 1991; Malone et al., 2014; Parkin et al., 2006). The decrease
in residual N level in the soil can also potentially reduce the soil N2O emissions, which was
observed in both site-specific study (Parkin et al., 2006) and laboratory experiment (Jarecki et al.,
2009). However, cover crops were also found to result in an increase in N2O emissions in some
other studies especially when soil carbon is non-limiting (Aulakh et al., 2001; Kaspar and Singer,
2011; Mitchell et al., 2013; Parkin et al., 2006; Smith et al., 2011). The net impact of cover crop
on N2O fluxes from soil is uncertain and depends on a suite of environmental and management
factors including cover crop type, tillage, fertilizer N rate, soil incorporation, the period of
measurement and rainfall. After being terminated in spring, decomposition of cover crop
residues will release and recycle some of the recovered N for the subsequent crops and improve
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the nitrogen use efficiency. Field studies also demonstrated the ability of cover crop practice in
suppressing weed and pest pressure and enhancing the competitiveness of corn to weeds (Carrera
et al., 2004; Lal et al., 1991; Teasdale et al., 1996; Kaspar and Singer, 2011).
Impacts of cover crop practice on crop production and the related environmental impacts
were commonly determined based on relatively short-term field experiments (< 5 years), very
few studies have been set up to study the long-term impacts of using cover crop as a
management practice (Brandi-Dohrn et al., 1997; Feaga et al., 2010; Masarik et al., 2014;
Randall and Vetsch, 2005). Yet no experimental observations are available to investigate the
effectiveness of using the cover crop as a climate change adaptation strategy. Agricultural system
models, if appropriately parameterized and tested with experimental data, enable us to explore
over time and space to determine the range of outcomes for particular management practices, is
one way of assessing the response of crop productivity and other environmental outcomes to
anticipated changes in soil, climate and management practices(Ahuja et al., 2011).
There are several modeling studies that exploring the potential benefits of using the cover
crop as a management practice (Farahvakhshazad et al., 2006, Kladivko et al., 2014; Malone et
al., 2014). Many of these studies, however, tended to evaluate only the single impact of the cover
crop under present or historical climate. Basche et al. (2016) assessed the impacts of cereal rye
cover crop on maize and soybean production and several related environmental variables,
including with considering the potential changes in climate in the future. But the results
presented were from a single site at central Iowa, little is known about the performance of rye
cover at other locations across the US Midwest that has different soil and weather conditions.
Basche et al. (2016) also didn’t consider the impacts of cover crops on nitrate-N loss to drainage
water, which is one of the primary purposes of using over-winter cover crop in the Midwestern
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US. In the simulations of future climate, Basche et al. (2016) didn’t consider the effects of
increasing CO2 concentration in the atmosphere, which might result in overestimation of the
future climate change impacts. The simulated impacts of cover crop and climate change on soil
erosion in Basche et al. (2016) were also questionable because of the use of a factor based
erosion prediction approach, which failed to capture the change in rainfall amount and variability.
The current study addressed the question as to whether, in response to climate change, overwinter cover crop will perform adequately to mitigate the climate change implications on both
crop productivity and the associated environmental impacts. Specifically, the objectives of this
study were to:
1. Assess the long-term impacts of cover crop on corn yield as well as the associated
environmental impacts including soil erosion, nitrous oxide (N2O) emissions and nitrateN (NO3-) loss across the US Midwest under both current and projected future climate.
2. Evaluate the usefulness of utilizing cereal rye cover crop practice as a climate change
adaptation strategy in the US Midwest.
Materials and Methods
In this study, agricultural system models were utilized to assess the impacts of cover crop
on corn production and related environmental outcomes, the Daycent model (Parton et al., 1998)
was used to simulate the N2O emissions from the soil, the Root Zone Water Quality Model
(RZWQM, Ahuja et al., 2000) was used to simulate the NO3- loss to the subsurface drainage and
the Water Erosion Prediction Project (WEPP, Flanagan and Nearing, 1995) was used to simulate
the soil erosion. These mechanistic models were calibrated and validated with the site-specific
field observations from the no-till corn-soybean rotation with and without cereal rye cover crop
fields.
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Experimental sites
Field trials were conducted at 4 sites located in the US Corn Belt that investigating the
impacts of winter cover crops relative to the baseline treatment with no-till corn (Zea mays L.)soybean (Glycine max L.) rotation, which is the predominant land use pattern across the Midwest
Corn Belt. The location, soil properties and most recent land use are displayed in Table .
Field trials at all the 4 experimental sites are uniformly established in random complete
block design (RCBD) design with 4 replicates. Cereal rye (Secale cereal L.) was selected as
cover crop in the field trials because it can grow successfully at all sites, cereal rye has excellent
winter hardiness that doesn’t winter kill and can grow on low fertility soil (Bushuk, 2001;
Johnson et al., 1998; Kaspar et al., 2007). Corn and soybean were planted every year in May and
the grains were harvested in late September to early October, winter rye was planted right after
the harvest of both corn and soybean in the fall and terminated by glyphosate [N(phosphonomethyl) glycine] prior to the planting of corn and soybean. Nitrogen fertilizer is
applied to corn only approximately 1 month after planting at the site-specific maximum return to
N (MRTN) rate (Sawyer et al., 2015).
Environmental Modeling
Quantifying the impacts of unpredictable weather on agriculture is particularly difficult
and important. Most agricultural field experiments are conducted in the short-term (< 5 years)
and even longer-term experiments generally do not represent the full range of possible weather
nor account for the future climate. Agricultural system models, if appropriately calibrated with
experimental data, enable us to explore over time and space the likelihood of a range of
outcomes for particular management practices. In this study, the Water Erosion Prediction
Project was used to simulate the soil erosion, the Daycent model was used to simulate the N2O
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emissions from the soil and the Root Zone Water Quality Model was used to simulate the NO3loss to the subsurface drainage.
WEPP is a process-based model that accounts for the spatial and temporal variability in
topography, surface roughness, soil properties, hydrology, and land use conditions and simulates
many of the physical processes that controlling the soil erosion including infiltration, surface
runoff, erosion mechanics, plant growth, residue decomposition, sediment transport and
deposition (Flanagan and Nearing, 1995). An advantage of WEPP over other soil loss estimation
models is that the soil loss and deposition of sediment is estimated continuously along a proﬁle
across temporal and spatial scales. WEPP has been successfully validated against numerous
natural runoff and erosion data from many sites in the United States and around the world and
can be used for common hillslope applications or on small watersheds (Flanagan et al., 2007;
Nearing et al., 2004). Tiwari et al., (2000) tested WEPP model with 1600 plot-years of date from
natural runoff plots and suggested that WEPP can be used to estimate long-term average annual
soil loss without calibration. The features of being able to continuously simulate soil loss at daily
time step in response to many of the driving factors of soil erosion in the agricultural production
land make WEPP a good fit for our objective of evaluating the impacts of cover crop on soil
erosion under both current and future climate.
The Daily Daycent ecosystem model is a widely-used ecosystem biogeochemistry model
that simulates fluxes of carbon (C) and nitrogen (N) among the atmosphere, soil and vegetation
at a daily time step while accounting for the impacts of changes in management practices and
climatic conditions (Del Grosso et al., 2006; Parton et al., 1998). The Daycent is composed by
several key sub-models including plant growth, soil organic matter (SOM) decomposition, soil
water and temperature by layer, nitriﬁcation and denitriﬁcation, and CH4 oxidation. Plant growth
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is controlled by temperature and the availability of nutrient and water. The nutrients are supplied
by the decomposition of soil organic matter (SOM) and external nutrient additions. The soil
water fluxes and water content are simulated for each soil horizon throughout the soil profile
(Parton et al., 1998). The release of nitrogen gas fluxes from nitrification and denitrification are
determined by the soil NH4 and NO3 concentrations, water content, temperature, texture, and soil
carbon availability (Parton et al., 2001). The comparisons of model results and experimental data
has shown that Daycent reliably simulates crop growth, SOM levels, and N2O emissions for
various native and managed systems including corn-based cropping system in the US Midwest
(Del Grosso et al., 2002; Del Grosso et al., 2005; Jarecki et al., 2008; Lee et al., 2012). The
Daycent is used to predict the N2O emissions from agricultural soils for the US National
Greenhouse Gas Inventory (Olander and Haugen-Kozyra, 2011) and report to the United Nation
Framework Convention on Climate Change (USEPA, 2014). Daycent is a powerful N2O
emission prediction model that simulates many of the driving factors that controlling the N2O
fluxes and are likely to be affected by the presence of over-winter cover crop, therefore, Daycent
is an appropriate model for the research objective of investigating the effect of cover crop and
future climate change on N2O fluxes.
Although the Daycent simulates the nitrate-N leaching near the root zone of crops, it
doesn’t have a speciﬁc algorithm to simulate tile drainage, so I used the Root Zone Water
Quality Model to simulate the amount of nitrate-N that exported to the subsurface drainage lines
from the corn production fields. The RZWQM model has a mechanistic structure and is
intensively parameterized to explicitly represent processes that controlling the “soil - water plant” system behaviors. The RZWQM model is a widely used agricultural system model that
simulates plant growth, water and nutrient movements based on the physical, biological and
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chemical processes it represents (Ahuja et al., 2000). RZWQM has undergone extensive
evaluation for different cropping systems under a verity of management practices and climatic
conditions and performed well in predicting crop yields, nitrogen dynamics and hydrologic
cycling (Ma et al., 2005; Ma et al., 2006; Thorp et al., 2008; Yu et al., 2006). It has been
extensively applied to simulate the N loss from corn production systems throughout the US
Midwest (Ahuja et al., 2000b; Ma et al., 2012) and shows promising as a tool to quantify the
relative effects of agricultural management on nitrate losses in drainage ﬂow (Li et al., 2008; Qi
et al., 2011).
Model calibration protocol
Daycent and RZWQM have been successfully tested in some of the experimental sites,
for example, RZWQM have been successfully tested for its ability to simulate the amount of
drainage and nitrate-N loss at Gilmore site and ISUAG site (Gu et al., in preparation; Li et al.,
2008; Malone et al., 2014), Daycent model have been calibrated and validated with field
observations of crop yield, soil moisture, soil temperature, N2O emission at ISUAG site
(Necpolave et al., 2015). Model parameterization was directly adapted to this study, otherwise,
models were calibrated with available experimental data at each site including crop yield, soil
moisture, soil temperature, N2O fluxes, and tile flow and nitrate-N concentration in the drainage
water.
For site-specific simulation as performed here, the three models require similar types of
input data include: meteorology data, soil physical and chemical properties data, crop growth and
management data. Daily temperature and precipitation data from 1995 to 2014 were collected
from the nearby weather stations, the annual mean precipitation and daily high and low air
temperature are presented in Table S1. Parameter values that represent the soil physical and

98

chemical properties are determined based on site-speciﬁc measurements supplemented with
information from the Web Soil Survey (Soil Survey Staff, 2013) and the Soil water
characteristics software, version 6.02.74 (USDA Agricultural Research Service, Washington)
when necessary. Crop management events include all relevant farm activities like planting,
fertilization, harvesting and herbicide application. For Daycent and RZWQM model, “spin- up”
simulations were necessary to properly initialize and stabilize the C and N pools. We are
following the spinning up procedures recommended in Necpalova et al. (2015) for Daycent
model and Ma et al. (2011) for RZWQM model.
All the three models were calibrated with harvested corn and soybean grain yield
measured in 2011- 2013 and SOC stock at 0 to 20 cm (0 to 7.9 in) depth measured in spring of
2011. The performance of Daycent is also calibrated with N2O fluxes data, soil temperature and
soil moisture if available. Similar, RZWQM is also calibrated with water flow and nitrate-N loss
data when available.
Model Application
The tested agricultural models were utilized to run for 20 years under both current (1995
- 2014) and future climate (2041 - 2060). Identical crop management schedules were used in the
simulations under both current and future climate, corn was planted odd numbered years,
soybean was planted in even numbered years and cereal rye cover crop was planted right after
the harvest of both corn and soybean. The cover crop was terminated by glyphosate in the spring
approximately 2 weeks before corn and a week before soybean. The field management
operations and timing are shown in Table 2. In the simulation of future conditions, we didn’t
consider adaptations because agronomic adaptation strategies like adjustments in planting dates,
fertilization dates, irrigations applications and cultivar traits are generally less effective than
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genetic modification of the crop cultivars, and modeling a limited number of adaptation
strategies from a much larger universe of possibilities would underestimate the adaptative
capacities. So the modeling results from this research can be easily extrapolated appropriately
based on the desired adaptation scenarios.
For the above simulations, measured meteorology data from 1995 to 2014 and 380 ppm
atmospheric CO2 concentration were used to represent the current climate, 5 downscaled general
circulation models (GCMs) projections from 2041 to 2060 and 450 ppm atmospheric CO2
concentration were utilized to represent the future climate. Meteorology data representing the
future climate were downscaled from Coupled Model Intercomparison Project phase 3 (CMIP3;
Meehl et al. 2007) using the asynchronous regional regression downscaling method developed
by Stoner et al. (2013). Since there is no single "best" climate model and the future climate data
are projected with uncertainties, we decided to use projected future climate data from 5 models
under IPCC A1B emission scenario (Table S2), those 5 future climate projections were selected
based on their completeness, predictive power for C cycling and resolution.
Model Evaluation and Statistical Analysis
Model performances were evaluated with several commonly used statistical measures
like percentage error (PE), Nash-Sutcliffe efficiency (NSE), RMSE-observations standard
deviation ratio (RSR) and relative root mean square error (RRMSE) to determine the goodness of
ﬁt between model predictions and observed values (Ma et al., 2012; Moriasi et al., 2007;
Necpolva et al., 2015).
The performance of cover crop was determined by the relative difference in corn yield
and associated environmental impacts between cover crop treatment and no cover crop treatment,
calculated as:

100

% Effect of cover crop practice=

no cover crop practice – cover crop practice
*100
no cover crop practice

Results
Crop production
Under the projected future climate, we observed a declining trend in corn yield and an
increasing trend in soybean yield. Future climate resulted in a 5% to 12% decline in corn yield
and a 0 to 22% increase in soybean yield when compared with current climate.
The impact of cover crop on the main crop yields was variable depending on site-specific
conditions. As shown in Table 3, after including the rye cover crop into the corn-soybean
rotation, corn yield declined at 3 out of 4 sites (i.e., Bradford, Gilmore and ISUAG) by 0 to 11%
under current climate and by 8 to 9% under future climate. A 9% and 6% increase in corn yield
in cover crop treatment (CC) was observed at SPEAC site under current and future climate,
respectively. The soybean yield was not uniformly affected by the addition of rye cover crop,
neither. Under current climate, the addition of rye cover crop into no-till corn-soybean rotation
resulted in 13%, 6% and 1% increase in soybean yield at Bradford, Gilmore and SEPAC site,
while a 0.5% decline in soybean yield was observed at ISUAG site. Under future climate, the
predicted difference in soybean yield between no cover crop treatment and cover crop treatment
were negligible (predicted difference in percentage ≤ 1%) and are statistically insignificant.
Environmental impacts
N2O emissions
As shown in Table 3, the presence of rye cover crop consistently reduced the N2O
emission at all sites by 0.07 to 0.64 kg-N ha-1 under current climate and 0.22 to 0.87 kg-N ha-1
under future climate. By comparing the Daycent model outputs of variables that are sensitive to
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the production of nitrous oxide such as soil moisture condition, soil temperature, availability of
soil nitrogen and soil carbon between corn-soybean rotation with and without cereal rye cover
crop, we found that declines in soil nitrate concentration and soil moisture content were most
responsible for the reduction in N2O effluxes. The soil nitrate concentration and soil moisture
content in cover crop treatment (CC) were consistently lower than that of no cover crop
treatment (NCC) at all sites when cover crop was actively growing, while the diffidence in other
variables between no cover crop treatment and cover crop treatment were negligible.
Under future climate, the predicted nitrous oxide emissions showed a trend toward an
increase by 8.7 to 33.4% in cover crop treatment (CC) and 8.8 to 43.8% in no cover crop
treatment (NCC). In no cover crop treatment, the largest increase in N2O emissions was observed
at ISUAG site, followed by Bradford site, SEPAC site and Gilmore site; in cover crop treatment,
the largest increase was observed at ISUAG site with second largest increase at Gilmore site
followed by Bradford and SEPAC site. A greater increase in N2O emissions was observed in
climate projections with greater increase in temperature, while a smaller increase in N2O
emission was observed in projections with a smaller increase in temperature. However, no such
correlation was observed between increase in N2O emissions and the projected increase in annual
total precipitation.
NO3-N loss to drainage water
The RZWQM predicted NO3-N loss to the drainage water varied temporally over time
and spatially from site to site. In average, the nitrate-N loss from Bradford site and SEPAC site
were comparable and were greater than that at Gilmore site and ISUAG site (Table 3). Greater N
loss was observed in years with larger precipitation and drainage flows.
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Based on the RZWQM predictions, the presence of cereal rye cover crop in the no-till
corn-soybean rotation resulted in 28% to 59 % and 8.8 to 31.5 kg-N ha-1 (Table 3). Cover crop
significantly reduces the nitrate-N loss to drainage water at all sites under all climate scenarios (p
< 0.01). As shown in Figure 4 1, the use of rye cover crop resulted in a larger reduction in
nitrate-N loss to drainage water at Bradford, ISUAG and SEPAC site while least reduction was
predicted at Gilmore site in Northern Iowa. Among the several factors that were likely to be
affected by the presence of cover crops, cover crop nitrogen uptake was most responsible for the
reduction of NO3-N loss to drainage water, reduction in NO3-N loss was found to positively
correlated with cover crop nitrogen uptake at all sites with correlation coefficient varying from
0.34 to 0.77, greater N uptake by cover crop generally resulted in larger reduction in nitrate-N
loss to the drainage water.
The RZWQM predicted NO3-N loss to the drainage water under current and future
climate were compared for both cover crop treatment (CC) and no cover crop treatment (NCC)
to determine the impacts of climate change. As shown in Table 3 and Figure 1, nitrate-N loss to
drainage showed a trend toward an increase of 4 to 29% in cover crop treatment and 15 to 37%
in no cover crop treatment. The increases in NO3-N loss due to climate change were not uniform
between cover crop treatment (CC) and no cover crop treatment (NCC), a smaller increase was
observed in cover crop treatment (CC).
Soil carbon
The DAYCENT predicted an increase in soil carbon at the top 20 cm depth of soil profile
in cover crop treatment (CC) relative to no cover crop treatment (NCC) under both current and
future climate. Predictions of soil carbon over the top 20 cm depth soil showed a significant
difference between no cover crop treatment and cover crop treatment. Across the 4 sites
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investigated in this study, the addition of over-winter rye cover crop increased soil carbon by
1735 to 10558 kg ha-1 under current climate and 2248 to 7195 kg ha-1 under future climate. As
shown in Table 3, the addition of over-winter cover crop resulted in a larger increase in soil
carbon at sites in the south (e.g., Bradford and SEPAC site), and a relatively smaller increase was
observed at the northern sites (e.g., Gilmore and ISUAG site).
When considering the potential change in future climate, the Daycent predicted soil
carbon declines in both cover crop treatment and no cover crop treatment. In corn-soybean
rotation without over-winter rye cover crop, soil carbon showed a trend toward a decrease by 692
to 3519 kg C ha-1. In cover crop treatment (CC), soil carbon was increased only at Bradford site
and decreased at the other 2 sites at various rates from 178 to 5861 kg C ha-1 in no cover crop
treatment. As shown in Table 3, even the presence of cover crop was not able to counteract the
decline in soil carbon over time to the future, the addition of an over-winter cover crop into the
no-till corn-soybean rotation resulted in higher soil carbon levels than that without cover crops.
Soil erosion
Both rill and inter-rill soil erosion were predicted by WEPP model. The soil loss was
highly variable depending on the site-specific soil condition, weather condition and biomass
production (Table 3). Among the 4 experimental sites included in this study, Bradford site was
most vulnerable to soil loss followed by SEPAC site, ISUAG site and Gilmore site.
Soil erosion was effectively reduced by cover crop at all experimental sites under both
current and future climate (Table 3). Under current climate, the presence of rye cover crop
reduced soil loss by 13.3% to 16.2% (0.18 to 0.49 ton ha-1) relative to the no cover treatment,
greater reduction of soil loss was observed at SEPAC and Bradford site than at Gilmore and
ISUAG site. Under the projected future climate, approximately 13.6% to 30.6% (0.16 to 1.22 ton
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ha-1) of soil erosion were reduced by including winter rye cover crop in the corn-soybean
rotation, and a greater reduction was observed at SEPAC and Bradford site.
The impacts of climate change on soil loss and effectiveness of cover crop practice in
preventing soil loss varied from site to site. At Bradford site, a greater amount of soil loss was
predicted by WEPP model under future climate and a greater amount of soil loss prevention was
achieved using cereal rye cover crop. However, at the other 3 sites, predicted soil erosion under
future climate was lower than that under current climate conditions, so was the amount of soil
loss reduction that could be achieved by adopting cover crop.
Overall, the use of rye cover crop consistently increased soil carbon, reduced N2O fluxes
from the soil, NO3-N loss to the drainage water and water induced soil erosion while has
negligible impacts on corn and soybean yield. However, using rye cover crop only wasn’t
adequate to completely counteract the negative impacts caused by climate change.
Discussion
Crop production
At all sites, the differences of corn and soybean yield in no cover crop treatment and
cover crop treatment were not statistically significant, which is consistent with results from
literature (Basche et al., 2016; Kaspar et al., 2007, Kaspar et al., 2012; Qi et al., 2011; Tonitto et
al., 2006). When averaging across the 20-year simulated corn-soybean rotation with cereal rye
cover crop, we found that the long-term use of rye cover crop didn’t result in water deficit or
nutrient deficit for the main crops following cereal rye cover crop. The RZWQM model
simulated higher soil carbon in cover crop treatment than in no cover crop treatment because of
higher carbon inputs contributed by the cover crop residue, which agrees with prior works
investigating the impacts of cover crop on soil carbon in the US Midwest (Liu et al, 2005; Kuo et
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al, 1997; Sainju et al., 2002; Villamil et al., 2006). In addition, including over-winter cover crop
into corn-soybean rotation increased the long-term nitrogen availability to the subsequent main
crops, although higher nitrogen immobilization was observed in cover crop treatment following
the termination of cover crops. Higher nitrogen immobilization in cover crop treatment occurs
only at the early stage of cover crop residue decomposition, which requires soil nitrogen to be
immobilized to lower the carbon to nitrogen ratio, proceed the decomposition process and release
the scavenged nitrogen back to the soil for the subsequent crops (Kladivko et al., 2011). As
shown in (Table 4), over the 20 years of simulated corn-soybean rotation with cereal rye cover
crop after both corn and soybean, the addition of cereal rye cover crop increased the nitrogen
mineralization and reduced the nitrate-N loss to drainage water in cover crop treatment than the
no cover crop treatment, resulting in a net nitrogen addition to the soil. In the analysis of water
dynamics as affected by the addition of cover crop, we found that the soil water content in cover
crop treatment was lower than that in no cover crop treatment when cover crop was actively
growing in the late fall and early spring, but the soil water content was quickly replenished when
the spring precipitation arrived and we didn’t observe any difference in the simulated soil water
content during the cash crop growing season from May to September and amount of water
consumed by corn and soybean between cover crop treatment and no cover crop treatment. Since
the addition of cereal rye cover crop wasn’t simulated to interfere with the availability of water
and nutrient for main crops, no significant difference in corn and soybean yield was simulated by
RZWQM model.
Projected change in future climate showed noticeable decline in corn yield and increase
in soybean yield at all sites. The decline in corn yield could be explained by early maturity and
water stress resulted from the increase in temperature and change in precipitation patterns (Porter
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et al., 2014). For example, at ISUAG site, the number of days for corn to reach phenological
maturity reduced by approximately 10 days under future climate. Corn was also found to
experience more frequent and severe water stress under future climate than the current climate.
At ISUAG site, corn experience water stress in 30% of the simulation period under current
climate, the percentage goes up to more than 40% under future climate. Many of the water stress
events occurred during the grain filling stage which greatly reduced carbohydrate accumulation
and led to poor grain yield (Wilkens and Singh 2001). Since corn is a C4 plant, its
photosynthesis is saturated at current levels of CO2, the increase in atmospheric CO2
concentration didn’t result in additional photosynthetic gain and therefore had negligible impacts
on corn yield (Bernacchi et al. 2006). Although soybean reached phenological maturity
approximately 2 days earlier than that under current climate, soybean yield didn’t decline under
the projected future climate because soybean wasn’t simulated to experience more water stress
under future climate. The mean temperature in the growing season of soybean from May to
September under both current (20.4 ºC) and future (22.3 ºC) climate was similar to the optimal
growing temperature for soybean that ranges from 20.1 to 22.6 ºC. Soybean was also simulated
to benefit from the increase in atmospheric CO2 concentration, which agrees with findings of
another RZWQM simulation which found a 26.8% increase in soybean yield by solely increasing
the atmospheric CO2 concentration from 369 to 548 ppm (Wang et al., 2015).
Environmental impacts
N2O emissions
The Daycent model performed satisfactory in simulating crop growth, soil water, soil
temperature and N2O emissions at the ISUAG site (Necpalova et al., 2015), the simulated N2O
emissions agreed well with the measured values reported in Mitchell et al. (2013). For the other
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sites, though experimental N2O measurements were not available, we followed the same
calibration and validation protocol as at ISUAG site using all available data including soil carbon,
crop yield, and net primary productivity. The emission factor of N2O emissions to the nitrogen
application rate fell within the worldwide range of 0.0% to 10.8% (Stehfest and Bouwman,
2006), indicating that the calibrated Daycent model have good chance to represented the sites
reasonably well and perform adequately in predicting N2O fluxes under future climate.
We observed that the cumulative N2O emission varied with soil conditions and weather
scenarios that were utilized in the simulation, this spatial variation can be explained by the
variation in environmental factors (i.e., oxygen status in soil, soil moisture condition, soil
temperature, soil texture, soil pH etc.) and management factors (i.e., tillage intensity, rate and
type of nitrogen fertilizer, crop type etc.) that determining the production of nitrous oxide
(IFA/FAO 2001; Snyder et al., 2009). Therefore, the effectiveness of cover crop practice in
suppressing N2O emissions depends on what factors and to what level the factors are affected.
The winter rye cover crop practice was simulated to consistently reduce the cumulative N2O
emissions under both current and future climate, the decline of N2O fluxes in cover crop
treatment were mostly contributed by the impacts cover crop on the soil nitrate concentration and
soil moisture. We observed that soil moisture and soil nitrate concentration up to a 45cm depth
of soil were consistently lower than that in no cover crop treatment during the period of winter
fallow. The presence of cereal rye cover crop in corn-soybean rotation also reduced the
magnitude of N2O fluxes in early spring days when compared to no cover crop treatment, these
fluxes were likely to emit from the freeze-thaw cycles which are known as hot spots in fertilized
corn fields (Groffman et al., 2009), slower warming of soil in cover crop treatment might
account for the reduction in the early spring fluxes.
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NO3 leaching
The simulated long-term nitrate-N loss from cover crop treatment and no cover crop
treatment are comparable with the values reported in prior works (Kladivko et al., 2004; Li et al.,
2008; Malone et al., 2014; Qi et al., 2011), suggesting that the calibrated RZWQM is adequate to
be used for our objective of investigating the impacts of cover crop on nitrate-N loss under a
range of climate scenarios.
Reduction of nitrate-N loss to drainage water by cover crop over the simulation period
was similar at Bradford site in Missouri, SEPAC site in southeastern Indiana and ISUAG site in
central Iowa, and was higher than that at Gilmore site in northern Iowa (Figure 2 and Table 3).
Smaller reduction of nitrate-N loss at Gilmore site could result from the longer time needed for
cover crop establishment, the earlier cease of cover crop growth in winter and later regrowth in
the spring. We observed that 7 additional days were needed at Gilmore site for the cover crop to
emerge than at the other sites. Limited the effectiveness of cover crops in reducing nitrate-N loss
to drainage water due to delayed cover crop establishment were also observed in prior works like
Malone et al. (2014) and Feyereisen et al. (2006).
The cover crop affected the nitrate-N loss from the soil by simultaneously taking up
excess water and soluble nitrate in the soil profile, therefore resulting in lower nitrate-N
concentration in the soil water and less water to move out of the soil profile, that’s why we
observed strong correlation between amount of nitrate-N loss and the tile flow. Greater reduction
in nitrate-N loss to drainage water generally occurred in years with greater cover crop nitrogen
uptake, but nitrogen uptake was not the only factor that determined the effectiveness of cover
crop in controlling nitrate loss. A multivariate regression analysis performed in Malone et al.
(2014) showed that environmental factors like the nitrogen fertilizer application rate, corn yield,
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cumulative temperature and precipitation during winter rye growth were also critical in
determining the nitrate-N conservation capacity of rye cover crop.
The projected future climate change has different impacts on the nitrogen uptake by corn
and soybean. The nitrogen uptake by corn was decreased because of more severe and longer
duration of water stress, however, the projected future warming and increase in atmospheric CO2
concentration has positive impacts on nitrogen uptake of soybean, the results agrees with the
results from researches investigating the impacts of climate change on corn and soybean
production (Kucharik et al., 2008; Lobell et al., 2007; Schlenker et al., 2009). The increase in
soybean nitrogen uptake far outweighed the decline in corn N uptake and resulted in a net
increase in nitrogen uptake of corn-soybean rotation of 34.7 kg N ha-1 in no cover crop treatment
and 16.3 kg N ha -1 in cover crop treatment, when averaged over the 20 years of corn-soybean
rotation with and without cereal rye cover crop. As shown in Table 4, the projected future
climate change will lead to an increase in nitrogen fixation of soybean by approximately 30.4 kg
N ha -1 in no cover crop treatment and 19.8 kg N ha -1 in cover crop treatment, which is almost
equivalent to the overall increase in crop nitrogen uptake of corn-soybean rotation, indicating
that the increase in N fixation by soybean was the major contributor to the increase in N uptake
other than other forms of N additions. Under the projected future climate, nitrogen released from
mineralization was increased at all sites. As shown in Table 4, at Gilmore site, climate change
resulted in a 12% (14.8 kg N ha-1) and 23% (30.3 kg N ha-1) increase in mineralization in no
cover crop treatment and cover crop treatment, respectively. Since RZWQM simulated
negligible amount of N loss in lateral flow, surface runoff, deep seepage and nitrogen
volatilization, the simulated increase in mineralization could account for most of the increase in
N loss to the drainage water. The use of rye cover crop showed promising in controlling the
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nitrate-N loss to drainage water under both current and future climate, the use of rye cover crop
also resulted in a smaller increase in nitrate-N loss under future climate although cover crop
didn’t fully counteract the increase in NO3-N loss due to climate change.
Soil carbon
Consistent with the body of literature, Daycent predicted an increase in soil carbon after
the addition of over-winter rye cover crop into the no-till corn-soybean rotation because of the
additional carbon inputs contributed by cover crop biomass left on the ground after termination
(Kaspar and Singer, 2011; Lal, 2004; Liu et al, 2005; Nyakatawa et al, 2001; Poeplau et al., 2015;
Sainju et al., 2002; Villamil et al., 2006). Daycent also predicted a declining trend in soil carbon
at the 0 to 20 cm depth in all treatments and climate scenarios except cover crop treatment under
future climate, which showed a slightly increase in soil carbon. Daycent simulates soil carbon as
a function of substrate availability, C/N ratio, soil temperature, soil moisture condition and
tillage intensity (Del Grosso et al., 2008). The decline in soil carbon over time to the future can
be explained by the increase in decomposition due to the projected increase in soil temperature
and the decline in carbon inputs from crop residues because of the predicted decline in corn yield
under future climate (Basche et al., 2016). The addition of cereal rye cover crop was able to
offset the decline in soil carbon at Bradford site only, while in the other 3 sites, the use of cereal
rye was able to slow down the soil carbon loss rate but wasn’t able to fully counteract the future
climate change effects on soil carbon declines.
Soil erosion
In this analysis, we used WEPP to simulate the impacts of cover crop and climate change
on soil loss because it’s a mechanistic model calculating soil loss at a daily time step accounting
for rainfall, surface cover, crop growth, soil properties. Within the 4 sites included in this
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analysis, WEPP was able to simulate the impacts of soil type, weather condition and biomass
production on water-induced soil erosion, for example, WEPP simulated more soil erosion at
Bradford site and SEPAC site than that at Gilmore site and ISUAG site because the soil at
Bradford site and SPEAC site is more erodible and they received approximately 150 mm more
precipitation annually. In between Bradford site and SEPAC site, less soil erosion was simulated
at SEPAC site because of its higher biomass productivity. So we believe that the calibrated
WEPP model will perform adequately in simulating the impacts of cover crop on soil erosion at
sites with different soil and weather conditions.
The presence of rye cover crop in corn-soybean rotation was simulated to consistently
reduce soil loss under both current and future climate, the reduction was greater under future
climate scenarios indicating that cover crop could be considered as a soil erosion mitigation
strategy in the context of climate change especially at places where the soil is relatively more
erodible. The simulated rate of reduction in soil loss at ISUAG site (13% - 20%) was comparable
to that reported in Basche et al. (2016), but was lower than what have been observed in a field
study conducted in Central Iowa (Kaspar et al., 2001), indicating that WEPP was able to predict
the mechanisms of increasing groundcover and the infiltration rate as affected by cover crop
practice but probably not to the extent that have been observed in the field.
Under projected future climate, WEPP didn’t consistently predict increases in soil erosion
relative to current climate, which disagrees with prior works that used WEPP to investigate the
effects of climate change on soil erosion (Favis-Mortlock et al., 1996; Nearing et al., 2004;
O’Neal et al., 2005; Pruski and Nearing, 2002). The disagreement could be explained by the
overestimation of crop productivity in our simulations under future climate because
underestimated water stress under future climate. The predictions of soil erosion and
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effectiveness of cover crop in reducing soil erosion were simulated from a no-till corn-soybean
rotation, however, reduced tillage, conventional tillage are still prevailing in some parts of the
US Midwest, the use of over-winter cover crop may result in more soil erosion prevention effects
on those fields.
The use of over-winter cover crop like cereal rye into the corn-soybean rotation is a
promising agricultural management practice that provides several environmental benefits
simultaneously, and we understand that the performance of cover crop in different impact
categories is not uniform across temporal and spatial scales. For example, in this study, we
evaluate the impacts of cover crop practice on crop yield, direct N2O emissions from soil, nitrateN loss to drainage water, soil carbon and soil erosion at 4 experimental sites across the
Midwestern US with different soil and climate conditions. The environmental trade-offs among
the several environmental impacts of cover crop practice were observed at each of the 4 sites, we
found that cover crop is more effective in controlling soil erosion on high erodible land, reducing
nitrate-N loss to the drainage water at sites that the conditions like temperature, soil fertility and
precipitation are favorable for cover crop development, and suppressing N2O emissions at site
with more favorable condition for the generation of N2O emissions.
Limitation and future work
Like many other process-based agricultural system models, RZWQM model has limited
ability to predict the benefits of pest suppression, weed suppression and disease suppression that
can potentially be provided by cover crop practice, limited number of field studies have
documented the potential of cover crop to reduce the pest pressure and increase the
competitiveness of corn and soybean to weeds (Didon et al., 2014; Koch et al., 2012; Uchino et
al., 2015), more research is needed in this area. We utilized the same crop management schedule
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for simulations of both current and future climate scenarios, therefore the results didn’t reflect
the situation when other climate change adaptation operations (i.e., early planting, switch to
more drought tolerant verities, soil water management etc.) were applied (Sacks and Kucharik
2011; Southworth et al., 2002), yield decline might be counteracted if other climate change
adaptation strategies are appropriately adapted to the corn based production system.
Conclusion
This study demonstrates that the use of over-winter cover crop is a promising agricultural
management practice that can provide several environmental benefits while not significantly
affect the main crop yield. The use of cover crop didn’t significantly reduce corn and soybean
yield but was not able to counteract the decline in crop yield due to climate change. Including
cereal rye cover crop into the no-till corn-soybean rotation under current climate could result in a
4% to 49% reduction in N2O emissions, 25% to 55% reduction in nitrate-N loss to the drainage
water, 13% to 16% reduction in soil erosion and an 2% to 25% increase in soil carbon, greater
impact were simulated under the projected future climate. Even though cover crop provides
environmental benefits like reduction in nitrate-N loss, N2O emissions, and soil erosion, and
reduces the climate change impacts, using cover crop only was not able to fully offset the climate
change impacts like the increase in nitrate loss, N2O emission and soil erosion. Greater
mitigation of the climate change impacts could be achieved if multiple environmental
conservation strategies are appropriately combined and adapted into the corn production system
in the Midwestern US region.
Simulations of no-till corn-soybean rotation with and without cereal rye cover crop at
multiple sites with different soil types in different climate regimes also provide insights into the
trade-offs of adopting cover crop as a climate change adaptation strategy. For example, cover
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crop in Missouri will have more significant impacts in reducing erosion relative to the use in
Iowa where it will more significantly reduce N2O emission from the soil. Cover crop in the
southern region where the climate condition is more favorable is more likely to be effective in
controlling nitrate-N loss to the drainage water than the site in northern part of US Midwest.
Knowing the environmental trade-offs among multiple impact categories will better guide the
search for agricultural practices that can increase the sustainability of corn production while
preventing problem shifting from happening.
Our results, however, didn’t account for the potential impacts of cover crop on
phosphorus (P) loss, soil physical properties, weed pressure and pest pressure, nor did it
considered the possible changes in farming choices like over-seeding cover crop into crop
rotations, shifting the timing of planting and harvesting of corn and soybeans, irrigating the field
when water stress is likely to occur, and adopting more drought tolerate crop cultivars. Future
modeling efforts could investigate the potential of these measures in counteracting the
anticipated climate change impacts.
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Tables
Table 1 Soil characteristics, current land uses and location of experimental sites.
Site

Location

Longitude

Latitude

Crop
rotations*

Bradford 2

Columbia,
MO

-92.2089

38.9042

C-SB

Gilmore

Gilmore City,
IA

-94.4952

42.7477

C-SB

ISUAG

Boone, IA

-93.7806

42.0094

C-SB

SEPAC

Jennings, IN

-85.54

39.0258

C-SB

Soil
depth
cm
0 to 10
10 to 20
20 to 40
40 to 60
0 to 10
10 to 20
20 to 40
40 to 60
0 to 10
10 to 20
20 to 40
40 to 60

Sand

Silt

Clay

%
10.3
11.6
11.9
10.0
38.5
36.8
36.5
37.0
39.5
37.7
36.9
38.5

%
69.4
62.2
45.9
48.8
29.8
30.3
31.0
30.9
38.2
36.6
37.2
35.8

%
20.3
26.3
42.3
41.3
31.7
32.8
32.5
32.2
22.4
25.7
25.9
25.7

0 to 10

0.12

0.6

0.28

10 to 20
20 to 40
40 to 60

0.08
0.1
0.12

0.62
0.58
0.54

0.3
0.32
0.34

Texture

silty loam

clay loam

loam

silty clay
loam

Bulk density

SOC

g cm-3
1.41
1.46
1.41
1.59
0.96
1.35
1.42
1.55
1.27
1.51
1.44
1.53

g kg-1
16.4
10.6
8.0
4.6
31.5
27.9
16.9
15.9
23.3
21.4
15.9
9.6

1.2

13.8

1.38
1.38
1.55

10.1
11.1
13.8

*C = corn, SB = soybean
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Table 2 Agronomic management operations and dates used in simulation for no cover crop treatment and cover crop treatment under
different climate scenarios.
Site

Cash crop

Cover crop
termination date

Cash crop
planting date

Cash crop
harvest date

Cover crop
planting date

Total N applied
kg ha-1

Cover crop seeding
method

Bradford

Maize
Soybeans
Maize
Soybeans
Maize
Soybeans
Maize

22-Apr
8-May
28-Apr
13-May
25-Apr
3-May
22-Apr

6-May
15-May
12-May
20-May
10-May
10-May
6-May

29-Sep
10-Oct
5-Oct
5-Oct
5-Oct
30-Sep
29-Sep

30-Sep
11-Oct
6-Oct
6-Oct
6-Oct
1-Oct
30-Sep

140
0
168
0
135
0
180

No-till drill
No-till drill
No-till drill
No-till drill
No-till drill
No-till drill
No-till drill

Soybeans

29-Apr

6-May

30-Sep

1-Oct

0

No-till drill

Gilmore
ISUAG
SEPAC
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Table 3 Long term average corn yield, soybean yield, N2O emissions, nitrate-N loss to drainage water, soil erosion and soil carbon at
each site for cover crop treatment (CC) and no cover crop treatment (NCC) under both current and future climate.
Bradford

Corn grain
yield (kg
ha-1)
Soybean
grain yield
(kg ha-1)
N 2O
emissions
(kg N ha-1)

Current

Future

CC
NCC

5984.2
6742.0

5692.9
6278.5

Mean
Diff.
CC
NCC

-11%

-9%

2506.5
2221.8

2504.5
2528.7

Mean
Diff.
CC
NCC

13%

-1%

0.9
1.0

1.2
1.5

Mean -7%
-15%
Diff.
Nitrate-N
CC
27.1
35.0
loss to
NCC 50.6
65.2
drainage
Mean
-46%
-46%
(kg N ha-1)
Diff.
Soil
CC
2.7
2.8
erosion
NCC 3.2
4.0
(ton ha-1)
Mean -15%
-31%
Diff.
Soil carbon CC
53713.0 54149.3
(kg C ha-1)
NCC 49893.6 46374.5
Mean 8%
17%
Diff.
NCC: no cover crop, CC: cover crop

Gilmore
Mean
Diff.
-5%
-7%

Current

Future

8821.5
8833.5

7784.3
8493.8

0%

-8%

3359.0
3175.0

3859.9
3876.6

6%

-0.4%

0.7
1.3

0.9
1.4

-49%

-37%

29%
29%

23.2
32.0
-28%

25.1
43.9
-43%

2%
25%

1.1
1.3
-14%

1%
-7%

97822.6
96088.0
2%

0%
14%

31%
44%

ISUAG
Mean
Diff.
-12%
-4%

Current

Future

6902.9
7597.7

6843.6
7539.7

-9%

-9%

2956.6
2959.5

3127.3
3142.8

-0.1%

-0.5%

4.8
5.0

5.3
6.1

-4%

-14%

9%
37%

19.4
42.8
-55%

21.2
51.3
-59%

1.0
1.2
-14%

-5%
-6%

1.6
1.9
-13%

97644.5
95396.3
2%

0%
-1%

73815.5
69105.8
7%

15%
22%

33%
9%

SEPAC
Mean
Diff.
-1%
-1%

Current

Future

10641.1
9772.2

9763.9
9204.2

9%

6%

3433.4
3391.9

3555.2
3531.8

1%

1%

0.8
1.1

1.0
1.3

-29%

-23%

10%
20%

38.2
61.9
-38%

39.9
71.4
-44%

4%
15%

0.9
1.1
-20%

-45%
-40%

2.0
2.4
-16%

1.4
1.8
-19%

-28%
-25%

73069.3
67885.4
8%

-1%
-2%

53609.9
43052.3
25%

47749.3
40554.2
18%

-11%
-6%

6%
6%

9%
21%

Mean
Diff.
-8%
-6%

4%
4%

24%
16%
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Table 4 Impacts of cover crop and climate change on N balance
N-Fixation
(kg N ha-1)

Dead
Roots
(kg N
ha-1)

Incorporated
Residue (kg
N ha-1)

Denitrification
(kg N ha-1)

Mineralization
(kg N ha-1)

Immobilization
(kg N ha-1)

Corn and
soybean N
Uptake (kg
N ha-1)

Cover crop
N uptake
(kg N ha-1)

Nitrate-N loss
in Drainage
(kg N ha-1)

NCC_Current

125.3

40.2

80.7

28.1

124.4

9.8

281.2

-

31.9

NCC_CGCM

139.1

39.3

81.5

29.8

129.5

9.2

299.4

-

38.2

NCC_CNRM

154.9

34.4

99.0

38.7

145.7

7.9

311.3

-

53.6

NCC_ECHO

168.5

35.4

93.4

37.7

142.7

8.2

330.1

-

44.1

NCC_HADGEM

140.7

39.6

92.8

36.4

143.8

8.2

298.0

-

47.2

NCC_PCM

175.4

40.9

92.4

33.7

134.1

9.7

340.7

-

36.1

Average
NCC_Future
CC

155.7

37.9

91.8

35.3

139.2

8.6

315.9

-

43.9

106.3

46.8

134.3

18.0

215.1

7.7

297.3

52.7

23.1

CC_CGCM

119.2

49.7

158.6

18.8

241.1

8.6

309.5

83.1

22.4

CC_CNRM

124.2

42.5

175.2

22.0

257.4

7.7

309.6

87.4

29.8

CC_ECHO

132.9

44.2

155.4

23.4

243.3

8.7

319.4

80.2

23.5

CC_HADGEM

110.7

47.1

158.4

21.6

248.8

8.7

293.9

84.4

25.6

CC_PCM

143.5

48.3

160.8

20.3

236.1

7.6

335.8

71.7

24.3

Average
126.1
46.4
161.7
21.2
245.4
8.3
313.6
81.3
25.1
CC_Future
N fertilizer was applied to corn only at a rate of 168 kg N ha -1.
NCC: no cover crop, CC: cover crop, CGCM, CNRM, ECHO, HADGEM and PCM represent future climate data from different climate projection models.
Greater details about the future climate data can be found in table S2
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Figures
Figure 1 Predicted nitrate-N loss to drainage water for the cover crop and no cover crop
treatments under current (from 1995 to 2014) and each of the generated future weather scenarios
(from 2041 to 2060). The cereal rye cover crop practice significantly reduced the nitrate-N loss
to the drainage water both current and future climate scenarios, cover crop practice was able to
reduce the level of increase in nitrate-N loss to drainage water under future climate scenarios and
result in more nitrate-N loss reduction than under current climate condition.
Figure 2 Predicted N2O emissions from the soil for the cover crop and no cover crop treatments
under current (from 1995 to 2014) and each of the generated future weather scenarios (from
2041 to 2060). The cereal rye cover crop practice reduced N2O emissions under both current and
future climate scenarios, but wasn’t adequate to counteract the increase of N2O emissions due to
climate change.
.
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Figure 1.

Figure 4 Predicted nitrate-N loss to drainage water for the cover crop and no cover crop
treatments under current (from 1995 to 2014) and each of the generated future weather scenarios
(from 2041 to 2060). The cereal rye cover crop practice significantly reduced the nitrate-N loss
to the drainage water both current and future climate scenarios, cover crop practice was able to
reduce the level of increase in nitrate-N loss to drainage water under future climate scenarios and
result in more nitrate-N loss reduction than under current climate condition.
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Figure 2.

Figure 5 Predicted N2O emissions from the soil for the cover crop and no cover crop treatments
under current (from 1995 to 2014) and each of the generated future weather scenarios (from
2041 to 2060). The cereal rye cover crop practice reduced N2O emissions under both current and
future climate scenarios, but wasn’t adequate to counteract the increase of N2O emissions due to
climate change.
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Appendix
Table S1 Climate characteristics across the modeled sites.
Site

Bradford 2
Gilmore
ISUAG
SEPAC

Annual
precipitation
mm
1000
779
853
1051

Annual mean of daily high air
temperature
°C
18.4
14.3
15.2
18.5

Annual mean of daily low air
temperature
°C
6.6
2.2
3.6
7.1

Table S2 Climate Models used to generate daily future weather data for RZWQM simulations. The RZWQM model will be run to
evaluate the impacts of projected future climate change on performance of rye cover crop in the Midwestern US.
Climate Model
CGCM3_t63

Acronym
CGCM

CNRM

CNRM

ECHO

ECHO

HADGEM3

HADGEM

PCM

PCM

Institute of Origin
Environment
Canada
National Centre for
Meteorological
Research (FR)
Max Planck
Institute
Hadley Centre,
Exeter, UK
US-DOE

Link to Model
http://www.cccma.ec.gc.ca/data/cgcm3/cgcm3.shtml
http://www.cnrm-game.fr/spip.php?article126&lang=en

http://coast.gkss.de/staff/wagner/midhol/model/model_des.html
http://www.metoffice.gov.uk/research/modelling-systems/unifiedmodel/climate-models/hadgem3
http://www.cgd.ucar.edu/pcm/
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CHAPTER 5. A case study of cover crop as a climate change adaptation strategy for cornsoybean rotation systems in the US Midwest using life cycle assessment
A paper to be submitted to the Journal of Agriculture, Ecosystems & Environment
Abstract
A fall-planted cereal rye cover crop has the potential to provide multiple environmental
benefits with little or no yield penalty, however, the effectiveness of cover crop under the
projected future climate hasn’t been previously assessed. The objective of this study was to
evaluate the use of a winter cover crop as a climate change adaptation strategy at four sites in the
US Midwest using environmental Life Cycle Assessment (LCA). Field tested process-based
agricultural system model predictions and life cycle data were utilized to evaluate the
performance of cover crop practice in terms of life cycle energy consumption, eutrophication
potential, global warming potential (GWP), and soil loss. The presence of cover crop
consistently reduced life cycle global warming potential, eutrophication potential and soil
erosion, but increased life cycle energy consumption. Across the 4 sites, the presence of cover
crop resulted in 21-51% reduction eutrophication potential, 5-24% reduction in soil loss but
increased the life cycle energy consumption by 4-32% under the current climate. Greater impacts
were predicted under future climate, climate change consistently led to larger life cycle
eutrophication potential, GWP and energy consumption at all sites, but soil loss was only
increased at 2 out of the 4 sites. The addition of cover crop into corn-soybean rotation
consistently resulted in a smaller increase in the life cycle environmental impacts than the no
cover crop treatment. However, cover crop alone was not adequate to offset the predicted
increases in life cycle impacts. By considering the entire life cycle, LCA provides a
comprehensive and clear review of contributions of individual inputs to life cycle impacts and

139

provides valuable insights into where improvements are possible. This LCA identified corn yield
and nitrogen fertilizer as the most important inputs that should be prioritized and improved to
limit the life cycle impacts.
Keywords: Life cycle assessment, Climate change adaptation, Cereal rye cover crop, Corn, US
Midwest, Energy use, Global warming, Eutrophication, soil erosion
Introduction
Improved sustainability of corn (Zea mays L.) production is of particular interest because
of its significant contribution to the national food supply and agricultural economics. Corn has
higher economic values than other US crops (FAOSTAT, 2014), occupies approximately 88
million acres of agricultural production land and accounts for approximately 27% of the US
harvest crop acres (USDA-NASS, 2016).
Corn production, however, is also implicated in many of the most severe environmental
impacts of agriculture due to the relatively short growing season and the relatively high nitrogen
fertilizer requirement. Corn-soybean (Glycine max L.) rotation is most prevailing in the US
Midwest that leaves more than 6 months of fallow season from harvesting in the fall to the
planting of main crops in the next spring, during the prolonged fallow period, soil is barely
exposed to the environment with limited ground cover and is vulnerable to soil erosion and
nutrient loss. Corn is also the largest nitrogen fertilizer consumer in the United States that
accounts for approximately 37% - 51% of the national N fertilizer consumption. However, less
than half of the applied N fertilizer is taken up by corn (Cassman et al., 2002), with the
remainder immobilized in soil and released to the environment, resulting in a variety of negative
consequences including groundwater and surface water quality impacts through nitrate loss,
eutrophication of terrestrial and coastal systems because of nitrogen (N) and phosphorus (P)
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enrichment, air quality impacts through the release of ammonia, NO and NO2, climate change
and ozone depletion through the release of N2O (Aneja et al., 2009; Davidson et al., 2012;
Gruber and Galloway, 2008; Ravishankara et al., 2009).
Climate change is evident in the US Midwest since the past decades in terms of increase
in air temperature, amount of precipitation and the occurrence of extreme events, analysis of
global climate model outputs has confirmed the continuation of these changes and potential
increase in the likelihood of changes occurring and scale of climate change impacts (Groisman et
al., 2012; Winkler et al., 2012). The projected future climate change is likely to threaten the corn
production and exacerbate the related environmental impacts in this region. Studies have found
that maize yield generally responds negatively with the increase in temperature and rainfall
variability (Hatfield and Prueger, 2011; Lobell and Field, 2007; Schlenker and Roberts, 2009).
Basche et al. (2016) predicted an average decline of 1.6% by decade in maize yield and 2.7% by
decade in soybeans yield. O’Neal et al. (2005) predicted a 10% to 310% increase in surface
runoff and a 33% to 274% in soil loss across the Midwestern United States in 2040–2059 relative
to 1990–1999. In the evaluation of the climate change impacts on tile drainage and nitrate-N loss
to drainage water, Wang et al. (2015) predicted a 14.5% increase in tile drainage and 33.7%
increase in NO3-N loss in 2040–2059 relative to 1990–2009. Developing agricultural adaptation
strategies can stabilize crop productivities, mitigate the environmental burdens and counteract
the possible impacts of climate change is an urgent priority for farmers, land managers and
policymakers (Howden et al., 2007; Lal et al., 2011).
To mitigate the climate change impacts ranging from waterlogging to severe drought,
agricultural management practices that improve water infiltration, reduce erosion and immobilize
soluble soil nitrogen while not interfering with the main crop production should be employed.
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Including an over-winter cover crop like cereal rye (Secale cereale L.) in the maize-soybean
rotation is a promising agricultural management practice that can offer all the above benefits and
reduce the vulnerability of corn production to the climate change (Kaspar and Singer, 2011).
Field studies from across the United States have been conducted to assess the impacts of
cover crop on corn yield and related environmental impacts. In a meta-analysis of 69 studies
from around the world, Tonitto et al. (2006) concluded that corn yield under non-legume cover
crop treatment weas not signiﬁcantly different from those without cover crop.
The addition of an over-winter cover crop into annual cropping systems is implicated in
many of the soil and water processes (Kaspar and Singer, 2011). Reduction in evaporation,
surface runoff and soil loss could result from the active aboveground biomass production and
belowground root development during the period between main crops that slows down the heat
transfer between soil and atmosphere, reduces the soil detachment forces by precipitation, and
enhances the aggregation of soil particles (Ding et al., 2006; Kaspar et al., 2001; Kaspar and
Singh, 2011). Multiple studies have found that the active growth of cover crop can effectively
take up the residual NO3-N in the soil which would otherwise move downward to the deep soil
layers or move out of root zone to cause water quality issues (Kaspar et al., 2007, 2012; Malone
et al., 2014; Meisinger et al., 1991; Parkin et al., 2006). The decrease of soil residual N can
potentially reduce the soil N2O emissions, which was observed in both a site-specific study
(Parkin et al., 2006) and a laboratory experiment (Jarecki et al., 2009). However, cover crops
were also found to result in an increase in N2O emissions in some other studies especially when
the C is non-limiting (Aulakh et al., 2001; Mitchell et al., 2013; Parkin et al., 2006; Smith et al.,
2011). Impacts of cover crop on N2O emissions is not uniform in literature depending on many
environmental and management factors including cover crop type, tillage, fertilizer N rate, soil
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incorporation, the period of measurement and rainfall (Basche et al., 2014). After termination of
cover crop in the spring, the decomposition of cover crop residues will release and recycle some
of the recovered N for the subsequent crops and can potentially improve the nitrogen use
efficiency. There is also a body of evidence demonstrating the improvements in soil physical
properties by the inclusion of over-winter cover crops including increase in porosity, soil water
holding capacity, aggregate stability and decrease in bulk density (Klik et al., 1998; Moore et al.,
2014; Sainju et al., 2003; Steele et al., 2012). Research has also demonstrated the ability of the
cover crop to reduce weed pressure, reduce pest pressure and increase the competitiveness of
corn to weeds (Carrera et al., 2004; Kaspar and Singer, 2011; Teasdale et al., 1996). The use of
cover crop is recommended to reduce nutrient and sediment losses from agricultural fields and
improve water quality by many organizations including USEPA, Midwest Cover Crop Council,
the Conservation Technology Innovation Center and the National Wildlife Federation. Cereal rye
cover crop is included in the Iowa Nutrient Reduction Strategy (INRS, 2013) as an agricultural
management practice to address the concerns of nitrate loss to Iowa waters and the Gulf of
Mexico.
The addition of over-winter cover crop into the corn-soybean rotation will reduce the
vulnerability of corn to the projected increase in temperature and rainfall variability through its
interactions with many of the soil, water and plant processes. The addition of over-winter cover
crop into an annual cropping system has the potential to reduce the environmental impacts while
not affecting the corn yields. The use of cover crop may also create new energy consumptions
and environmental footprints due to the materials and farm operations required by the
implementation of cover crop. From a life cycle perspective, the net impacts of the cover crop
will depend on the magnitude of the additional environmental footprints created by the use of
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cover crop relative to the reduction in environmental impacts from corn production, which has
not previously been quantitatively assessed. Agricultural decision making of management
practices also requires environmental impacts among different categories to be compared to
prevent problem-shiting from happening. The life cycle assessment is an appropriate tool to
investigate the life cycle environmental impacts of using winter cover crops as a climate change
adaptation strategy for corn production because it considers all relevant inputs and impacts
throughout the lifespan. The life cycle impacts of the use of cover crop as a climate change
adaptation strategy haven’t been assessed and compared at multiple locations with different soil
and climate conditions. Here, we use a case study from 4 sites representing different soil and
weather conditions across the US Midwest to calculate and compare the performance of cereal
rye cover crop as a climate change adaptation strategy. The objectives of this study were (1) to
compare the life-cycle impacts of corn-soybean rotation with and without cereal rye cover crop
under current and future climate in terms of soil erosion, energy consumption, eutrophication
potential and global warming potential (GWP) of produce per tonne of corn grain and (2) to
compare the life cycle impacts of the cereal rye cover crop at 4 sites across the US Midwest that
under different soil and weather conditions.
Materials and Methods
Experimental sites
Four experimental sites across the US Midwest representing different climate c and soil
conditions were included in this LCA study. Experimental data from no-till corn-soybean
rotation with and without rye cover crop were used for model calibration and making sitespecific prediction of crop yield, nitrate-N loss, N2O emissions, soil carbon change and soil
erosion. Greater details of field experiments can be found in previous publications (Kladivko et
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al., 2004; Mitchell et al., 2013; Qi et al., 2011), and we briefly summarize the location, soil
properties, and recent land use of the sites here in Table .
No-till corn-soybean rotation with and without cereal rye (Secale cereal L.) cover crop
was uniformly established at all sites as random complete block design (RCBD) design with 4
replicates. Corn and soybean were planted every year in May and were harvested in late
September to early October, cereal rye was planted right after the harvest of both corn and
soybean in the fall and terminated by glyphosate [N-(phosphonomethyl) glycine] prior to the
planting of corn and soybean in the spring. Nitrogen fertilizer was applied to corn only
approximately 1 month after planting at the site-specific maximum return to N (MRTN) rate.
The major management activities and timings are summarized in Table S1.
Climate data
Daily meteorological data from 1995 to 2014 obtained from the on-site weather station
were used to represent the current climate. Five different Coupled Model Intercomparison
Project phase 3 (CMIP3) global climate model (GCM) projections from 2041 to 2060 were used
to represent the future climate (Table S2). The use of multiple GCM projections, known as
‘ensemble modeling techniques’ is a common approach used by global change researchers to
quantify imprecision in model projections because there is no single "best" climate model and
the future climate data are projected with uncertainties (Challinor et al. 2009).
Life cycle assessment
Life cycle assessment (LCA) is a widely accepted and used approach to identify and
evaluate the performance of a product or service across the entire life span (Benetto et al, 2008;
Lo et al., 2005; Williams et al., 2009). It’s not uncommon that LCA has been used to assess the
environmental impacts of agricultural production systems (Brentrup and Lammel, 2011;
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Brentrup et al., 2004; Cowell and Clift, 2000; Li et al., 2016). By considering all the relevant
inputs and outputs throughout the lifespan, LCA clearly lays out the contribution of every life
stage to the impacts over the lifespan and makes it easier to identify the hotspots in the life cycle,
and avoid “problem shifting” among different life stages.
As defined in the International Standards (ISO 2006), life cycle assessment is composed
of four fundamental phases including goal and scope defining, inventory assessment, impact
analysis and interpretation. In this LCA study, a “cradle to gate” LCA framework was utilized to
compare the life cycle environmental impacts of cover crop treatment (corn-rye-soybean-rye)
with no cover crop treatment (corn-soybean) under a range of soil and climate conditions across
the US Midwest. The system boundary was confined to the farm edge from the corn planting to
harvest. The functional unit was defined as one metric tonne (1 Mg) of harvested corn grain with
15.5% moisture content on a wet basis. The allocation was not performed because there are no
other co-products, all the life cycle inputs and outputs accrued to the functional unit only.
In the life cycle inventory assessment phase, all relevant inputs and outputs were
compiled. The foreground LCI data for seeds, nitrogen fertilizer and herbicide were collected as
practiced at the specific experimental sites, the fuel and lube consumption associated with onfarm operations (i.e., planting, harvesting, fertilizer and herbicide application) were estimated
based on the assumed typical equipment, required power units, field capacity, efficiency and
required passes. Greater detail regarding the calculation of fuel and lube consumption can be
found in Li et al. (2016). Site-specific inventory data for the consumption of electricity, gasoline,
liquefied petroleum gas, natural gas were not available and were approximated by the aggregated
values from 9 states in the Midwestern US (Shapouri et al., 2002). The energy consumption
associated with transportation of seeds, fertilizer, and herbicide were estimated as 0.64 MJ/kg by
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assuming a route include 400 miles of barge, 750 miles of rail, 160 miles of truck (Farrell et al.,
2006). Inventory data for other types of inputs like farm machinery, inputs packaging and custom
work were approximated by the aggregated data from 9 US Corn Belt states values as reported in
Shapouri et al. (2010) and Graboski (2002). Soil erosion was predicted by water erosion
prediction project (WEPP), N2O emissions and change in soil carbon in the top 20 cm soil profile
were simulated by DAYCENT model and the nitrate-N loss to the drainage water were simulated
by the root zone water quality model (RZWQM). Emissions from the production of seeds,
chemicals, fuel and energy were obtained from the Ecoinvent database version 3.1 (Weidema et
al., 2013).
Inventory data were analyzed and translated into impact categories in the life cycle
impact assessment phase, to quantitatively represent potential environmental impacts (ISO,
2006). Midpoint impact assessment methods following the recommendations by Hauschild et al.
(2012) were utilized in this study, specific impact categories were selected based on the goal of
comparing the life cycle impacts of adding cereal rye cover crop into no-till corn-soybean
rotation under a range of climate conditions. Since the only difference between the two
treatments was the addition of cover crop in the no-till corn-soybean rotation, life cycle impacts
that are likely to be affected by the presence of cover crop such as energy consumption, global
warming potential, soil loss and N related eutrophication potential were compared. The IPCC
100-year time horizon global warming factors (GWP 100) in the unit of kg CO2 equivalent was
used to determine the global warming potential and TRACI methodology was utilized to
determine the N-related eutrophication potential (Bare, 2011). Since there’s no typical midpoint
impact indicator available for soil loss (Garrigues et al. 2012), in this study, the life cycle impact
of soil loss was determined by the amount of soil that left the field.
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Sensitivity analysis
It is impractical to obtain all inventory data with high level of accuracy, but uncertainties
and errors can be effectively reduced if data that have the relatively larger contribution to the life
cycle impacts are obtained with high accuracy. Sensitivity analysis enables LCA practitioners to
identify inputs or processes that are relatively more important, the sensitivity was determined by
the relative change in life cycle impact when the inputs were perturbed by 10%, 20% and 30%.
Results
Modeling results of corn yield and environmental outputs were derived from an
upcoming publication (Gu et al., in preparation) and we briefly summarize it here. The corn and
soybean yields were simulated by the Decision Support System for Agrotechnology Transfer
(DSSAT) crop growth module, N2O emission, nitrate-N leaching to drainage water and soil
erosion were simulated by Daycent model, Root Zone Water Quality Model (RZWQM) and
Water Erosion Prediction Project (WEPP). The models were tested with the site-specific
experimental data and use to make predictions under current and future climate, the modeling
results are shown in Table S3. In Gu et al. (in preparation), cereal rye cover crop was predicted
to has neutral effects on corn and soybean yields under both current and future climate, but the
projected increases in temperature and rainfall variability reduced corn yield by 6.1 to 14.5%
across sites. Winter rye cover crop consistently reduced N2O emissions, nitrate-N losses to
drainage water and soil erosion at all sites. Under current climate conditions, winter rye cover
crop resulted in a 4% to 49% reduction in N2O emissions, 25% to 55% reduction in nitrate-N
loss to drainage water and 13% to 16% reduction in soil erosion, respectively. Cover crop
consistently resulted in larger reductions in N2O emissions, nitrate-N loss and soil erosion under
projected future climate conditions at all sites.
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Life cycle cumulative energy consumption
Figure 1 gives the cumulative life cycle energy consumption in megajoules (MJ) per ton
of corn produced from both cover crop treatment and no cover crop treatment under different
climate at each site. The addition of winter rye cover crop consistently resulted in more life cycle
energy consumption than the no cover crop treatment under both current and future climate at all
sites. Under current climate, the energy required to produce 1 tonne of corn in cover crop
treatment was increased by an average of 853, 371, 658 and 87 MJ (32%, 21%, 31% and 4%)
relative to no cover crop treatment at Bradford, Gilmore, ISUAG and SEPAC, respectively. On
average, an additional of 616, 788, 137 and 783 MJ (26%, 33%, 34% and 6%) energy was
required to produce 1 tonne of corn grain in cover crop treatment relative to no cover crop
treatment under future climate. Under current climate, Gilmore consumed the least amount of
energy to produce one ton of grain corn at 1740 MJ and 2111 MJ in the cover crop treatment and
no cover crop treatment, respectively (Figure 1). Corn production was most energy intensive at
Bradford which required 2698 MJ and 3552 MJ of energy to produce a megagram of corn grain
in no cover crop treatment and cover crop treatment, respectively. Under future climate, corn
production became more energy intensive relative to current climate. Energy required to produce
1 tonne of corn grain increased by 341, 112, 228 and 219 MJ (13%, 6%, 11% and 11%) in no
cover crop treatment and 271, 357, 358 and 269 MJ (8%, 17%, 13% and 13%) in cover crop
treatment at Bradford, Gilmore, ISUAG and SEPAC, respectively.
When comparing the relative contribution of individual inputs to the life cycle energy
consumption, the energy embedded in synthetic nitrogen fertilizer consistently appeared as the
most energy intensive input throughout the corn production life cycle at all sites, regardless of
treatments or climate conditions (Figure 1). Across all sites, energy consumed to produce
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nitrogen fertilizer accounted for approximately 47% to 55% and 39% to 48% of the life cycle
energy consumption for cover crop treatment and no cover crop treatment, respectively.
Following the nitrogen fertilizer, herbicide, diesel, cover crop seeds and corn seeds were the
several other energy consumers that account for 10% to 19%, 8% to 10%, 6% to 11% and 5% to
7% of the life cycle energy consumption across sites. The contribution of other types of energy
use such as transportation of seeds and chemicals, custom work, farm machinery, commodity
packaging, natural gas, LPG, gasoline and electricity were much smaller each less than 5% and
in total accounting for less than 25% of the life cycle energy use, regardless of treatments and
sites.
Life cycle eutrophication potential
The LCIA indicated that the addition of a fall-planted cereal rye cover crop into cornsoybean rotation consistently reduced the nitrogen-related life cycle eutrophication potential
across all sites under both current and future climate (Table ). Under current climate, the
presence of cover crop resulted in an average of 30%, 21%, 46% and 35% (2.4, 0.8, 2.8 and 2.6
kg NO3 eq) reduction in N-related eutrophication potential over the simulation period at
Bradford, Gilmore, ISUAG and SEPAC, respectively. Under future climate, cover crop resulted
in a larger reduction in annual average N-related eutrophication potential relative to current
climate with 32%, 29%, 49% and 38% (3.7, 1.6, 3.7 and 3.2 kg NO3- eq) at Bradford, Gilmore,
ISUAG and SEPAC, respectively. Regardless of treatments and site locations, a clear trend
toward an increase in N related eutrophication potential under future climate relative to current
climate was observed, but the presence of cover crop resulted in a smaller increase in
eutrophication potential relative to the no cover crop treatment (Table ). Relative to the current
climate, the life cycle eutrophication potential of producing 1 Mg of corn under future climate
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increased by 38%, 27%, 20% and 26% (2.2, 0.8, 0.7 and 1.1 kg NO3 eq) in cover crop treatment
and 42%, 42%, 27%, 25% and 33% (3.5, 1.6, 1.6 and 1.7 kg NO3 eq) in no cover crop at
Bradford, Gilmore, ISUAG and SEPAC, respectively. Across the 4 sites, corn production at
Gilmore site derived the smallest life cycle eutrophication potential while largest life cycle
eutrophication potential occurred at Bradford site in Missouri. Examination of the eutrophication
impacts contributed by different life cycle inputs indicates that the vast majority of nitrogen
related eutrophication potential was contributed by the nitrate-N losses from the field. Nitrate-N
exported from the soil accounted for more than 90% of the life cycle eutrophication potential
regardless of treatments, site locations and climate conditions.
Life cycle global warming potential (GWP)
Life cycle greenhouse gas emission
Figure 2 illustrates the life cycle greenhouse gas emission for corn-soybean with and
without cereal rye cover crop under both current and future climate at each site. Under both
current and future climate, largest life cycle greenhouse gas emission was observed at ISUAG
site, followed by Bradford, SEPAC and Gilmore in a descending order. Adding over-winter
cover crop in corn-soybean rotation affected not only the N2O emissions from the soil but also
the background greenhouse gas (GHG) emissions from cover crop related inputs such as cover
crop seeds, herbicide and diesel (Figure 2). Relative to no cover crop treatment, the addition of
cover crop in corn-soybean rotation under current climate resulted in an average of 9%, 48%, 5%
and 29% (49, 306, 117 and 166 kg CO2 eq ha-1) less N2O emissions from soil but increased the
background greenhouse gas emissions by 44%, 52%, 66% and 46% (144, 137, 161 and 132 kg
CO2 eq ha-1) at Bradford, Gilmore, ISUAG and SEPAC, respectively. Under future climate,
annual average N2O emissions from soil were reduced by 17%, 38%, 15% and 24% (123, 266,
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430 and 160 kg CO2 eq ha-1) and cover crop related background GHG emissions were increased
by 44%, 51%, 66% and 46% (144, 137, 161 and 132 kg CO2 eq ha-1) at Bradford, Gilmore,
ISUAG and SEPAC, respectively.
Across all sites, treatments and climate scenarios, emissions from soil, and the production
of fertilizer, herbicide and diesel were the major components of the life cycle greenhouse gas
emission which accounted for more than 75% of the life cycle greenhouse gas emission with 20%
to 68% contributed by N2O emission from soil, 19% to 45% contributed by nitrogen fertilizer
manufacturing, 3% to 13% contributed by herbicide manufacturing and 3% to 10% contributed
by diesel production. The contribution transportation of seeds and chemicals, custom work, farm
machinery, commodity packaging, natural gas, LPG, gasoline and electricity were much smaller.
Carbon sequestration
The addition of rye cover crop into the corn-soybean rotation not only affected the
greenhouse gas emission but also the soil carbon sequestration. The use of rye cover crop was
predicted to increase soil carbon at the top 20 cm depth soil under both current and future climate.
Under current climate, the presence of over-winter rye cover crop increased soil carbon by 8%,
2%, 7% and 25% (381.9, 173.5, 471 and 1055.8 kg C ha-1) at Bradford, Gilmore, ISUAG and
SEPAC, respectively. Under future climate, the presence of over-winter rye cover crop increased
soil carbon by 17%, 2%, 8% and 18% (777.5, 224.8, 518.4and 719.5 kg C ha-1) at Bradford,
Gilmore, ISUAG and SEPAC, respectively. The addition of over-winter cover crop resulted in a
larger increase in soil carbon at sites in the south (e.g., Bradford and SEPAC site), and a
relatively smaller increase was observed at the northern sites (e.g., Gilmore and ISUAG site).
Under the projected future climate, soil carbon declined in both cover crop treatment and
no cover crop treatment. In no cover crop treatment, soil carbon decreased by 7%, 1%, 2% and 6%
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(351.9, 69.2, 122 and 249.8 kg C ha-1) at Bradford, Gilmore, ISUAG and SEPAC, respectively.
In cover crop treatment (CC), no consistent trend was observed, soil carbon was increased by 1%
(43.6 kg C ha-1) at Bradford site, decreased by 1% and 11% (74.6 and 122 kg C ha-1) at ISUAG
and SPEAC site, and no change at Gilmore site. As shown in Table S3, even the presence of
cover crop was not able to counteract the decline in soil carbon over time to the future, the
addition of an over-winter cover crop into the no-till corn-soybean rotation resulted in higher soil
carbon levels than that without cover crops.
The net impact of cover crop on the life cycle global warming potential is determined by
the net effects of cover crop on direct N2O emissions from soil, background GHG emissions and
carbon sequestration. Although cover crop may result in either increase or decrease in life cycle
greenhouse gas emissions, the impact of cover crop on the greenhouse gas emission is negligible
when compared with the impact on soil carbon, resulting in reduction in life cycle global
warming potential (GWP) at all sites consistently.
Soil erosion
The presence of cereal rye cover crop resulted in less soil erosion at all sites relative to
the corn-soybean rotation without cover crop under both current and future climate (Table ).
Under current climate, cereal rye cover crop led to an average of 5%, 14%, 5% and 24%
reduction in soil erosion per tonne of corn produced over the simulation period at Bradford site,
Gilmore site, ISUAG site and SPEAC site, respectively. Similarly, cover crop resulted in an
average of 26%, 6%, 11% and 26% reduction in soil loss per tonne corn grain produced under
future climate at Bradford site, Gilmore site, ISUAG site and SPEAC site, respectively.,
respectively. As shown in Table , greater reductions were observed at Bradford site and SEPAC
site than at Gilmore site and ISUAG site under both current and future climate.
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The climate change didn’t show consistent impacts on life cycle soil erosion across all the
four sites. Soil erosion was increased at Bradford site and Gilmore site, the presence of cover
crop resulted in a smaller increase at Bradford site. At the Bradford site in Missouri, climate
change led to an average of 40% and 10% increase in soil loss per tonne of corn produced from
no cover crop treatment and cover crop treatment, respectively. At Gilmore site in Northern Iowa,
climate change led to an average of 10% and 0% increase in soil erosion per tonne of corn
produced in the cover crop treatment no cover crop treatment. Climate change resulted in lower
soil erosion per tonne of corn produced at ISUAG site and SEPAC site, the presence of cover
crop consistently resulted in greater reduction in soil erosion at these 2 sites. Soil loss was
reduced by an average of 34% and 38% at the ISUAG site in no cover crop treatment and cover
crop treatment, respectively. At SEPAC site, climate change resulted in an average of 17% and
19% reduction in soil erosion per tonne corn produced in corn-soybean rotation with and without
cover crop, respectively.
Across the four sites in the US Midwest, the life cycle energy consumption, global
warming potential, eutrophication potential, soil carbon stock and soil loss were affected by the
presence of over-winter cover crop and projected future climate. The projected future climate
consistently led to an increase in all impact categories in both no cover crop treatment and cover
crop treatments relative to current climate. The addition of cover crop into the corn-soybean
rotation consistently increased soil carbon, increased life cycle energy consumption and reduced
life cycle eutrophication potential at all sites, but the life cycle global warming potential (GWP)
and life cycle soil erosion were either increased or reduced by the addition of cover crop.
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Sensitivity analysis
Sensitivity analysis was only performed on life cycle cumulative energy consumption and
life cycle global warming potential because they were implicated by many different inputs. As
shown in Figure 3, the inputs most sensitive to life cycle energy consumption were corn yield,
nitrogen fertilizer application rate and energy embedded in the production of nitrogen fertilizer,
while the effect of other input variables on the life cycle energy consumption were minor.
Similarly, the input variables that were sensitive to the life cycle were corn yield, nitrogen
fertilizer application rate, energy embedded in the production of nitrogen fertilizer and direct
N2O emissions from the soil (Figure 3), while all the other inputs have limited impacts on the life
cycle global warming potential.
Discussion
In this study, LCA is used to assess the usefulness of using the cover crop as a climate
change adaptation strategy for corn production at multiple geographical locations across the US
Midwest. No-till corn-soybean rotation with winter fallow that represents the predominant land
use pattern in the Midwestern US was utilized as baseline treatment, and no-till corn-soybean
rotation with cereal rye grown every year was the alternative treatment. This LCA study
accounts for all relevant inputs and outputs associated with the production of corn and
quantitatively evaluates the impacts of adding cover crop into the corn-soybean rotation under
current and projected future climate using indicators representing different impacts including
energy consumption, eutrophication, global warming and soil loss.
This study illustrates the usefulness of the LCA methodology in evaluating the
performance of agricultural management practices by simultaneously considering and evaluating
all the relevant environmental implications throughout the life span of corn production in the US
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Midwest. For example, in the previous work evaluating the global warming impacts of cover
crop, conclusions were made based on the impacts of cover crop on the greenhouse gas
emissions from the soil (Basche et al. 2014, 2016). However, the greenhouse gas emissions
released from the implementation of the cover crop were typically ignored. The current LCA
methodology considered the impacts of cover crop on not only the greenhouse gas emissions
from the soil but also the background emissions generated by cover crop related agricultural
inputs and activities. The LCA results point out that net global warming impact of the cover crop
was not uniform across the region depending on the magnitude of the decrease in greenhouse gas
emissions from soil relative to the increase in the emissions generated by cover crop.
Another advantage of LCA is that it provides a thorough review of the contributions of
different inputs to the life cycle environmental impacts. This information is important for
identifying the most relevant sources and exploring possibilities of improvements in the
environmental performance. In the present LCA study, we found that the nitrogen fertilizer is the
most important input throughout the life cycle that implicated with many life cycle impacts of
corn production. The energy consumed in the production of nitrogen fertilizer is the single
largest contributor to the life cycle energy consumption. More than 75% of the life cycle global
warming potential is contributed by the greenhouse gas emissions from the production of
nitrogen fertilizer and the soil and more than 90% of the life cycle eutrophication potential is
contributed by the nitrate-N loss. Provided that the N2O emissions and the nitrate-N loss to
drainage increase with nitrogen fertilizer application rate (Hoben et al., 2011; Kim et al., 2013;
Lawlor et al., 2008; Wang et al., 2010), a reduction in nitrogen fertilizer application rate will
result in a considerable reduction in the life cycle energy consumption, global warming and
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eutrophication potential, which is technically possible via the use of precision agriculture
technique (Li et al., 2016).
Life cycle cumulative energy consumption
The inclusion of winter rye cover crop into the corn-soybean rotation consistently
increased the life cycle energy consumption relative to the no cover crop treatment, especially
under the projected future climate. Higher life cycle energy consumption in cover crop treatment
was caused by additional agricultural inputs and farm operations required to implement cover
crop into the annual corn-soybean rotation system. Additional inputs include cover crop seeds,
herbicide for cover crop termination, and diesel, the amount of extra energy consumption
required to grow a cover crop differed from site to site depending on the site-specific cover crop
seeding rates, the amount of herbicide used for cover crop termination and machinery through
the field. The increase in cost by adding cover crop into the corn-soybean rotation and concerns
of the potential interference of cover crop with the main crops are the major obstacles for
widespread adoption of cover crop in the US Midwest (Arbuckle and Roesch-McNally, 2015),
suggesting the need of financial support to promote the use of cover crop in the US Midwest.
Across all sites and treatments, corn production under the projected future climate
resulted in more life cycle energy consumption to produce 1 Mg of corn than under current
climate because of the yield decline resulting from the projected increase in temperature and
rainfall variability associated with climate change. The life cycle energy required to produce 1
Mg of corn varies from site to site under both current and future climate (Figure 1), the
variability can be explained by the difference in the amount of energy (MJ) consumed in corn
production and the corn yield (Mg) from site to site. Energy intensity of corn production is
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positively correlated with the amount of energy consumed and negatively correlated with the
corn yield.
The energy consumed by nitrogen fertilizer, herbicide, diesel, cover crop seeds and corn
seeds were identified as major components of the life cycle energy consumption of corn,
suggesting that the life cycle energy consumption of corn can be reduced if these inputs or
embedded energy of these inputs can be reduced.
Eutrophication potential
For eutrophication impacts, the picture is different. The presence of over-winter cover
crop showed promising in reducing the amount of nitrate-N that reaching the water resources and
reduced the life cycle eutrophication risks relative to the no cover crop treatment, regardless of
geographical location or climate condition. However, the effectiveness of cover crop in reducing
the eutrophication potential was not uniform across the region. The presence of cover crop
resulted in greater reduction in life cycle eutrophication potential at sites in the southern part of
the US Midwest (i.e., Bradford site, ISUAG site, and SEPAC site) than in the northern part (i.e.,
Gilmore site). Greater reduction in life cycle eutrophication of cover crop at the southern sites
can be explained by the relative longer time window for cover crop development and scavenging
the available nitrogen in the soil solution.
For both cover crop treatment and no cover crop treatment across all sites, the future
climate resulted in greater life cycle eutrophication potential relative to current climate, which
can be explained by the increase in nitrate-N loss to the drainage water and decrease in corn
yield because of the increase in temperature and rainfall variability. Relative to the other 3 sites,
a greater increase was observed at Bradford site because of a greater decline in yield and a
greater increase in nitrate-N loss to drainage water due to climate change. Although the presence
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of cover crop couldn’t offset the increase in eutrophication potential caused by climate change,
cover crop resulted in smaller increase in life cycle eutrophication potential than the no cover
crop treatment, suggesting that cover crop alone is not enough to offset the impacts of climate
change on the life cycle eutrophication potential.
Life cycle global warming potential (GWP)
Across the four sites included in this LCA study, the presence of cover crop consistently
resulted in an increase in soil carbon sequestration but has mixed impacts on the life cycle
greenhouse gas emissions. Since the increase in soil carbon is far larger than the increase in life
cycle greenhouse gas emissions at some sites, the use of cover crop consistently led to a decline
in life cycle global warming potential of corn production at different geographical location
within the US Midwest under both current and future climate relative to the no cover crop
treatment. Relative to the current climate, although the projected increase in temperature is more
favorable for the development of cover crops in late fall and early fall, the increase in cover crop
biomass was not sufficient to completely counteract the decline in soil carbon because of the
decline in corn yield and the increase in carbon decomposition under future climate. Overall, the
use of cover crop in between the corn and soybean is an effective way to sequestrate soil carbon
and reduce the overall life cycle global warming potential, its ability to offset the climate change
impacts is limited.
Soil erosion
In this study, the addition of rye cover crop into corn-soybean rotation was predicted to
consistently reduce the soil erosion under both current and future climate because of the increase
in surface cover, decrease in the impacts of rain drops and surface runoff. The decrease in soil
loss and runoff translates to reduced transport of valuable nutrients, pesticides, herbicides, and
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harmful pathogens associated with manure from farmland that degrades the quality of streams,
rivers and water bodies and poses a threat to human health. The greater soil erosion and greater
reduction by cover crop were predicted at Bradford and SEPAC site relative to the Gilmore and
ISUAG site because of relative coarser soil texture, less soil organic matter content, and more
annual precipitation.
In additions to the impacts of cover crop on ground surface coverage, impacts of
raindrops and surface runoff, cover crop can offer several other benefits that are related to the
conservation of soil erosion such as improvement in soil structure, hydraulic conductivity,
stability of soil aggregates, soil water holding capacity, infiltration and percolation (Klik et al.,
1998; Moore et al., 2014; Rachman et al., 2003; Sainju et al., 2003; Steele et al., 2012). Since
these factors were not considered by the WEPP soil erosion prediction model, the simulated
impacts of cover crop on soil erosion from our study were on the conservative side for the sites.
Uncertainties and Limitations
Though the best available data have been used for this LCA, we acknowledge the
existence of limitations and uncertainties. The LCI is data intensive and requires extensive inputs
that are associated with each life stage throughout its life cycle, uncertainties may occur when
input data were not up to date and approximations were made to surrogate the unavailable data;
uncertainties also occur in agricultural system model predictions because models are generally
mathematical representations of the complicated soil water plant processes with certain
simplifications and assumptions. although the models were carefully calibrated and validated
with experimental data, they are not perfect. We have reduced many of the uncertainties by
structuring the analysis as a comparison between cover crop treatment and no cover crop
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treatment, which effectively eliminate the uncertainties associated with many of the shared
inputs and unit processes in the two treatments.
Conclusion
Our analysis demonstrated the use of LCA to evaluate the performance of the addition of
a winter rye cover crop as a climate change adaptation strategy. It’s clear that life cycle impacts
can be reduced if cereal rye cover crop is used in the corn-soybean rotation. The LCA results
suggested that the use of cover crop consistently reduced the life cycle eutrophication potential,
global warming potential and soil erosion but led to additional energy consumption than the no
cover crop treatment under both current and future climate. Under current climate, the presence
of cover crop resulted in 21-51% reduction in eutrophication impacts, 5-24% reduction in soil
loss but increased the life cycle energy consumption by 4-32%. A greater impact was predicted
under the projected future climate. Climate change consistently resulted in greater life cycle
impacts across all sites and treatments, but the presence of cereal rye cover crop in the cornsoybean rotation led to smaller increases in life cycle impacts. The Performance of cover crop
was not uniform across the US Midwest, the rye cover crop was more effective in reducing soil
erosion from a high erodible soil, reducing life cycle eutrophication potential when conditions
like weather and soil were more favorable for cover crop development. The LCA results showed
cover crop was not enough to counteract the climate change impacts, suggesting the need for
additional climate change adaptation strategies to achieve the adaptation and mitigation goals as
desired by the society. This LCA also identified the nitrogen fertilizer as the single largest
contributor to the life cycle energy consumption, eutrophication and greenhouse gas emissions,
highlighting the potential of improving the life cycle impacts of corn production through using
more sophisticated nitrogen management strategies.
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Tables
Table 1 Location, soil characteristics, and current land uses of experimental sites.
Site†
Bradford

Gilmore

ISUAG

SEPAC

Location
Columbia, MO

Gilmore City, IA

Boone, IA

Jennings, IN

Longitude
-92.21

-94.50

-93.78

-85.54

Latitude
38.90

42.75

42.01

39.03

Crop rotations‡
C-SB

C-SB

C-SB

C-SB

Soil depth

Sand

Silt

Clay

Texture

Bulk density

cm

%

%

%

0 to 10
10 to 20

10.3
11.6

69.4
62.2

20.3
26.3

20 to 40

11.9

45.9

42.3

1.41

40 to 60

10

48.8

41.3

1.59

0 to 10
10 to 20

38.5
36.8

29.8
30.3

31.7
32.8

20 to 40

36.5

31

32.5

1.42

40 to 60

37

30.9

32.2

1.55

0 to 10

39.5

38.2

22.4

10 to 20

37.7

36.6

25.7

1.51

20 to 40

36.9

37.2

25.9

1.44

40 to 60

38.5

35.8

25.7

1.53

0 to 10
10 to 20

0.12
0.08

0.6
0.62

0.28
0.3

20 to 40

0.1

0.58

0.32

1.38

40 to 60

0.12

0.54

0.34

1.55

g cm-3
silty loam

clay loam

loam

silty clay loam

1.41
1.46

0.96
1.35

1.27

1.2
1.38

†Bradford = Bradford Research and Extension Center. Gilmore = Agricultural Drainage Water Quality–Research and Demonstration Site (ADWQRDS). ISUAG
= Agricultural Engineering and Agronomy Research Farms. SEPAC = Southeast Purdue Agricultural Center.
‡C refers to corn and SB to soybean.
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Table 2 Aggregated life cycle inputs to corn production with and without cereal rye cover crop at each experimental site.

Inputs

Unit

Gilmore site
NCC†
CC†

ISUAG site
NCC
CC

SEPAC site
NCC
CC

Bradford site
NCC
CC

Reference
NCC

Corn seed
Cereal rye
seed
Nitrogen
fertilizer
Herbicide
(glyphosate)

kg ha-1
kg ha-1

28.9
-

28.9
104.9

32.0
-

32.0
62.8

29.5
-

29.5
73.8

28.2
-

28.2
84.1

Measured
Measured

kg N ha-1

168.0

168.0

135.0

135.0

180.0

180.0

140.0

140.0

Measured

kg active
ingredient
ha-1
L ha-1

5.2

8.0

4.4

8.8

5.9

9.0

7.8

11.2

Measured

35.8

43.3

35.8

43.3

35.8

43.3

35.8

4.6

MJ ha-1

319.9

319.9

319.9

319.9

319.9

319.9

319.9

319.9

ASABE (2006a, 2006b),
Srivastava et al. (2006),
Iowa State University Extension
(2002)
Graboski (2002)

L ha-1

0.1

0.1

0.1

0.1

0.1

0.1

0.1

0.0

Diesel

Farm
machinery
Lubricant

ASABE (2006a, 2006b),
Srivastava et al. (2006),
Iowa State University Extension
(2002)
Shapouri et al. (2002)
Shapouri et al. (2002)
Shapouri et al. (2002)
Shapouri et al. (2002)
Farrell et al. (2006)

Electricity
Kwh ha-1 50.4
50.4
50.4
50.4
50.4
50.4
50.4
20.4
Gasoline
L ha-1
18.0
18.0
18.0
18.0
18.0
18.0
18.0
1.9
-1
LPG
L ha
29.9
29.9
29.9
29.9
29.9
29.9
29.9
3.2
Natural Gas
m3 ha-1
14.6
14.6
14.6
14.6
14.6
14.6
14.6
208.9
Inputs
MJ ha-1
129.4
198.3
109.7
152.7
137.8
187.0
112.6
168.6
transportation
Inputs
MJ ha-1
73.7
73.7
73.7
73.7
73.7
73.7
73.7
73.7
Farrell et al. (2006)
packaging
Labor
MJ ha-1
288.0
288.0
288.0
288.0
288.0
288.0
288.0
288.0
Farrell et al. (2006)
transportation
Custom work MJ ha-1
269.9
269.9
269.9
269.9
269.9
269.9
269.9
269.9
Shapouri et al. (2002)
† NCC refers to corn-soybean rotation with cereal rye cover crop and NCC refers to corn-soybean rotation with winter fallow.
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Table 3 Life cycle impact indicators of corn-soybean rotation with and without cereal rye cover crop under current
and future climate.
Gilmore
ISUAG
SEPAC
Bradford
NCC†

CC†

NCC

CC

NCC

CC

NCC

CC

-1

Life cycle eutrophication potential (kg NO3 eq tonne corn)
Current climate

3.8

3.0

6.0

3.3

6.7

4.1

8.2

5.8

Future climate

5.4

3.8

7.6

3.9

8.4

5.2

11.7

8.0

-1

Soil erosion (kg soil tonne corn)
Current climate

147

125

249

237

252

192

497

470

Future climate

147

139

164

147

210

156

698

517

† NCC refers to corn-soybean rotation with cereal rye cover crop and NCC refers to corn-soybean rotation with
winter fallow.
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Figures
Figure 1. Life cycle energy consumption (MJ/Mg corn grain) of corn production with and
without cereal rye cover crop under current and future climate across the sites in the US Midwest.
Figure 2. Life cycle global warming potential (kg CO2 eq/Mg corn grain) of corn production
with and without cereal rye cover crop under current and future climate across the sites in the US
Midwest.
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Figure 1.
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Figure 2.
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Appendix
Table S1 Site-specific management operations and dates.
Site

Cash
crop

Cover crop
termination
date

Cash crop
planting
date

Bradford

Maize
Soybeans
Maize
Soybeans
Maize
Soybeans
Maize
Soybeans

22-Apr
8-May
28-Apr
13-May
25-Apr
3-May
22-Apr
29-Apr

6-May
15-May
12-May
20-May
10-May
10-May
6-May
6-May

Gilmore
ISUAG
SEPAC

Cash
crop
harvest
date
29-Sep
10-Oct
5-Oct
5-Oct
5-Oct
30-Sep
29-Sep
30-Sep

Cover
crop
planting
date
30-Sep
11-Oct
6-Oct
6-Oct
6-Oct
1-Oct
30-Sep
1-Oct

Total N
applied
kg ha-1

Cover crop
seeding
method

140
0
168
0
135
0
180
0

No-till drill
No-till drill
No-till drill
No-till drill
No-till drill
No-till drill
No-till drill
No-till drill

Table S2 Climate Models used to generate daily future weather data for agricultural system models such as RZWQM, Daycent model and WEPP model.
Climate
Model
CGCM3_t63

Acronmy

CNRM

CNRM

ECHO

ECHO

HADGEM3

HADGEM

PCM

PCM

CGCM

Institute of
Origin
Environment
Canada
National Centre
for
Meteorological
Research (FR)
Max Planck
Institute
Hadley Centre,
Exeter, UK
US-DOE

Link to Model

http://www.cccma.ec.gc.ca/data/cgcm3/cgcm3.shtml
http://www.cnrm-game.fr/spip.php?article126&lang=en

http://coast.gkss.de/staff/wagner/midhol/model/model_des.html
http://www.metoffice.gov.uk/research/modellingsystems/unified-model/climate-models/hadgem3
http://www.cgd.ucar.edu/pcm/
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Table S3 Summary of predicted long-term corn and soybean yield, N2O emissions, Nitrate-N loss to drainage water,
and soil erosion at each site from cover crop treatment and no cover crop treatment under current and projected
future climate (Gu et al., in preparation).
Bradford
Corn grain
yield (kg
ha-1)
Soybean
grain yield
(kg ha-1)
N 2O
emissions
(kg N ha-1)
Nitrate-N
loss to
drainage
(kg N ha-1)
Soil
erosion
(ton ha-1)
Soil carbon
(kg C ha-1)

Gilmore

ISUAG

SEPAC

Current

Future

Current

Future

Current

Future

Current

Future

CC

5984.2

5692.9

8821.5

7784.3

6902.9

6843.6

10641.1

9763.9

NCC

6742.0

6278.5

8833.5

8493.8

7597.7

7539.7

9772.2

9204.2

CC

2506.5

2504.5

3359.0

3859.9

2956.6

3127.3

3433.4

3555.2

NCC

2221.8

2528.7

3175.0

3876.6

2959.5

3142.8

3391.9

3531.8

CC

0.9

1.2

0.7

0.9

4.8

5.3

0.8

1.0

NCC

1.0

1.5

1.3

1.4

5.0

6.1

1.1

1.3

CC

27.1

35.0

23.2

25.1

19.4

21.2

38.2

39.9

NCC

50.6

65.2

32.0

43.9

42.8

51.3

61.9

71.4

CC

2.7

2.8

1.1

1.0

1.6

0.9

2.0

1.4

NCC

3.2

4.0

1.3

1.2

1.9

1.1

2.4

1.8

CC

53713.0

54149.3

97822.6

97644.5

73815.5

73069.3

53609.9

47749.3

NCC

49893.6

46374.5

96088.0

95396.3

69105.8

67885.4

43052.3

40554.2

† NCC refers to corn-soybean rotation with cereal rye cover crop and NCC refers to corn-soybean rotation with
winter fallow.
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CHAPTER 6. Dissertation conclusions
Corn production in the US Midwest is facing massive challenges posed by the already
evident climate change. Anticipating the consequences of climate change on corn yield and the
related environmental impacts, and evaluating the performance of potential climate change
adaptation and mitigation strategies is challenging but extremely important. This dissertation
provides insights into the impacts of climate change and agricultural management practices for
the sustainability of corn production by integrating field experimental observations, future
climate projections, agricultural system modeling and quantitative data analysis. Results from
this research are relevant for corn production in the Midwestern United States and other regions
that are experiencing similar stresses for achieving a sustainable corn production. Several key
findings were summarized below:
1. Transferring model parameters from present to future projections can lead to
erroneous results and increased uncertainty.
Quantifying the impacts of climate change on corn production and the related environmental
impacts, assessing the performance of cover crop as a climate change adaptation and
mitigation strategy all rely on the use of agricultural system models. In the lack of
experimental data for model testing from the future climate conditions, parameters from an
existing calibration are typically applied for prediction under future climate conditions
assuming that the adjustments made during parameter calibration remain valid and will
continue to provide a satisfactory representation of the desired prediction. However, this
assumption is not always true as we have shown for the RZWQM predictions of nitrate loss
from a tile-drained, corn-soybean experiment in Northern Iowa (Chapter 2). By calibrating
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RZWQM with data representing different palmer drought severity index (PDSI) ranges, we
have found that the prediction performance depends on how the PDSI range represented in
calibration data compares with that of the prediction conditions. Prediction uncertainty under
future conditions can be reduced if the calibration data is able to constrain the model
parameters relevant to the processes controlling the desired prediction. Although these
findings are highly dependent on the model and given case study, they raise important
questions regarding the validity of transferring model parameters from one period to another
temporarily spaced and/or climatically different. This is of particular concern for climate
change studies where the model application conditions are known to be different from the
calibration ones.
2. Agricultural management decisions are not adequately informed by measures of
average performance over a few years.
Public decision-making and management efforts strive to safeguard the water quality from
the nitrate-N loss from corn production lands, yet they are not adequately informed by the
results of the present research on nitrate-N loss and the effectiveness of cover crop as a
nutrient management strategy. Agricultural management decisions should not only be
informed by measures of average performance over a few years, but also information about
the likelihood of impacts of different magnitude. We demonstrated the use of a probabilistic
assessment approach to characterize the long-term performance of over-winter cover crop in
reducing nitrate-N loss to the drainage water under a range of climate conditions (Chapter 3).
The use of probabilistic assessment techniques enables a detailed evaluation of the likelihood
of cover crop to achieve any particular nitrate-N loss reduction goals and the potential
environmental risks with the agricultural management choices. Results from this work
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provide decision-makers like farmers, land managers, and policymakers the information they
need to choose among a range of management practices to achieve desired conservation and
production goals.
3. Climate change resulted in declined corn yield and exacerbated environmental impacts;
the use of cover crop resulted in smaller increases in environmental impacts but had no
impacts on the predicted yield declines.
Research on cover crop have grown rapidly in the last decade, yet the understanding of the
ability of a fall-planted winter cover crop to help adapt corn production under anticipated
future climate while mitigating the related environmental impacts remains limited. Our
results demonstrated that the long-term use of cereal rye cover crop consistently reduced soil
erosion, N2O emissions and nitrate-N loss to drainage water at all sites under both current
and future climate while having neutral effects on corn and soybean yield (Chapter 4).
Despite the known benefits of cover crops, adoption by farmers in the US Midwest is limited.
A cover crop was grown on approximately 2.3% of harvested agricultural production land in
the region (USDA-NASS, 2014). The additional cost required to grow a cover crop, concerns
about unexpected consequences, lack of prior cover crop management experience and the
availability of technical assistance are factors that limit the adoption of the cover crop by
farmers in the region. These limiting factors suggest the need for economic incentives,
research that quantifying long-term cover crop impacts and easy access to technical
assistance to achieve a broader adoption of the cover crop across the agricultural landscapes
across the US Midwest.
In modeling the impacts of future climate, we found that cereal rye cover crop resulted in
smaller increase in soil erosion, N2O emissions and nitrate-N loss relative the no cover crop
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treatment (Chapter 4), suggesting that the cover crop could improve the environmental
outcomes with future climate but was not enough to offset all the potential impacts posed by
the future changes that the region may experience. We didn’t find any evidence that cereal
rye cover crop would reduce the vulnerability of corn and soybean yields to the anticipated
increase in temperatures and rainfall variabilities (Chapter 4), suggesting the need for
additional adaptation strategies to help maintain the crop productivities and meet the
increasing global food demand (Mueller et al., 2015).
4. The non-uniform performance of cover crop across the region requires identification of
a cover crop that best fits the site-specific conditions.
Impacts of the cover crop are not uniform across the region. The cereal rye cover crop was
found to have greater impacts on nitrate-N loss at the southern sites and have greater impacts
on soil erosion in high erodible soils (Chapter 4), indicating the need for identifying a cover
crop that best fits the site-specific conservation goals and the soil and weather conditions.
5. By considering all the relevant inputs and outputs, life cycle assessment results
contribute to better decision making.
Life Cycle Assessment (LCA) has been recognized as an important framework for analyzing
the environmental impacts of agricultural systems because it provides a through
identification and evaluation of relevant environmental implications of a product, process, or
system across its entire life cycle (Brentrup and Lammel, 2011; Cowell and Clift, 2000;
Brentrup et al., 2004). The thorough review of all relevant inputs and outputs throughout the
life cycle can avoid “problem shifting” between life cycle stages and receptors which enables
identification of where improvements are possible. By considering the entire lifecycle, we
found that the net impacts of cover crop on life cycle global warming potential depends on
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the magnitude of reduction of N2O emissions from the soil relative to the magnitude of
greenhouse gas emission generated by cover crop (Chapter 5). Our results showed that
nitrogen fertilizer was the single largest contributor of the life cycle energy consumption,
global warming potential and eutrophication potential (Chapter 5), which should be
prioritized for the improvement of life cycle impacts of corn. Our analysis also showed the
future potential of using LCA methodology to compare and evaluate other strategic choices
in arable farming.
6. Reducing nitrogen application rate while maintaining the corn productivity is a
promising choice to reduce many of the corn related environmental problems.
The use of synthetic nitrogen fertilizers has enabled humankind to greatly increase food
production. Yet less than half of the nitrogen applied to an agricultural field as fertilizer is
taken up by the crop (Cassman et al., 2003), with the remainder immobilized in soil organic
matter, emitted to the atmosphere (as NH3, NO, or N2O), or lost to surface or groundwater
primarily as nitrate (Aneja et al., 2009; Davidson et al., 2012; Gruber and Galloway, 2008;
Ravishankara et al., 2009). N loss from agricultural soils has a strong positive correlation
with the nitrogen fertilizer application rate (Kim et al., 2013, Lawlor et al., 2008) and is
implicated in many of the most severe environmental impacts of agriculture. My analysis
shows that the foreground and background impacts derived from nitrogen fertilizer
production and post-application was the single largest contributor to the life cycle energy
consumption, global warming potential and eutrophication potential (Chapter 5), indicating
that reductions in the synthetic nitrogen fertilizer application rate while not affecting the corn
yield is a promising choice to reduce the environmental impacts related to corn production.
Reduction in nitrogen application rates is technically possible by the use of precision
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agricultural technologies that matches crop N requirements and supplying it when and where
the crop needs it.
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