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ABSTRACT
Agriculture faces two great sustainability challenges: the ability to provide
nutrition for a growing world population and the ability to increase ecosystem services
that maintain clean air, clean water, and other benefits to humanity. Planting cover crops
is one management practice that can contribute towards realizing the goal of increasing
ecosystem services. However, to provide multiple ecosystem services and to manage
tradeoffs between services, cover crops will need to be intensively managed. This
dissertation develops models and tools that can support the adaptive management of
cover crops to reduce nitrate (NO3-) leaching and supply nitrogen (N) to a subsequent
corn crop through N mineralized from decomposing residues. Models were developed
from a wide range of cover crop experiments carried out over 14 site years that included
39 different treatments of cover crop mixtures and monocultures composed from 18
different species of grasses, brassicas, and legumes. A model for potential NO3- leaching
under cover crop mixtures indicated that increasing total non-legume biomass N content
(sum of fall and spring N contents) of a cover crop reduced leaching at a rate of -0.91 kg
NO3--N kg-1 biomass N, up to a threshold of 51 kg N ha-1 total non-legume biomass N,
above which increasing non-legume biomass N had no further effect. In a model for
relative corn yield following cover crop mixtures, relative yield was negatively related to
fall and spring cover crop biomass carbon to nitrogen (C:N) ratios and positively related
to soil carbon (C) concentration. In another model, the response of unfertilized corn
yields to a previous cover crop, relative to fallow conditions, increased with cover crop
biomass N content and a decreasing biomass C:N ratio, with regression models that were
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different for winterkilled and winterhardy cover crops due to differences between the
cover crop types in the length of decomposition and the synchrony between
decomposition and corn N demand. For these models to be applicable in an adaptive
management process, farmers need to be able to rapidly and inexpensively measure cover
crop biomass N content. A handheld NDVI meter was able to accurately predict biomass
N content in fall and spring for a wide range of cover crop types. Coupling between C
and N cycles also needs to be considered in relation to predicting N mineralization from
decomposing cover crops and others forms of organic matter. In models that represent
soil organic C saturation, regulation of the C humification efficiency by C saturation level
affected a coupled N mineralization model in a way that depended on the model structure
used. Under some model structures, N mineralization increases as the C saturation level
increases, which could affect the extent to which cover crop residues supply N to
subsequent crops. Collectively, these models provide a foundation that can support the
adaptive management of cover crops to provide N-related ecosystem services.
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Chapter 1
Introduction
Agriculture in the 21st century will face two grand challenges: meeting the
nutritional requirements of a growing world population and increasing ecosystem service
provisioning by agricultural lands (Foley et al., 2011). Ecosystem services are the
benefits that ecosystems provide to humans, such as food, clean water, and clean air, and
are supported by a myriad of ecosystem processes such as nutrient cycling, water cycling,
primary production and pollination. While food production is considered one of the
ecosystem services provided by agriculture, increasing other provisioning and supporting
ecosystem services will require farmers to implement new management practices that
balance the goals of increased food production with societal goals of clean water and
clean air. Planting cover crops is one agricultural management practice that has been
identified as having a strong potential to increase ecosystem service provisioning
(Schipanski et al., 2014; Smith et al., 2014; Blanco-Canqui et al., 2015; Storkey et al.,
2015; Finney et al., 2016).
Cover crops have the potential to offer a wide range of benefits to farmers and
society, but success in providing these benefits will depend on the ability of farmers to
effectively integrate and manage cover crops within their cropping systems (Snapp et al.,
2005). Effective cover crop management begins with identifying the goals to be achieved
by the cover crop, which can vary across farms and societal stakeholder groups. Upon
identifying the goals, farmers must then decide how cover crops will be integrated into

2

their cropping system, including the timing of cover crop establishment and the selection
of cover species that are functionally well-suited to meet the goal. After completing
these planning steps, farmers must implement the practice by planting the cover crop,
managing its growth and termination, and managing residual effects of the cover crop on
subsequent crops. The implementation phase of the process relies on sound agronomic
management practices, which have been substantially informed through research studies,
extension outreach, and farmer-led problem solving. Once a cover crop is implemented,
the success in achieving the desired goals should be evaluated and that information can
provide a feedback to make adjustments in future planning and implementation of the
practice. Such a process of planning, implementation, monitoring, feedback, and
adjustment is characteristic of an adaptive management process (Ketterings, 2014).
The monitoring, feedback, and adjustment steps are what separate an adaptive
management process from simply implementing a management practice. The extent to
which farmers can utilize an adaptive management process for enhancing ecosystem
service provisioning from cover crops depends on the ability to monitor ecosystem
services and use that information as a feedback to adjust subsequent practices. Some
provisioning and supporting services may be very easy to monitor, and farmers are
already using adaptive management processes to improve some aspects of cover crop
performance. For instance, it is easy to visually monitor cover crop biomass production
and subsequent residue cover on the soil surface in no-till crop production. Observant
farmers become acutely aware when there is insufficient residue cover to prevent soil
erosion or conserve soil moisture and will adjust cover crop management accordingly. It
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may be more difficult for farmers to monitor other ecosystem services, particularly those
which cannot be observed visually, such as nutrient cycling processes.
Among the nutrient cycling processes that cover crops can influence are nitrate
(NO3-) leaching and nitrogen (N) mineralization (Dabney et al., 2010; Finney et al.,
2016). The prevention of NO3- leaching promotes clean water, as leached NO3- can
pollute groundwater drinking sources and cause eutrophication of water bodies
(Robertson and Vitousek, 2009). If N mineralization from cover crop residues can offset
fertilizer inputs, then this process can indirectly promote clean air by reducing the
greenhouse gas footprint generated by N fertilizers (Camargo et al., 2013). The extent to
which cover crops can provide these services depends on functional characteristics of the
species used. Non-legumes rely exclusively on soil N pools to meet their N requirements
and therefore reduce NO3- leaching more effectively than legumes, which can fix N from
the atmosphere, as reported in a meta-analysis of cover crop effects on NO3- leaching
(Tonitto et al., 2006). Nitrogen mineralization occurs during cover crop residue
decomposition and is regulated by the cover crop biomass carbon to nitrogen (C:N) ratio
and the carbon (C) use efficiency and biomass C:N ratio of the microbial population
(Vigil and Kissel, 1991; Kaye and Hart, 1997; Manzoni and Porporato, 2009).
During decomposition, the microbial C use efficiency controls the fraction of
decomposed C that is assimilated into microbial biomass, with the remainder respired as
CO2 (Figure 1-1). Carbon that is used to build microbial biomass is coupled with N
based on the microbial biomass C:N ratio. This microbial N demand can be met by N
contained in the decomposing cover crop residues when the cover crop C:N ratio is
sufficiently low. Nitrogen in the decomposing cover crop residues in excess of what is
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required to build microbial biomass is released into the soil as ammonium (NH4+) in the
process known as net N mineralization. If the cover crop C:N ratio is high and there is
insufficient N in the cover crop residues to meet the microbial N demand, microbes meet
the remaining N requirement by scavenging inorganic soil N in the process known as net
N immobilization. Net N mineralization can be modeled mathematically using Eq. 1-1
where Ncc is the N content (kg N ha-1) of decomposing cover crop residues, ε is the
microbial carbon use efficiency, (C:N)cc is the C:N ratio of cover crop residues, and
(C:N)m is the C:N ratio of microbial biomass.
𝑁𝑚𝑖𝑛 = 𝑁𝑐𝑐 (1 −

ɛ (𝐶:𝑁)𝑐𝑐
(𝐶:𝑁)𝑚

)

Eq. 1-1

Eq. 1-1 returns positive values when net N mineralization occurs and negative values
when net N immobilization occurs. The critical C:N ratio threshold below which
decomposing cover crop residues cause net N mineralization and above which residues
cause net N immobilization can be solved for when Eq. 1-1 is set to zero. The solution is
represented by Eq. 1-2, where (C:N)*cc is the critical C:N ratio, (C:N)m is the C:N ratio of
microbial biomass, and ε is the microbial carbon use efficiency.
(𝐶: 𝑁)∗ 𝑐𝑐 =

(𝐶:𝑁)𝑚
ɛ

Eq. 1-2

While the scientific understanding of how cover crops impact net N
mineralization and NO3- leaching is strong, the ability of farmers to monitor these
processes faces several barriers. There are a large number of variables which could
potentially be measured at various spatial and temporal resolutions, such as soil inorganic
N concentrations, cover crop biomass N content, biomass C:N ratio, and residue
decomposition rates. Sampling and analytical costs would be prohibitively expensive if
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all of these variables were measured routinely by farmers. Furthermore, guidelines on
how to interpret these measurements so that they can provide feedback into an adaptive
management process are generally lacking.
The difficulties in monitoring N cycling processes are not unique to cover crops
and have been addressed in the context of managing N fertility in economic crops in a
variety of ways. One approach has been to calibrate empirical models that can predict an
outcome, such as whether crop yield will respond to additional N fertilizer. This has
been done through soil testing procedures, such as the pre-sidedress soil nitrate test (Fox
et al., 1989) or the Illinois soil nitrate test (Khan et al., 2001), and through the
measurement plant N status with chlorophyll meters or canopy reflectance (Piekielek and
Fox, 1992; Dellinger et al., 2008). The corn stalk nitrate test is an end-of-season test that
can detect if crops were over-fertilized, the results of which can be used to inform future
fertilizer management decisions (Binford et al., 1990). Another approach has been to use
process-based models to simulate the N cycle based on site-specific soil, weather, and
fertilizer management conditions (Melkonian et al., 2008; Setiyono et al., 2011). These
models predict how weather conditions affect the fate of N fertilizers and N mineralized
from soil organic matter and suggests whether additional N fertilizer needs to be applied
to achieve optimum yields.
Significant research investments have been made to create models for adaptive N
management in crops such as corn because there are strong economic incentives to
optimize fertilizer N management and because of the environmental consequences of
excessive N fertilizer applications. If cover crop systems are to be relied upon to support
a greater level of ecosystem service provisioning, particularly as related to N cycling
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processes, then models to support adaptive management of cover crops need to be
developed as well. These models should give farmers the ability to predict the level of
services that are being provided by the cover crops they plant and evaluate opportunities
to enhance service provisioning through adjustments to cover crop management.
The work contained in this dissertation is a step towards creating models and tools
that can be used to facilitate the adaptive management of cover crops to enhance
ecosystem services, particularly the reduction of NO3- leaching and the supply of N to
subsequent crops. I broadly seek to answer the question of how cover crop biomass
functional characteristics, such as biomass N content in legume and non-legume species
and biomass C:N ratio affect these ecosystem services. I also address how soil organic
matter content, through its role as a substrate in the N mineralization process, can be
considered as a factor in adaptive cover crop management. Three of the following
chapters develop empirical models that can be applied to adaptive cover crop
management while another is a theoretical evaluation of how N mineralization is
implemented in process-based models. To develop models for adaptive cover crop
management that can be applied over a wide domain of cover crops and geographies, the
empirical models synthesize results from across many monocultures and mixtures of
cover crop species, as well as across many different locations, including research station
fields and commercial farm fields. The majority of data is derived from experiments
where cover crops were planted after small grains were harvested in mid-summer,
limiting the applicability of the results to crop rotations that include a winter small grain
that is not double cropped. The inference domain of these studies is also limited to
humid regions with cold winters.
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In Chapter 2, I synthesize results of a multi-location cover crop field study to
develop models that predict potential NO3- leaching and relative yields of unfertilized
corn based on cover crop biomass functional characteristics, soil properties, and climatic
variables. The field study includes commonly used grass and legume monocultures and
3- and 4-species cover crop mixtures composed of grasses, legumes, and brassicas
planted on research station plots transitioning to organic production and commercial farm
fields that have been managed organically for over a decade. The models developed
from the field study help to answer the question of how to manage cover crop mixture
biomass composition to minimize the tradeoff between reducing NO3- leaching and
supplying N to subsequent crops that generally occurs with grass and legume cover crop
monocultures. The models also illustrate how the management of cover crop biomass
composition could be adjusted based on the soil carbon (C) concentration at a site.
In Chapter 3, I develop and calibrate a simple N mineralization model to predict
how the yield of an unfertilized corn crop is affected by the previous cover crop’s
biomass N content and C:N ratio. The model accounts for temporal differences in
decomposition between winter-killed and winter-hardy cover crop species, and can
accommodate cover crops planted in monoculture or in mixtures. The model is calibrated
from data obtained over six site years of cover crop experiments that included 39
different cover crop treatments composed from 18 different species. The model
conceptually illustrates how cover crops should be managed to maximize N supply to a
subsequent corn crop and to prevent decomposing cover crops from immobilizing N.
The model also provides a foundation that can support future efforts to quantitatively
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credit N mineralized from cover crops in the process of adaptive N fertility management
for corn.
In Chapter 4, I test whether an inexpensive handheld NDVI meter (GreenSeeker,
HCS-100, Trimble Navigation, Sunnyvale, CA) can be used to predict the biomass N
content of a wide variety of cover crop species planted in monocultures and in mixtures.
Despite the importance of cover crop biomass N content to the provisioning of N related
ecosystem services, it is rarely measured by farmers due to the expense of sampling and
analysis. A rapid and inexpensive tool to measure cover crop biomass N could allow
farmers to routinely monitor cover crop biomass N content and use that information in
the models created in chapters 1 and 2 to evaluate the performance of their cover crops at
reducing NO3- leaching and supplying N to a subsequent crop. Collecting such
information is necessary to inform adjustments to cover crop management in an adaptive
process.
In Chapter 5, I evaluate different theoretical model structures for linking C
saturation processes with N mineralization processes in coupled C and N biogeochemical
models. Such coupled models are the back-bone of process-based ecosystem models that
are used to predict C and N cycling in natural and agricultural settings (Kemanian et al.,
2011), including the decision support models that are used in agriculture for N fertilizer
management (Melkonian et al., 2008; Setiyono et al., 2011). There could be large
differences in predictions of N mineralization from decomposing residues depending on
how N mineralization is coupled to C saturation models. The work in chapter 4 explores
these differences and provides insight into potentially appropriate model structures. Such
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work could improve the capacity of process-based models to predict N mineralization
from cover crop residues across wide gradients of soil C concentration and soil texture.
I conclude the dissertation with a reflection on how the models developed herein
could be put to practical use in the adaptive management of cover crops. This reflection
illustrates the potential for farmers to increase the intensity of cover crop management in
order to provide greater ecosystem services from agricultural land and also points out
where future research will be necessary to realize that goal.
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Figure 1-1. A conceptual model of the N mineralization process that occurs during cover
crop residue decomposition. As cover crop residues decompose, a fraction of the
decomposed C is assimilated in microbial biomass (ε) while the remaining fraction (1-ε)
is respired into the atmosphere as carbon dioxide (CO2). The C assimilated in microbial
biomass must be coupled with N to maintain the stoichiometry of the microbial biomass
(microbial biomass C:N ratio). When cover crop residues have a low C:N ratio (model
A), there is enough N contained in the decomposed material to meet the microbial N
demand. The N in decomposed material that is not needed by microbial biomass N is
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released into the soil as ammonium (NH4+), a process termed net N mineralization.
When cover crop residues have a high C:N ratio (model B), there is insufficient N in
decomposed material to meet the microbial N demand, so microbes meet the remaining N
requirement by scavenging from the soil inorganic N pool, a process termed net N
immobilization.
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Chapter 2
Optimizing Nitrogen Retention and Supply Services with Cover Crop
Mixtures

Abstract

Cover crops are used in ecological nutrient management systems to supply
nitrogen (N) to subsequent crops and retain nitrate (NO3-) against leaching. The ability of
cover crop mixtures to provide both N retention and N supply services has been
extensively studied in research station experiments, especially with grass-legume
bicultures. The results from these experiments show that mixtures are often as effective
as grass monocultures at N retention, but the N supply service can be compromised when
non-legumes dilute the presence of legumes in a cover crop stand. Models could be used
to inform how cover crop biomass composition should be managed to minimize tradeoffs
between N retention and N supply services. However, no models are currently available
that have been developed from data collected across a wide range of cover crop mixtures
planted on commercial farms. In this study, we tested three-species and four-species
cover crop mixtures in comparison to commonly used grass and legume monocultures on
three organic farms and a companion research station experiment in Pennsylvania, USA.
Cover crop treatments were planted between a small grain crop harvested in mid-summer
and a corn (Zea mays L.) crop planted the following spring. The N retention service was
estimated by measuring potential NO3- leaching during the cover crop growth period with
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anion exchange resin bags buried in the soil profile at 30 cm depth. The N supply service
was measured by the yield of unfertilized corn relative to fertilized corn grown after the
cover crop treatments were terminated. We hypothesized that models based on cover
crop biomass functional characteristics and environmental variables could predict N
retention and N supply services across cover crop monocultures and mixtures planted at
different farm sites and that cover crop mixtures would reduce the tradeoffs between N
retention and N supply relative to monocultures. We further sought to use these models
to inform how cover crop mixtures could be adaptively managed to optimize the dual
provisioning of N retention and N supply services. Random forest and regression models
for potential NO3- leaching (r2=0.77 and r2=0.78, respectively) indicated that increasing
total non-legume biomass N content (sum of fall and spring N contents) reduced leaching
relative to pure legumes at a rate of -0.91 kg NO3--N kg-1 biomass N, up to a threshold of
51 kg N ha-1 total non-legume biomass N, above which increasing non-legume biomass N
had no further effect. Relative corn yield was negatively related to fall and spring
biomass C:N ratios and positively related to soil carbon (C) concentration in the random
forest and regression models (r2=0.61 and r2=0.58, respectively). The results of the study
indicate that there are likely to be inherent tradeoffs between N retention and N supply
services when using cover crop mixtures because increasing non-legume biomass N
content also increases the spring biomass C:N ratio relative to legume monocultures. To
minimize the extent of this tradeoff, future research efforts should focus on achieving
cover crop mixtures of legume and non-legume species that have low biomass C:N ratio,
which we suggest could be accomplished through the maintenance of spring legume
biomass in mixtures and appropriate selection and management of non-legume species.
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Because soil C concentration can offset the negative effects of increasing cover crop
biomass C:N ratio on the N supply service, increasing soil C stocks in tandem with using
cover crop mixtures may be another strategy to optimize N retention and N supply
services in agricultural systems relying on ecological nutrient management.
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Introduction

Replacing synthetic fertilizer inputs with biologically supplied nitrogen (N)
sources and minimizing N losses to the environment are both important goals for farming
systems that rely on ecological nutrient management, including organic cropping systems
(Drinkwater and Snapp, 2007; Drinkwater et al., 2011). In organic systems, cover crops
can supply N to subsequent crops and retain nitrate (NO3-) against leaching (ThorupKristensen et al., 2012). However, individual cover crop species can often provide
optimal levels of only one or the other of these services (Wagger et al., 1998; RamírezGarcía et al., 2015) due to differences in N acquisition strategies and tissue chemistry
between cover crop types such as legumes and grasses. One cover cropping strategy to
optimize both N supply and N retention services is to plant a mixture of cover crop
species. Bicultures of grass and legume cover crops are often able to reduce NO3leaching to similar levels as grass monocultures (Sainju et al., 2007; Bergkvist et al.,
2011; Tosti et al., 2014; but see Ranells and Wagger, 1997b). However, the N supply
from cover crop bicultures to subsequent crops has a high level of variability across
studies (Miguez and Bollero, 2005) and is often less than the N supply from a legume
monoculture (Clark et al., 1994, 2007a; Miguez and Bollero, 2005; Benincasa et al.,
2010; Tosti et al., 2012). In addition to cover crop bicultures, cover crop mixtures
composed of more than two species have been tested with the goal of enhancing the
overall level and diversity of services provided by a cover crop (Creamer et al., 1997;
Smith et al., 2014). However, the provisioning of both N retention and N supply services
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by higher diversity cover crop mixtures has only been evaluated by one study (Finney et
al., 2016) and information to guide the management of higher diversity cover crop
mixtures to optimize N retention and N supply services is lacking. In this study, we test a
range of cover crop monocultures and mixtures on organic farms and research station
plots across Pennsylvania, USA and develop models to predict N retention and N supply
services based upon cover crop biomass characteristics and environmental factors. We
further interpret the models to inform cover crop mixture management guidelines for
optimizing N retention and N supply services.
The N supply from decomposing cover crop residues to a subsequent crop is
potentially influenced by the total N content of the cover crop residues, the residue
carbon to nitrogen (C:N) ratio, and the synchrony of N mineralization from cover crop
residues with N demand of the subsequent crop (Vigil and Kissel, 1991; Crews and
Peoples, 2005; Tonitto et al., 2006; Dabney et al., 2010). Legume cover crops can
maintain a low tissue C:N ratio and accumulate a high biomass N content, leading to a
high N supply potential from decomposing residues. On the other hand, grass cover
crops tend to have a tissue C:N ratio that increases with plant maturity, so N supply
becomes dependent on the timing of cover crop termination (Clark et al., 1994, 2007a;
Vaughan and Evanylo, 1998), and is usually lower than that from legumes (Miguez and
Bollero, 2005). In grass-legume cover crop bicultures, the grass component can dilute
the N content and increase the C:N ratio of the mixture, reducing the N supply potential
relative to a legume monoculture (Ranells and Wagger, 1997b; Benincasa et al., 2010;
Brainard et al., 2012; Tosti et al., 2012). A study comparing 4- and 8-species cover crop
mixtures to the component species in monocultures found that inorganic N supply and
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yield benefits to a subsequent corn crop were negatively related to the cover crop biomass
C:N ratio (Finney et al., 2016). The range of cover crop mixtures included in that study
resulted in negative, neutral, and positive N supply depending on the species in the
mixture and the site year of the study, illustrating the high variability in the N supply
service provided by cover crop mixtures and underscoring the need for management
guidelines to optimize N supply from cover crop mixtures.
The N retention service is driven by the ability of cover crops to scavenge soil
NO3- and assimilate it into plant biomass during periods of high leaching potential.
Legume cover crop species usually achieve less N retention than non-legume species
(Shipley et al., 1992; Tonitto et al., 2006; Finney et al., 2016) because legumes meet
some of their N demand through atmospheric N fixation and are thus less aggressive
scavengers of soil NO3-. Finney et al. (2016) found that N retention by cover crop
monocultures and mixtures was positively related to the cover crop C:N ratio, an
indicator representing the relative contribution of legume and non-legume species to the
cover crop biomass. In that study, all cover crop mixtures that contained winterhardy
non-legume species provided a positive N retention service relative to the fallow
treatment, whereas mixtures in which the only non-legumes were winterkilled species
had variable levels of N retention across site years. Winterkilled cover crops may not be
as effective as winterhardy cover crops for N retention because decomposing residues can
mineralize N in early spring when the leaching potential is still high (Dean and Weil,
2009) and because the shorter growing season for winterkilled species may reduce the
total N assimilation potential relative to winterhardy species (Kaspar et al., 2012).
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While cover crop mixtures could enhance the dual provisioning of N retention and
N supply services relative to cover crop monocultures, biomass composition in mixtures
may have to be carefully managed to minimize tradeoffs between services. Models could
be used to inform the management of cover crop mixtures, but none have been developed
that can be applied across a wide range of cover crop mixtures and commercial farm
types. To develop such models, we conducted experiments using farmer participatory
research methods on three commercial certified-organic grain farms and on a research
station experiment transitioning to certified-organic production. At each location, we
compared typical monoculture cover crop practices to farmer-selected three-species
mixtures and a standard four-species mixture used across sites. We hypothesized that:
1) Biomass N content of legume and non-legume species and the composite cover
crop biomass C:N ratio in fall and spring will be predictors of N retention and
N supply services provided by cover crops.
2) Soil attributes and weather variables will be predictors of N retention and N
supply services across locations and years.
3) Cover crop mixtures will reduce the tradeoffs between N retention and N
supply services relative to monocultures.
We further sought to interpret the models and synthesize results from across the
experiments to develop recommendations for managing cover crop mixtures to optimize
N retention and supply services.
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Materials and Methods

Study Sites, Experimental Design, and Crop Management

Farmer participatory experiments were located on three commercial organic farms
in different regions of Pennsylvania (Berks, Lancaster, Montour counties) and a
companion research station experiment was located at the Russell E. Larson Agricultural
Research Center in Centre County, Pennsylvania. Site characteristics are described in
Table 2-1. In the experiments conducted on commercial farms, the farmer-collaborators
selected two cover crop treatments: (1) a cover crop monoculture representative of the
typical cover crop practice on the farm and, (2) a three-species cover crop mixture
designed to meet management objectives specific to the farm. The third cover crop
treatment used in the experiments on commercial farms was the same across all three
farms: a four-species mixture based on a treatment from the research station experiment.
The research station experiment contained 12 cover crop treatments including no cover
crop, monocultures of 6 different species, and 5 multi-species mixtures. We include a
subset of treatments from the research station experiment in order to expand the inference
space of the current study to a broader range of climates and farm management histories.
We selected four research station treatments that most closely matched the cover crop
treatments used at the commercial farms, including two monocultures, a three-species
mixture and the four-species mixture that was used across all sites. The species used in
each treatment at the four locations are further described below and are summarized in
Table 2-2.
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Cover crop treatments were arranged in a randomized complete block design with
four replications. Experiments were repeated twice in different fields at each on-farm
location with starts in 2012 and 2013. At the research station, start years in 2012 and
2013 represented two entry points in a full-entry crop rotation experimental design that
began in April 2012 using a winter wheat (Triticum aestivum L.)-cover crop-corn (Zea
mays L.) -cover crop-soybean (Glycine max (L.) Merr.) rotation. The research station
experiment began transitioning to organic management in June 2012 while the
commercial farm locations had been in organic management for greater than 10 years
prior to the start of the experiments. Although the crop rotation histories preceding the
cover crop experiments were different across locations and years, cover crop treatments
were planted in August at all sites, with the exception of frost-seeded treatments in
Lancaster County. Corn was planted after termination of the cover crops the following
May. Plot dimensions varied based on the size of the production field used in each
location and year, with a minimum plot dimension of 7 x 20 m and a maximum of 21 x
120 m.
At the Berks County location, the farmer selected cereal rye (Secale cereale L.) as
the cover crop monoculture (Ry) and designed a three-species mixture (CC+FR+Ry) of
crimson clover (Trifolium incarnatum L. ‘Dixie’), forage radish (Raphanus sativus L.
var. longipinnatus), and cereal rye. The four-species mixture (AWP+Ca+RC+Ry) used
at each location included Austrian winter pea (Pisum sativum L. ssp. sativum var.
arvense), winter canola (Brassica napus L. ‘Wichita’), red clover (Trifolium pretense L.
‘Medium’), and cereal rye. The cereal rye variety used in the Ry and CC+FR+Ry
treatments at Berks County was a landrace variety propagated by the farmer cooperator
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while the cereal rye variety used in AWP+Ca+RC+Ry was the named variety Aroostook.
Cover crop treatments at Berks County were seeded with a grain drill into tilled soil
following a 5-yr-old alfalfa (Medicago sativa L.) hay crop in 2012 and following a winter
wheat crop in 2013. Cereal rye seed was metered from the large seed box of the grain
drill into 2 cm deep furrows. Seed for all other species was mixed in the appropriate
proportions for each treatment, metered from the small seed box of the grain drill, and
dribbled onto the soil surface through drop tubes. After drilling the seeds, a cultipacker
was used to shallowly incorporate the surface applied seed and firm the seedbed of all
treatments. At Berks County, the farmer cooperator harvested the aboveground biomass
of all cover crop treatments in mid-May of each year for livestock forage. Thus, the only
biomass that was returned to the soil after cover crop termination was the root system and
approximately 5 cm of aboveground stubble.
At the Montour County location, the farmer selected red clover as the cover crop
monoculture (RC) and designed a three species mixture (AWP+CC+Tr) of Austrian
winter pea, crimson clover, and triticale (x Triticosecale Wittmack). Cover crop
treatments at Montour County were seeded with a grain drill into tilled soil following a
winter barley (Hordeum vulgare L.) crop in both years. Seed for the AWP+CC+Tr and
AWP+Ca+RC+Ry treatments were mixed in the appropriate proportions and metered
from the large seedbox of the grain drill into 2 cm deep furrows. The RC monoculture
was metered from the small seed box of the grain drill and dribbled onto the soil surface
through drop tubes. A cultipacker hitched in tandem with the grain drill was used to
shallowly incorporate the surface applied RC seed and firm the seedbed of all treatments.
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At the Lancaster County location, the farmer selected red clover as the cover crop
monoculture (RC(FS)) and a three species mixture (LC+RC+SC(FS)) of ladino white
clover (Trifolium repens L. ‘Ladino’), red clover (‘Freedom’), and yellow sweet clover
(Melilotus officinalis (L.) Pall.). The RC(FS) and LC+RC+SC(FS) treatments were frostseeded into an established spelt (Triticum spelta L.) crop in February of each cover crop
planting year using a broadcast seed spreader. After spelt harvest in July 2012, the
farmer-cooperator judged establishment of LC+RC+SC(FS) as unacceptable due to low
plant density and poor soil coverage, so plots of the three-species mixture were tilled and
the treatment was re-seeded in August 2012 using a seeder to dribble seeds on the soil
surface. Henceforth, we refer to the re-seeded instance of the three-species mixture as
LC+RC+SC. Both RC(FS) and LC+RC+SC(FS) were successfully frost-seeded in 2013.
In successful frost-seeding instances, the soil was not tilled until termination of the cover
crop the following spring. To suppress weeds in the frost-seeded cover crops, plant
biomass was mowed twice each fall using a rotary mower set to a 30 cm cutting height.
The AWP+Ca+RC+Ry treatment was seeded with a grain drill into tilled soil in August
of each year following harvest of the preceding spelt crop. Seed for the four-species
mixture was mixed in the appropriate proportions and metered from the large seedbox of
the grain drill into 2 cm deep furrows.
At the Centre County research station experiment, we selected four treatments
that were similar to the on-farm treatments, including monocultures of red clover (RC)
and cereal rye (Ry), a three-species mixture of Austrian winter pea, red clover, and cereal
rye (AWP+RC+Ry), and the previously described four-species mixture used across all
locations (AWP+Ca+RC+Ry). All cover crop treatments at Centre County were seeded
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with a grain drill to a depth of 2 cm into tilled soil in August of each year, following the
harvest of spring barley in 2012 and winter wheat in 2013.
Cover crops were terminated in May 2013 and May 2014 using a chisel plow in
Berks County and a moldboard plow in Montour, Lancaster, and Centre counties.
Following termination of the cover crop treatments, corn was planted across the
experimental units at populations ranging from 69,000 to 79,000 plants ha-1 depending on
the site. In subplots within each cover crop plot, supplemental N fertilizer was applied to
the corn to measure the yield response to external N inputs (Table 2-3). In Berks and
Montour Counties, a commercially-available bagged organic N fertilizer (Green-up and
Sidedress Fertilizer, McGeary Organics, Lancaster, Pennsylvania) was applied to 4 m x
10 m subplots shortly after corn emergence at a rate of 1.5 Mg ha-1 (dry weight),
providing 120 kg N ha-1 plant available N. In Lancaster County, spent mushroom
substrate was applied to 10 m x 60 m subplots at a rate of 24.6 Mg ha-1 (fresh weight),
providing 60 kg N ha-1 plant-available N in the 2013 corn year and 40 kg N ha-1 plantavailable N in the 2014 corn year. In Centre County, bedded pack dairy manure was
applied at a rate of 44.8 Mg ha-1 (fresh weight) and incorporated the same or following
day, providing 85 kg N ha-1 plant-available N in the 2013 corn year and 146 kg N ha-1
plant-available N in the 2014 corn year. In the on-farm experiments, supplemental N
subplots were randomly applied in a split-plot design, whereas subplots in the research
station experiment were applied in a strip-plot design. Weed management in the corn
crop was conducted using standard tillage practices for organic crop management in
Pennsylvania, including flex-tine weeders or rotary hoes for blind cultivation and S-tine
or C-shank cultivators for between-row cultivation. Corn was cultivated between 3 and 5
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times prior to canopy closure depending on weather conditions and management
constraints that varied across sites and year.

Field Sampling and Laboratory Analyses

Cover crop aboveground biomass N content (kg N ha-1) and C:N ratio were
measured in the fall and spring of each year. In the fall, biomass was sampled in
November, prior to the winter-killing of frost-sensitive species and the fall senescence of
winter-hardy species. In the spring, biomass was sampled in late-April to mid-May, just
prior to cover crop termination. Aboveground biomass was clipped from two 0.5 x 0.5 m
quadrats randomly placed within each plot at the on-farm experiments and three 0.5 x 0.5
m quadrats at the research station experiment. Biomass was separated by cover crop
species, including a category for weeds. Biomass from all sites was dried in a forced
draft oven at 65 °C for a minimum of 2 wks before recording dry weights. In preparation
for C and N analysis, dried biomass was ground to <1 mm fineness using a Cyclone
Sample Mill (Udy Corporation, Fort Collins, Colorado) and further pulverized by ballmilling for 10 min (8000D Mixer/Mill, Spex Sample Prep, Metuchen, New Jersey) in a
polystyrene sample vial with a methacrylate grinding ball. The C and N concentration of
cover crop biomass was measured by dry combustion elemental analysis (EA 1110, CE
Instruments, Milan, Italy). When the aboveground biomass of a cover crop or weed
species in any plot was less than 50 kg ha-1, the sample was not measured for C and N
concentration, nor was it included in the calculation of total aboveground biomass N.
Biomass C and N contents were calculated at the species level by multiplying biomass
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quantity by its C and N concentration. The C and N concentration of weed biomass at the
research station experiment was not measured by plot, rather average values of 38% C
and 1.9% N derived from a composite sampling of weed biomass across the site and
across seasons and years was used to calculate the C and N content from plot level weed
biomass measurements. The composite cover crop biomass C:N ratios in fall and spring
were determined by dividing the summed C content of all species (including weeds) by
the summed N content of all species.
Potential NO3- leaching was measured using anion exchange resin bags buried at a
depth of 30 cm during the cover crop growth window using the procedure described by
Finney et al. (2016). Three square resin bags measuring 13 x 13 cm were buried in each
cover crop plot at the time of cover crop planting and were removed in the spring just
prior to cover crop termination. After retrieving the resin bags in the spring, the bags
were air-dried and NO3- was extracted in 500 mL of 3 M KCl for one hour with periodic
gentle shaking. The extract was filtered through Whatman #42 filter paper and NO3concentrations were measured colorimetrically on a microplate spectrophotometer
(Multiskan EX, Thermo Scientific, Waltham, MA) using the Griess reaction with
vanadium(III) as a reducing agent (Doane and Horwáth, 2003). If needed, resin extracts
were diluted 20:1 with distilled water to obtain NO3- concentrations within the analytical
range of the method. Based on the absolute quantity of NO3- extracted from each resin
bag and the areal footprint, a potential NO3- leaching measurement in units of kg N ha-1
was calculated for each cover crop plot. This is an upper bound of N leaching, as roots
that subsequently grow below 30 cm may capture some of the NO3- that leached below
the 30-cm boundary.
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Corn grain yields were measured in Berks and Montour counties by handharvesting ears from 7 m of row in 2013 and 14 m of row in 2014 in each subplot. The
harvested ears were weighed in the field, and subsamples of 6 ears from each split-plot
were brought to the lab to determine moisture content and shell-out percentages. In
Lancaster County, a 6-row combine was used to harvest 40 m of plot length in the center
6 rows of each subplot. The grain harvested from each subplot was dumped into a bin
and the weight measured on four wheel-weighing pad scales. A subsample of grain from
each subplot was brought to the lab to measure moisture concentration. All grain yields
were adjusted to 15.5% moisture concentration. In Centre County, corn silage yields
were measured in each subplot by harvesting 10.6 m of row length and recording the
fresh weight. A representative subsample of at least 10 corn stalks were then
mechanically chopped in the field and a 1 L subsample of chopped material was brought
to the lab to determine the moisture concentration. Silage yields were adjusted to 65%
moisture concentration.
To compare N supply from cover crops across sites with different corn yield
potentials, we calculated a relative yield index as a ratio of the unfertilized yield from
each subplot to the mean yield of the highest yielding fertilized treatment in a given siteyear, adjusted for block effects. In the dataset for Centre County, which is derived from
the research station experiment, the highest yielding fertilized treatment was the Austrian
winter pea monoculture, a treatment for which we do not report results in this paper.
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Modelling Potential NO3- Leaching and Relative Corn Yield

Functional and seasonal characteristics of cover crop biomass were summarized
into several variables that were used to model the effects of cover crop mixtures on
potential NO3- leaching and relative corn yield. The cover crop biomass N content for a
plot was separated into quantities of N contained in legume and non-legume species at
the fall and spring sampling dates as well as the sum of fall and spring sampling dates to
create the variables fall legume N, spring legume N, total legume N, fall non-legume N,
spring non-legume N, and total non-legume N. Cover crop biomass C:N ratios at the
whole plot level were calculated in fall and spring by dividing the summed C content of
all species in a plot by their summed N content to create the variables fall biomass C:N
and spring biomass C:N. The biomass N content of winterkilling cover crop species at
the fall sampling date was used to create the fall winterkilled N variable. Species that
contributed to the fall winterkilled N variable were forage radish in Berks county and
Austrian winter pea in instances where it did not survive the winter, which occurred in
Lancaster and Montour counties in both study years and in Centre County in the 2013
study year.
Environmental variables used to model potential NO3- leaching and relative corn
yield within and across study sites included growing degree days (GDD), precipitation,
soil inorganic N concentration, soil C concentration, and soil texture. Growing degree
days and precipitation were calculated using daily data from the closest weather station to
each site, accessed through the Global Historical Climatology Network database
(National Oceanic and Atmospheric Administration, Department of Commerce, United
States of America, weather stations USC00364976, USC00366238, USC00363632,
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USC00368449). Growing degrees for each day were calculated as the average of the
minimum and maximum temperatures above a base temperature of 0 °C. For each site
year, a variable for fall GDD was calculated as the sum of daily GDD from the date of
cover crop planting to 31 December and a variable for spring GDD was calculated as the
sum of daily GDD from 1 January to the date of the spring cover crop sampling and resin
bag removal. Total GDD, or the sum of fall and spring GDD, was also used as a
predictor in the modelling. Values for cumulative fall precipitation, spring precipitation,
and total precipitation were calculated from daily precipitation data using the same date
ranges as the GDD calculations.
Soil NO3- concentrations were measured in August on the date of cover crop
planting, in the fall (November) and spring (April/May) at the same time as cover crop
biomass sampling, and in June when the corn was approximately 30 cm in height. A
composite sample of between 6 and 8 soil cores was collected in each plot from 0 cm to
20 cm depth using a 1.8 cm diameter push probe at each sampling date, with the
exception of the August sampling date, when samples were composited by block at Berks
and Montour counties since cover crop treatments had not been established yet. In June,
soil samples were collected from the unfertilized corn subplots. A 10 g subsample of
field moist soil was extracted in 100 mL of 2 M KCl within 30 mins of sampling at the
on-farm farm sites and within 3 hrs of sampling at the research station. Fresh soil
samples were refrigerated prior to extraction to minimize ammonification and
nitrification. Soil extracts were filtered through Whatman #1 filter paper and analyzed
for NO3- concentrations using the same colorimetric method as for the resin bag extracts
described above. Ammonium (NH4+) concentration was also measured in the soil extract
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from the August sampling date, using a method based on the Berthelot reaction (Sims et
al., 1995). Soil NO3- and NH4+ concentrations (mg N kg-1 soil) were calculated on a dry
mass basis, adjusting for rock fragments >2 mm in the extract and the gravimetric water
content of the field moist soil, which was measured on a separate subsample.
Soil C and N concentrations were measured in each plot using the soil samples
collected for the June NO3- measurements described above. A subsample of soil from
this collection date was dried in a forced draft oven at 50 °C for a minimum of 72 hrs and
then sieved <2 mm to remove coarse fragments. Soil aggregates were further pulverized
by ball-milling for 5 min (8000D Mixer/Mill, Spex Sample Prep, Metuchen, New Jersey)
in a polystyrene sample vial with a methacrylate grinding ball. Soil C and N
concentration was measured by dry combustion elemental analysis (EA 1110, CE
Instruments, Milan, Italy).
Soil texture as the concentration of sand (2 mm – 0.05 mm), silt (0.05mm – 0.002
mm) and clay (<0.002 mm) particle sizes was measured at each experimental field on soil
samples collected on the August soil sampling described above, composited by block.
Texture was measured by the Penn State Agricultural Analytical Services Lab using the
hydrometer method (Gee and Bauder, 1986). The average concentration of sand, silt, and
clay particle sizes over the four blocks of each experimental field were used as predictor
variables in the modelling.
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Statistical Analyses

We used random forest modelling (Breiman, 2001) to identify the functional and
seasonal cover crop biomass characteristics and the environmental variables that were
important predictors of potential NO3- leaching and relative corn yield. Random forest
modelling is a machine learning method that creates an ensemble of classification and
regression trees to classify observations based on a response variable and set of predictor
variables. Each tree in the ensemble is built using a random subsample of the predictor
variables as potential nodes (Strobl et al., 2009). After each tree is built, a prediction for
out-of-bag observations can be made, and the mean out-of-bag prediction across all trees
becomes the prediction of the random forest for an observation. In this manner, accuracy
of the random forest can be assessed through standard metrics, such as the coefficient of
determination (r2) and root mean-square error (RMSE). In addition to model accuracy,
the relative importance of each predictor variable can be assessed. After a tree is built
and predictions for out-of-bag observations are made, the values within each predictor
variable are permutated to destroy any underlying relationship between that predictor and
the response variable. Using the permutated data for a predictor variable, a new
prediction for each out-of-bag observation is made using the tree. The reduction in
model accuracy due to permutation of data within a variable is used to calculate the
importance score for that variable (Strobl et al., 2009), with larger reductions in the
prediction accuracy causing greater variable importance scores.
We built random forest models using the R statistical software (R Development
Core Team, 2013) using the “party” package (Strobl et al., 2007). Predictor variables
included in the random forest models, as described in the previous section, were fall
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legume biomass N, spring legume biomass N, total legume biomass N, fall non-legume
biomass N, spring non-legume biomass N, total non-legume biomass N, fall biomass
C:N, spring biomass C:N, fall winterkilled biomass N, August soil mineral N
(NH4++NO3-), November soil NO3-, April/May soil NO3-, June soil NO3-, soil C
concentration, soil N concentration, soil C:N, fall GDD, spring GDD, total GDD, fall
precipitation, spring precipitation, total precipitation, sand concentration, silt
concentration, and clay concentration. Most variables were included in random forest
models for both potential NO3- leaching and relative corn yield, with the exception of
June soil NO3-, which was only included in the relative corn yield model since this
measurement was taken after resin bags had been removed, and fall winterkilled N,
which was only included in the potential NO3- leaching model since this functional
category of cover crop biomass was separated in the dataset based on our expectation of
its relevance to NO3- leaching. Random forest models were based on 10,000 trees and
the stability of variable importance scores confirmed by constructing forests using ten
different random seeds. The RMSE and r2 of each tree were determined in the R “caret”
package (Kuhn, 2013).
Random forest models are useful to distill important predictor variables from
complex datasets and as black box models for prediction. Outputs of random forest
models can facilitate and speed up the application of other modeling methods that
provide a quantitative interpretation of the relationship between predictor and response
variables. Understanding the quantitative relationships between cover crop biomass
characteristics, environmental variables, and N retention and N supply services could
help inform cover crop mixture management guidelines to optimize these services.
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Using the variable importance scores from the random forest models as a guide
for variable selection, we created multiple linear regression models to predict potential
NO3- leaching and relative corn yield. Our goal was to develop models that were
theoretically plausible and parsimonious, that included variables which could be easily
measured by farmers and agronomists, and that could be interpreted to inform adaptive
management of cover crop mixtures based on site specific environmental conditions. For
the regression model of relative corn yield, we selected five theoretically relevant
variables with the highest variable importance scores in the random forest model and
tested first-degree and second-degree effects for each predictor. All possible
combinations of effects were tested by the selection routine of the Reg procedure in SAS
9.3 (SAS Institute, Cary, NC), and the model with the lowest Akaike’s information
criterion (AIC) statistic was selected as the best fitting model. In the regression model
for relative corn yield, data from Berks county were omitted because cover crop biomass
was harvested for forage at this site so the measured characteristics of aboveground
biomass did not reflect what was actually incorporated back into the soil.
For the regression model to predict potential NO3- leaching, a visual assessment
of the important predictor variables revealed that it would be necessary to test a linear or
quadratic model with plateau, which is not possible with the Reg procedure in SAS that
was used for the relative yield model. Therefore, we developed regression models for
potential NO3- leaching using the Nlmixed procedure in SAS 9.3, which offers more
flexibility in model specification, but less automation of the model selection process. We
built the model by adding one predictor variable at a time, starting with the variable with
the highest importance score from the random forest model and adding variables in
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decreasing order of importance scores. Each time a variable was added, first-degree and
second-degree effects were tested alone and in combination. Linear-plus-plateau and
quadratic-plus-plateau model forms were also evaluated for the non-legume biomass N
variables, based on a priori visual inspection of those data, which suggested the
relationship contained plateau points. When the addition of a new variable decreased the
AIC statistic, the variable was retained in the model. If the addition of a new variable
caused the p-value of any other variable in the model to increase above 0.50, then the
variable with p>0.50 was removed from the model.
To compare the performance of different cover crop treatments within sites,
biomass C:N ratio in fall and spring, total (fall+spring) non-legume cover crop biomass N
content, corn yields, and potential NO3- leaching were analyzed by site with ANOVA
using the Mixed procedure in SAS 9.3. Blocks and start years were treated as random
effects in the model. In the ANOVA for cover crop biomass C:N ratio, fall and spring
sampling dates were treated as a split-plot in time and the factorial effects of cover crop
treatment by sampling date were included in the ANOVA. The ANOVA for corn yields
treated the two N addition levels as split-plots in the on-farm experiments and strip-plots
in the research station experiment. To meet the assumption for homogenous variances,
cover crop biomass N content was natural log transformed and potential NO3- leaching
was square root transformed prior to analysis. The significance level for ANOVA F-tests
was set at α=0.05. When significant treatment effects were detected by the ANOVA,
mean separation was conducted based on Fisher’s LSD with α=0.01 for the Fisher’s LSD
to better protect against Type I errors.
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Results and Discussion

N Supply as Measured by Relative Corn Yield

In the random forest model for relative yield (r2=0.61 and RMSE=0.13), fall
cover crop biomass C:N ratio had the highest variable importance score, followed by
spring biomass C:N ratio and soil C concentration (Figure 2-1). Based on the variable
importance scores from the random forest models, we included the variables fall biomass
C:N, spring biomass C:N, soil C and N concentrations, and August soil mineral N in the
multiple linear regression model building. The best fitting model (Table 2-4), as
identified by the lowest AIC statistic, retained a second-degree effect of fall biomass
C:N, and first-degree effects of spring biomass C:N and soil C concentration (r2=0.53 and
RMSE=0.13). Relative corn yield decreased as fall and spring cover crop biomass C:N
ratios increased and relative corn yield increased as soil C concentration increased
(Figure A-1).
These results are consistent with the findings of another study, where the
composite cover crop biomass C:N ratio calculated from summed measurements of fall
and spring biomass C and N contents was negatively related to inorganic N supply and
crop yields following cover crop termination (Finney et al., 2016). A large body of work
that has contributed to the development of N mineralization theories suggests that the
C:N ratio of decomposing residues is an important control on the quantity of N
mineralized from the residues (Vigil and Kissel, 1991; Manzoni and Porporato, 2009;
White et al., 2014). Here we illustrate that for cover crop mixtures, the biomass C:N ratio
composited for all species the mixture is related to the N supply to subsequent crops, with
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distinct relationships between relative corn yield and either fall or spring biomass C:N
ratio.
The regression model for relative corn yield also indicates that soil C
concentration is a predictor of N supply. Several studies have shown that total soil C and
N pools are correlated with N mineralization in lab incubations (Schomberg et al., 2009;
McDonald and Watson, 2014). Important to the adaptive management of cover crop
mixtures to site specific environmental conditions, the regression model suggests a
greater soil C concentration can offset the negative effects of an increasing cover crop
biomass C:N ratio on N supply.
Evaluating the performance of the cover crop treatments tested across the sites
can provide insights into designing and managing cover crop mixtures to achieve a high
N supply potential. Here we evaluate corn yields grown with and without supplemental
N fertilizer after each cover crop treatment (Figure 2-2). Cover crop mixtures for which
the subsequent unfertilized corn yield was equal to the treatment with the highest yielding
fertilized corn included CC+FR+Ry at Berks county, LC+RC+SC(FS) and LC+RC+SC
at Lancaster county, AWP+CC+Tr at Montour county, and AWP+RC+Ry and
AWP+Ca+RC+Ry at Centre county. These cover crop treatments maintained either fall
or spring biomass C:N ratios that were equal to a comparison legume monoculture or
lower than a comparison grass monoculture (Figure 2-3).
Factors that contributed to a low biomass C:N ratio in these mixtures included
biomass production by legume components of the mixtures, especially Austrian winter
pea in the fall, and lower C:N ratios of the non-legume component of mixtures relative to
the C:N ratio of grass monocultures (Figure A-2). The latter factor was driven by species
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selection, as canola and triticale biomass tended to have a lower spring C:N ratio than
cereal rye, and because cereal rye in mixtures tended to have a lower spring C:N ratio
than cereal rye in monocultures. The lower spring C:N ratio of cereal rye in mixtures
may have been the result of less intra-specific competition for N due to reduced seeding
rates of the cereal rye in mixtures, or less likely due to N supply to rye from legume
companions in the mixture.
While mixtures had spring biomass C:N ratios that were always lower than grass
monocultures, the spring biomass C:N ratio of mixtures was never as low as legume
monocultures with the exception of LC+RC+SC(FS), which was a mixture of three
legume species (Figure 2-3). This occurred because non-legume species had greater
biomass C:N ratios than legume species, so any inclusion of non-legume biomass in a
mixture would mathematically increase the composite biomass C:N ratio. Furthermore,
mixtures tended to be dominated by non-legume biomass in the spring, despite relatively
high seeding rates of the legume components (Figure A-2). Our results are consistent
with other studies that show that brassicas and cereal rye outcompete legumes in cover
crop mixtures (Creamer et al., 1997; Wortman et al., 2012) with clovers being less
competitive than vining legumes such as hairy vetch (Vicia villosa Roth) or Austrian
winter pea (Ranells and Wagger, 1997b; Finney et al., 2016). To minimize the negative
effect of non-legumes on the N supply service, cover crop mixtures should be managed to
favor legume biomass which can contribute to a lower biomass C:N ratio.
Nitrogen supply by some of the legume monocultures and legume mixtures were
also negatively affected by the growth of non-legume weeds. Red clover monocultures at
both Montour and Berks county had significant weed growth in the fall (Figure A-2), the
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biomass of which contributed to raising the fall C:N ratio of the total plant biomass above
13, which the regression model suggests is a threshold where increasing the fall C:N ratio
results in a penalty to relative corn yield. The LC+RC+SC treatment at Lancaster county,
which was a mixture containing only legumes and which was seeded in August, rather
than frost-seeded in February like the other legume treatments at Lancaster county, also
suffered from a weed invasion. In this instance, the spring C:N ratio increased above that
of the frost-seeded legume treatments, where weed growth was effectively excluded by
rapid cover crop canopy closure and mowing in the fall.
We did not include relative corn yield data from Berks county in the random
forest or regression models because aboveground cover crop biomass was harvested for
forage in the spring at that site, so our sampling of the aboveground biomass in spring
was not representative of the cover crop residues that were actually returned to the soil
following forage harvest. Although only root systems and a small quantity of
aboveground stubble from the cover crops was incorporated into the soil, the cover crop
treatments still affected N supply to the subsequent corn crop. In the CC+FR+Ry
treatment, N supplied by cover crops and soil organic matter was sufficient to maximize
corn yields without supplemental N fertilizer, whereas corn yields were responsive to N
fertilizer additions in the other treatments at this site (Figure 2-2). Furthermore, the
unfertilized corn following CC+FR+Ry yielded more than the unfertilized corn following
cereal rye. The increased N supply following CC+FR+Ry may have been due to a lower
root biomass C:N ratio in that treatment compared to cereal rye due to the inclusion of
crimson clover in the mixture (Table A-1). Harvesting cover crops for forage is a
practice that can improve the farm-level economic outcome of cover cropping (Gabriel et
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al., 2013), and our results demonstrate that the composition of cover crop mixtures can
affect N supply even when the biomass is harvested for forage. Future studies are
therefore warranted to better understand the factors affecting N supply following cover
crop monocultures and mixtures harvested for forage.

N retention as Measured by Potential NO3- Leaching

In the random forest model for potential NO3- leaching (r2=0.74 and RMSE=20),
spring legume biomass N content and total legume biomass N content had the two
greatest variable importance scores, followed by spring biomass C:N ratio and total nonlegume biomass N (Figure 2-1). A regression model was built from the random forest
model results by adding one variable at a time to the regression model in order of the
variable importance scores. When each new variable was added to the regression model,
it was retained if its inclusion decreased the AIC statistic from the previous step. When
the addition of a new variable caused the p-value of any other variable in the model to
increase above 0.50, then the variable with p>0.50 was removed from the model. The
final regression model resulting from this selection process retained effects of total (sum
of fall and spring) non-legume biomass N content, spring biomass C:N ratio, spring
precipitation, spring GDD, November soil NO3- concentration, and fall winterkilled
biomass N content (Table 2-5, r2=0.78 and RMSE=17).
In the regression model, potential NO3- leaching decreased with increasing total
non-legume biomass N content up to a plateau point of 51 kg N ha-1, above which the
effect of non-legume biomass N content did not change. Potential NO3- leaching also
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decreased with an increasing spring biomass C:N ratio and increased with increasing
spring precipitation, spring GDD, November soil NO3- concentration and fall winterkilled biomass N content. Although spring and total legume biomass N content were the
variables with the highest importance scores in the random forest model, they were not
retained by the regression model. This may be because the legume and non-legume
biomass N contents were negatively correlated (r<-0.60) due to the structure of the
dataset. While the spring legume biomass N variable was retained in the initial steps of
the regression model selection process, it was removed after the p-value increased above
0.50 when spring GDD was added to the model. Spring legume biomass N may have
been confounded with spring GDD in the dataset because Lancaster County, which had
consistently high spring GDDs (Table 2-1) also had a high frequency of treatments with
high legume biomass N content (Figure A-2).
The regression model suggests that every kg N ha-1 accounted for in non-legume
aboveground biomass reduced potential NO3- leaching by a similar amount (0.91 kg N ha1

± 0.25) up to a threshold non-legume biomass N value of 51 kg N ha-1. It is important to

recognize that the structure of the dataset influences the interpretation of this result.
Because the dataset did not include a no cover crop control, the effect of increasing nonlegume biomass N content should be viewed as the effect relative to a pure legume All
treatments containing intentionally seeded non-legume cover crop species in mixture or
monoculture had non-legume biomass N content greater than 51 kg N ha-1 (Figure A-3),
meaning that the non-legume presence in these treatments was sufficient to minimize
potential NO3- leaching. The reduction in potential NO3- leaching caused by non-legume
biomass N content up to the threshold value of 51 kg N ha-1 therefore represents the
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contribution of non-legume weeds growing in legume monocultures and mixtures. The
role of weeds in reducing potential NO3- leaching was particularly strong in the
LC+RC+SC treatment at Lancaster county, where leaching was reduced to levels that
were as low as the AWP+Ca+RC+Ry treatment (Figure 2-4). Significant research has
demonstrated the ability of grass and brassica cover crops to effectively reduce NO3leaching relative to legume cover crops or fallow conditions (Tonitto et al., 2006; Dean
and Weil, 2009), and that the reduction in leaching may be proportional to the quantity of
N scavenged by the non-legume cover crop (Kaspar et al., 2012). The plateau point that
occurred at 51 kg N ha-1 does not mean that it is only necessary to achieve 51 kg N ha-1 of
non-legume biomass N scavenging to achieve the maximum reduction in NO3- leaching,
rather it suggests that below this threshold there was an insufficient presence of nonlegumes to absorb the quantity of soil NO3- that was potentially available for leaching at a
site.
While the total non-legume biomass N content was one of the strongest effects of
cover crop mixture composition on the magnitude of potential NO3- leaching, other
characteristics of cover crop biomass that could be fine-tuned through management
practices affected potential NO3- leaching also. One such effect was that an increasing
spring C:N ratio of the cover crop biomass decreased potential NO3- leaching. This effect
could be interpreted in multiple ways. It could mean that non-legume species which tend
to have a higher C:N ratio, such as cereal rye, are more effective at reducing NO3leaching than species with a lower C:N ratio, such as triticale and canola. Alternatively,
allowing non-legume cover crops to grow to a more mature state, which results in higher
C:N ratios, could improve NO3- scavenging. Finally, soils with higher residual NO3-
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levels, and thus higher potential NO3- leaching, might support a higher N concentration in
non-legume biomass (and thus a lower C:N ratio). Further research is necessary to
understand the exact cause of the relationship between spring biomass C:N ratio and
potential NO3- leaching, and until the mechanisms are understood more conclusively,
using spring biomass C:N ratio as a metric to inform management of cover crops to
reduce NO3- leaching should be approached with caution.
The last cover crop effect that was retained in the regression model for potential
NO3- leaching was the fall biomass N content of winterkilled cover crop species. The
winterkilled species, which included forage radish in Berks county, and instances of
Austrian winter pea that winterkilled in Lancaster, Montour and Centre counties,
contributed proportionally to the potential NO3- leaching measurements at a rate of 0.12
kg NO3--N kg-1 cover crop biomass N. Dean and Weil (2009) found that winterkilled
forage radish cover crops decompose quickly in the early spring, mineralizing N which
may be prone to subsequent spring leaching losses. Nitrogen mineralization from
decomposing winterkilled residues, and thus the contribution to potential NO3- leaching
may be affected by the residue C:N ratio, since that affects the quantity of N mineralized.
For instance, Finney et al. (2016) found that potential NO3- leaching was greater with a
forage radish cover crop than with an oats cover crop, despite similar fall biomass N
uptake by both species. In that study, radish had a lower C:N ratio than oats, suggesting
that more N would be mineralized from the decomposing forage radish with a potentially
greater contribution to spring leaching losses. Forage radish and Austrian winter pea in
the study here had fall biomass C:N ratios of approximately 16 and 11, respectively,
which are in the range that would be expected to mineralize N upon decomposition.
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There were several environmental variables that were also retained in the final
regression model. Potential NO3- leaching increased with spring GDD, spring
precipitation, and November soil NO3- concentration. Warmer temperatures could have
caused greater levels of N mineralization, leading to greater NO3- leaching. Greater
precipitation also could have increased water percolation through the soil profile,
increasing potential NO3- leaching. Soil NO3- concentration in November represents
NO3- that was not scavenged by cover crops during the fall and which could potentially
leach during the winter while cover crops are dormant.
Reviewing the cover crop treatment effects on potential NO3- leaching provides
an illustration of how cover crop biomass composition translates into potential NO3leaching across a wide range of cover crop mixtures. Cover crop mixtures that resulted in
lower potential NO3- leaching than comparison legume monocultures included
LC+RC+SC at Lancaster County, AWP+RC+Ry at Centre county, and the
AWP+Ca+RC+Ry at Lancaster, Montour, and Centre county (Figure 2-4). The
regression model suggests that this result is largely driven by the total non-legume
biomass N content (sum of fall and spring non-legume biomass N content) achieved in
these mixtures. There were some mixtures that achieved high non-legume biomass N
content, but reductions in potential NO3- leaching may have been compromised by
winterkilled components of the mixture. At Berks county, CC+FR+Ry resulted in
slightly greater potential NO3- leaching relative to the cereal rye monoculture, which the
regression model suggests is attributable to the winterkilled forage radish component of
the mixture. At Montour county, potential NO3- leaching in the AWP+CC+Tr treatment
was intermediate between the red clover monoculture and AWP+Ca+RC+Ry, which may
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be a result of the winterkilled Austrian winter pea’s large fall biomass N content in the
AWP+CC+Tr treatment.

Managing cover crop mixtures to optimize N retention and N supply services

The models that predict relative corn yield and potential NO3- leaching across the
cover crop treatments and sites used in this study indicate that there are inherent tradeoffs
between the provisioning of N retention and N supply services with cover crop mixtures.
Increasing the total non-legume biomass N content through the inclusion of non-legume
species in a mixture was the most important cover crop management factor that increased
N retention. However, this presents a direct tradeoff with N supply, because adding nonlegumes to a mixture will increase the cover crop biomass C:N ratio.
Maintaining high legume biomass production in mixtures along with a sufficient
non-legume presence to scavenge N could be one way to minimize the tradeoff between
N retention and N supply. High legume biomass production was not achieved in most of
the mixtures tested in this study, especially in spring. In some cases, Austrian winter pea
produced a large quantity of biomass in the fall, which served to reduce the fall biomass
C:N ratio and increase N supply, but when Austrian winter pea winterkilled, its fall
biomass N content contributed to the potential NO3- leaching. One cover crop treatment
that provided both optimal N retention and N supply was LC+RC+SC at Lancaster
county, however the non-legume N uptake achieved by weeds in that treatment was an
accidental result. Nonetheless, the performance of that treatment illustrates that a
moderate amount of non-legume biomass which does not completely suppress legume
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growth in the spring can have optimal results for both N retention and N supply.
Therefore, future research should address cover crop mixture management strategies that
promote the coexistence of legumes and non-legumes in a cover crop stand, particularly
in the spring. One strategy that could be tested is reducing the seeding rates of nonlegume species in mixtures, although it will be important to understand if there is a nonlegume seeding rate threshold where effective N retention services are still maintained.
Another strategy that has successfully alleviated interspecific competition in cover crop
mixtures is separating the more competitive and less competitive mixture components
into separate and alternating drill rows (White and Weil, 2010).
In addition to management strategies that promote the coexistence of legumes and
non-legumes in mixtures, strategies to maintain low C:N ratios of the non-legume
components will help to alleviate tradeoffs between N retention and N supply services.
Species selection could be used to manipulate non-legume C:N ratios, as triticale and
canola maintained lower C:N ratios than cereal rye in our experiments. Others have
suggested the use of brassica cover crops as preferred non-legume species for balancing
N retention and N supply services because of their lower biomass C:N ratios (Weil and
Kremen, 2007; Dean and Weil, 2009). Cover crop termination management can also be
used to control biomass C:N ratios. When cover crop termination is delayed in the
spring, the biomass C:N ratio of cereal grasses tends to increase as plants mature, so
earlier termination could preserve a lower C:N ratio of the grass (Vaughan and Evanylo,
1998; Alonso-Ayuso et al., 2014). Early termination of cover crops to maintain low C:N
ratios in non-legume components of mixtures may present a tradeoff with allowing
legume components additional time to accumulate N content prior to termination,
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however (Clark et al., 2007b; Benincasa et al., 2010). Future research should address
whether grasses that mature more slowly than cereal rye, such as triticale and annual
ryegrass, are more synchronous companions with the slower growing legume
components of cover crop mixtures.
While there appear to be inherent tradeoffs between N retention and N supply
services when using cover crop mixtures, one external factor that may compensate for
these tradeoffs and offer a degree of flexibility in the use of cover crop mixtures is soil C
concentration. The regression model for relative corn yield indicated that N supply from
increased soil C concentration could offset the negative effects of increasing cover crop
biomass C:N ratio. For example, increasing soil C concentration from 1% to 1.5% can
offset an increase in the spring cover crop biomass C:N ratio from 11 (a legume
monoculture) to 20 (a mixture of legumes and non-legumes). Thus increasing soil C
stocks may be a prerequisite to optimize N retention and N supply services with cover
crop mixtures.

Conclusions

Using machine learning and regression models to synthesize the effects of a wide
variety of cover crop monocultures and mixtures on N supply and N retention services
revealed that cover crop biomass characteristics play an important role in the
provisioning of these services. Specifically, N supply increased as either fall or spring
cover biomass C:N ratios decreased, and N retention increased as non-legume biomass N
content increased. Other cover crop biomass characteristics that affected the N retention
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service to a lesser extent were the fall biomass N content of winterkilled species, and the
spring biomass C:N ratio. The results demonstrated that there are inherent tradeoffs
between N supply and N retention services, and only one of the 11 cover crop treatments
tested in this study provided maximum levels of both N retention and N supply services.
Cover crop mixture management strategies which promote the co-existence of legume
and non-legume components of a mixture, in contrast to the dominance of non-legume
species that occurred in this study, could help minimize tradeoffs between N supply and
N retention services. This study also illustrated that increasing the endogenous N supply
through greater soil C stocks could offset potential reductions in N supply services
resulting from the inclusion of non-legume species in a mixture. Therefore, optimizing N
retention and N supply services with cover crop mixtures may be easier to achieve in
soils with moderate to high soil C stocks. These results provide guidance for farmers on
how to use cover crop mixtures in an ecological nutrient management system and also
highlight areas for future research to improve the performance of cover crop mixtures.
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Figure 2-1. Variable importance scores resulting from the random forest models for
relative corn yield (r2=0.61 and RMSE=0.13) and potential NO3- leaching (r2=0.77 and
RMSE=20).
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Figure 2-2. Corn grain or silage yields with (+N) and without (-N) supplemental
fertilizer N applied (see Table 2-3 for fertilizer sources and rates) following each cover
crop treatment. Black circles and error bars are the least squares means and ±1 standard
error interval for either cover crop main effect or simple effect means, depending on the
significance of the effects in the mixed model ANOVA conducted for each location.
Within a location, means with different letters are significantly different (p < 0.01, LSD).
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Figure 2-3. The composite cover crop biomass C:N ratio for each treatment at the fall
(top panel) and spring (bottom panel) sampling dates. Values are least square means
resulting from the ANOVA with treatment and sampling date as fixed effects and block
and year as random effects. Within location and sampling date, means with different
letters are significantly different (p < 0.01, LSD).
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Figure 2-4. Potential NO3- leaching (gray bars) during the cover crop growth window
and total (sum of fall and spring) non-legume biomass N content (brown bars). To
visualize the data, potential NO3- leaching values were reflected across the x-axis to have
negative values. Values are the back-transformed least squares means and ±1 standard
error intervals from mixed model ANOVAs conducted by location. Within a location and
response variable, means with different letters are significantly different (p < 0.01, LSD).
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Table 2-1. Location and environmental characteristics of the experimental sites.

Location/Year

%
Sand

%
Silt

%
Clay

Soil
%C

Soil
%N

August
Mineral
Nb
mg kg-1
21

pH

Soil Taxonomic
Class

Fall
Precip. c

Spring
Precip. c

Fall
GDDd

Spring
GDDd

Geographic
Coordinates

mm
mm
°C d
°C d
Loamy-skeletal,
496
243
1170
376
40°29'50.6"N
mixed, active, mesic
76°03'45.9"W
Typic Dystrudept
Berks 2013
54
26
20
1.5
0.15
14
5.9 Loamy-skeletal,
326
315
1191
375
40°29'57.0"N
mixed, active, mesic
76°03'47.4"W
Typic Dystrudept
Montour 2012
18
61
21
1.3
0.14
6.2
6.7 Fine, illitic, mesic
469
229
1689
434
41°02'56.4"N
Typic Hapludalfs
76°44'40.4"W
Montour 2013
28
44
27
1.4
0.16
27
6.9 Fine-loamy, mixed,
331
266
1167
412
41°03'16.9"N
semiactive, mesic
76°44'38.4"W
Ultic Hapludalfs
Lancaster 2012
29
47
23
1.9
0.18
22
7.0 Fine, mixed,
500
267
1510
451
40°05'11.4"N
semiactive, mesic
76°04'06.7"W
Typic Hapludalf
Lancaster 2013
35
42
23
2.0
0.20
31
7.0 Fine, mixed,
431
503
1312
597
40°05'13.7"N
semiactive, mesic
76°04'08.4"W
Typic Hapludalf
Centre 2012
35
40
25
1.2
0.14
15
6.8 Fine-loamy, mixed,
403
310
1689
607
40°43'17.0"N
semiactive, mesic
77°55'34.9"W
Typic Hapludults
Centre 2013
na a
na
na
na
na
15
na
na
326
263
1167
434
na
a
Not applicable (na). Because start years in Centre County were randomized entry points within a single experimental site, soil characteristics were averaged
across the entry points and are listed under the 2012 start year.
b
mg NO3--N+ NH4+-N kg-1 soil in the 0cm to 20cm depth increment in tilled plots at the time of cover crop planting in August of each year.
c
Precipitation (mm) in either fall (cover crop planting date to December 31) or spring (January 1 to cover crop termination) of each site year.
d
Growing degree days (GDD, °C d, base 0 °C) in either fall (cover crop planting date to December 31) or spring (January 1 to cover crop termination) of each site
year.
Berks 2012

40

39

21

1.8

0.19

6.7
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Table 2-2. Cover crop treatments and planting dates in the on-farm and research station
experiments. Seeding rates (kg ha-1 seed planted) for each species are listed in
parentheses. Species abbreviations are: AWP- Austrian winter pea; Ca- canola; CCcrimson clover; FR- forage radish; LC- ladino white clover; RC- red clover; Ry- cereal
rye; SC- yellow blossom sweet clover; Tr- triticale.

Location
Berks

Planting Dates

Monocultures
Ry(168)

Three-species Mixtures

Four-species Mixture

31 Aug. 2012
CC(19) + FR(3)+Ry(67)
AWP(44) + Ca(7) + RC(7) +
30 Aug. 2013
Ry(28)
Montour
2 Aug. 2012
RC(13)
AWP(44) + CC(19) +
AWP(44) + Ca(7) + RC(7) +
26 Aug. 2013
Tr(47)
Ry(28)
Lancaster
27 Feb. 2012a
RC(15)
LC(4) + RC(5) + SC(6)b
AWP(44) + Ca(7) + RC(7) +
24 Aug. 2012
Ry(28)
22 Feb. 2013a
31 Aug. 2013
Centre
25/6 Aug.
Ry(146) AWP(42) + RC (7) +
AWP(44) + Ca(7) + RC(7) +
2012
RC(13)
Ry(29)
Ry(28)
8 Aug. 2013
a
February planting dates are for frost-seeding RC and LC+RC+SC.
b
In the 2012 start year, frost-seeding of LC+RC+SC was unsuccessful, so the treatment was replanted into
tilled ground at the August planting date.
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Table 2-3. Source, rate, composition, and plant-available N of the supplemental N
fertility applied to corn in the on-farm and research station experiments.

Location/Year

Berks and
Montour, 2013
and 2014

Source

Application
Ratea

Compositionb

Total N

Mg ha-1
1.5

N-P-K
8-1-1

kg N ha-1
120

Fraction
Plant Available Nc
g g-1
1

Total Plant
Available N
kg N ha-1
120

Bagged fertilizer
containing
soybean meal,
blood meal,
compost
Lancaster 2013 Spent mushroom
11.5
2.6-1.9-1.8
300
0.2
60
substrate
Lancaster 2014 Spent mushroom
7.8
2.5-1.6-2.8
199
0.2
40
substrate
Centre 2013
Bedded pack
15.6
1.4-0.47-0.93
212
0.4
85
dairy manure
Centre 2014
Bedded pack
21.7
1.7-0.37-1.4
366
0.4
146
dairy manure
a
Application rates adjusted to a dry matter basis based on compost and manure analyses (Penn State
Agricultural Analytical Services Lab)
b
Composition in total %N, %P2O5, %K2O is based on either the fertilizer label (McGeary Organics, Green-up
and Sidedress Fertilizer) or compost and manure analyses (Penn State Agricultural Analytical Services Lab)
c
Fraction plant-available nitrogen based on Penn State Extension recommendations(Beegle and Stehouwer,
2015)
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Table 2-4. Parameter estimates for the best-fit multiple linear regression model to predict
relative corn yield, formulated as Relative Yield = β0 + β1 (Fall C:N)2 + β2 (Spring C:N)
+ β3 (Soil %C), (r2=0.53 and RMSE=0.13).

Source

β

Intercept, β0
Fall C:N*Fall C:N, β1
Spring C:N, β2
Soil %C, β3

1.03
-0.0011
-0.0055
0.077

Degrees
of
Freedom
1
1
1
1

Model
3
Error
71
a
Type II sum of squares for independent variables.

Sum of
Squaresa

Pr >|t|

1.97
0.45
0.10
0.05

<0.00001
<0.00001
0.02
0.08

1.41
1.25

Pr > F
<0.0001
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Table 2-5. Parameter estimates for the best-fit multiple linear regression model
explaining potential NO3- leaching (r2=0.78 and RMSE=17).

Predictor Variable
Intercept
Total Non-legume Na

Units
-1

kg N ha

Spring C:N
g:g
c
Spring Precipitation
mm
Spring GDDd
°C d (base 0 °C)
-e
November Soil NO3
mg NO3--N kg-1
Fall Winter-killed N1
kg N ha-1
a
Plateau point at 51 kg N ha-1

Pr > |t|f

Parameter
Estimates
0.61
-0.91

0.97
0.0006

-1.4
0.049
0.15
0.90
0.12

<0.0001
0.12
<0.0001
0.0021
0.11
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Chapter 3
A Nitrogen Mineralization Model Predicts the Effects of Cover Crops on
Corn Yields

Abstract

One of the potential benefits of cover crops is that nitrogen (N) mineralization
from decomposing cover crop residues can potentially offset N fertilizer inputs. A
significant challenge towards realizing this potential, however, is that models to credit N
availability from variable cover crop inputs have not yet been developed. We tested the
skill of a simple N mineralization model to predict how cover crop biomass N content (kg
N ha-1) and carbon:nitrogen (C:N) ratio affect the yield response of unfertilized corn (Zea
mays L.) grown after the cover crop. The model was calibrated with a dataset of 308
observations from six site years of cover crop experiments in central Pennsylvania, USA,
encompassing a wide range of cover crop treatments that included monocultures and
mixtures of winterkilled and winterhardy species of grasses, brassicas and legumes, as
well as plots without cover crops. The most parsimonious model explained 61% of the
variation in corn yield response. Parameters representing the proportion of N
immobilized by microbial biomass and the slope of the yield response to potentially
mineralizable cover crop N had different values for winterkilled and winterhardy cover
crop species, most likely due to the longer decomposition period for winterkilled residues
and the greater synchrony between N mineralization and corn N demand for winterhardy
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residues. This created an interaction between cover crop phenology and biomass C:N
ratio, where winterhardy cover crops provided a greater yield benefit per unit of biomass
N content than winterkilled cover crops when the biomass C:N ratio was less than 16
while the opposite held true when the biomass C:N ratio was greater than 16. The yield
benefit declined as cover crop biomass C:N ratio increased, with the corn yield response
becoming negative, presumably due to net N immobilization, when cover crop biomass
C:N ratio increased above 22 for winterhardy cover crops and above 38 for winterkilled
cover crops. The model can be interpreted to guide cover crop selection and management
and has potential uses in adaptive nitrogen management for corn.

64
Introduction

Cover crop residue quantity and quality can strongly affect net nitrogen (N)
mineralization during the growth of subsequent crops, altering the quantity of soil
inorganic N that is available to meet crop demands and potentially impacting crop yields
and fertilizer N requirements. Simple mathematical models have been used to predict N
mineralization from crop residue decomposition (Vigil and Kissel, 1991) and N uptake
by subsequent crops (Thorup-Kristensen, 1994; Benincasa et al., 2010; Tosti et al., 2012).
Models based upon lab incubations or greenhouse studies (Vigil and Kissel, 1991;
Thorup-Kristensen, 1994) have limited utility for predicting yield effects on subsequent
crops grown in the field, however. Existing models that are based upon field studies
were calibrated or validated in Mediterranean climates and did not include any
winterkilled cover crop species (Benincasa et al., 2010; Tosti et al., 2012). An N
mineralization model that predicts the effect of decomposing cover crop residues on the
yield of a subsequent crop and that is calibrated with data from a temperate climate could
be used to inform cover crop management strategies and guide N fertilizer application
rates for farms in the mid-Atlantic region of the USA. In this study we develop such a
model to predict the effect of cover crops on yields of an unfertilized corn (Zea mays L.)
crop. We apply the model to a wide range of cover crop types, including monocultures
and mixtures of winterkilled and winterhardy grass, legume, and brassica species.
The quantity and directionality (positive or negative) of net N mineralization from
cover crop residues depends on the total N content (kg N ha-1) and the carbon to nitrogen
(C:N) ratio of the cover crop biomass (Vigil and Kissel, 1991). Because the N content
and C:N ratio of cover crop residues can vary widely across different cover crop species

65

and mixtures as well as across different environments and management practices (Cherr
et al., 2006; Poffenbarger et al., 2015; Finney et al., 2016), it is difficult to generalize the
N supply potential of cover crops. Instead, using site-specific measurements of cover
crop biomass carbon (C) and N contents to predict the effect of cover crop decomposition
on subsequent crop yield could be used in an adaptive nutrient management framework.
While many studies have attributed N supply differences to the N content and
C:N ratio of the cover crop treatments (Vaughan and Evanylo, 1998; Vaughan et al.,
2000; Cline and Silvernail, 2002; Miguez and Bollero, 2005; Tonitto et al., 2006; Finney
et al., 2016), only a few studies have used these biomass characteristics in empirical
models to predict N supply to a subsequent crop (Vigil and Kissel, 1991; ThorupKristensen, 1994; Benincasa et al., 2010; Tosti et al., 2012). Nitrogen mineralization
theory (Manzoni and Porporato, 2009) suggests a simple model to represent the controls
on net N mineralization, which can be adapted to predict the effects of cover crop residue
decomposition on the yield of a subsequent crop (Eq. 3-1).
Δ𝑌 = 𝛼 𝑁𝑐𝑐 (1 −

ɛ (𝐶:𝑁)𝑐𝑐
(𝐶:𝑁)𝑚

)

Eq. 3-1

This model uses the cover crop biomass N content (Ncc), the C:N ratios of the
cover crop biomass ((C:N)cc) and microbial decomposers ((C:N)m), and the microbial C
assimilation efficiency (ɛ) to predict the effect of N mineralization from decomposing
cover crop residues on the change in yield of a subsequent crop compared to a no cover
crop control (ΔY).
An important assumption of the model is that crop yields are responsive to
changes in N availability regulated by cover crop decomposition. The formula in Eq. 3-1
is mathematically equivalent to models used by others that credit the N content and debit
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the C content of crop residues (Vigil and Kissel, 1991; Thorup-Kristensen, 1994), but has
the advantage of parameters that can be interpreted in relation to biological processes and
cover crop management practices.
Calibrating Eq. 3-1 to predict the yield effect on a subsequent corn crop requires
fitting the empirical parameters ɛ and α. The parameter ɛ in N mineralization models
often represents the proportion of decomposed residue C that is assimilated into microbial
biomass by a single generation of decomposers (Sinsabaugh et al., 2013). However,
microbial biomass is subject to death and decomposition over longer time frames,
causing a portion of the initially assimilated C to be respired by subsequent generations
of microbes. This phenomenon is responsible for the shift from N immobilization to N
mineralization that has been observed during the progress of cover crop decomposition in
some studies (McSwiney et al., 2010; Constantin et al., 2011). An alternative
conceptualization of ɛ that we apply in this model is that of a humification coefficient
(Kemanian et al., 2011; White et al., 2014), or the proportion of decomposed C that
remains stabilized in microbial biomass and microbial byproducts through the period of
corn N uptake. When cover crops have a longer period of time to decompose prior to the
cessation of corn N uptake, such as occurs with winterkilled cover crops, there may be
enough time for a second generation of microbes to decompose material that was
assimilated by the first generation of microbes, leading to a lower value for ɛ.
The value of ɛ has important implications for cover crop management because ɛ
controls the critical C:N ratio threshold at which cover crop biomass causes net N
mineralization versus net N immobilization. This critical C:N ratio can be solved for
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when Eq. 3-1 is set to zero. The solution is represented by Eq. 3-2, where (C:N)*cc and
(C:N)m are the critical C:N ratio and the C:N ratio of microbial biomass, respectively.
(𝐶: 𝑁)∗ 𝑐𝑐 =

(𝐶:𝑁)𝑚
ɛ

Eq. 3-2

When ɛ increases, (C:N)*cc decreases. Cover crop residues with a C:N ratio above this
critical value would immobilize N during the corn growth period, requiring managers to
apply additional fertilizer N to maintain N supply to the crop.
The parameter α is the slope of the yield response to potentially mineralizable
cover crop N, and is a composite function that integrates the fraction of cover crop
residues that decompose within the corn N uptake period and the efficiency with which
the mineralized or immobilized N impacts corn yields. One way to conceptualize this
parameter is the nitrogen use efficiency of cover crop N, although this conceptualization
differs slightly from definitions that have been used by others (Robertson and Vitousek,
2009). The value of α may be affected by the rate and duration of cover crop
decomposition and the synchrony of N mineralization or immobilization with corn N
uptake (Crews and Peoples, 2005). Cover crop management practices that could control
these factors include whether cover crops are winterkilled or winterhardy and whether or
not residues are incorporated into the soil with tillage (Dabney et al., 2010).
Winterkilled cover crops have a longer period of time to decompose than
winterhardy cover crops prior to a subsequent corn crop, although cold temperatures in
winter and early spring would slow initial decomposition rates. Despite the potentially
greater extent of decomposition of winterkilled cover crops, the portion of N mineralized
from winterkilled cover crops during the winter and spring is not in synchrony with corn
N uptake, and may be subject to leaching or denitrification losses (Dean and Weil, 2009).
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It is therefore difficult to predict whether the α for winterkilled cover crops would be
greater or less than that for winterhardy cover crops. The value may also be influenced
by interactions of edaphic and climatic factors, such as soil texture and water percolation
rates and seasonal precipitation and temperature patterns. Few studies have compared the
N supply potential of winterkilled and winterhardy cover crops, but those that have found
that winterkilled cover crops have a lesser impact on N supply than winterhardy cover
crops (Andraski and Bundy, 2005; Constantin et al., 2011).
Incorporation of cover crop residues into the soil with tillage is another
management factor that may affect the value of α in the model. Tillage incorporation of
residues results in faster residue decomposition because of more conducive
environmental conditions for decomposition, including optimal moisture levels, closer
proximity to decomposer organisms, and smaller residue particle sizes (Vaughan and
Evanylo, 1998; Drinkwater et al., 2000). How this would affect the value of α is
uncertain, because faster residue decomposition rates mean that a greater proportion of
cover crop residues might decompose within the corn N uptake period, but N
mineralization occurring earlier in the season is asynchronous with peak N demand by a
corn crop, potentially allowing greater early-season N losses. Studies that have compared
the N supply potential of cover crops under tillage and no-tillage residue management
show mixed results as to whether one residue management practice or the other is better
for cover crop N supply to a subsequent crop (Vaughan and Evanylo, 1998; Vaughan et
al., 2000; Cline and Silvernail, 2002).
The value of α may also depend on whether cover crop residues cause net N
mineralization N or net N immobilization over the duration of corn growth. In our
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model, the threshold between net N mineralization and net N immobilization is calculated
by the critical C:N ratio which results in a positive corn yield response (net N
mineralization) rather than a negative corn yield response (net N immobilization). The
result of net N mineralization is an increase in soil NH4+ and subsequently NO3-, a
chemical form of N that is prone to leaching and denitrification losses before it can be
recovered by a subsequent crop. The result of net N immobilization is a reduction of soil
inorganic N content, an impact to N availability that is highly conserved by microbial
biomass throughout the growth of a subsequent crop. Thus, the value for α may be
higher when cover crop residues cause net N immobilization rather than net N
mineralization. To our knowledge, the yield response to N mineralization versus N
immobilization processes has never been evaluated in a quantitative model such as this.
The goal of this study is to develop an N mineralization model for cover crop
residues based on Eq. 3-1 that can predict the yield response of corn grown after a cover
crop relative to corn grown after no cover crop. We seek to test this model under a wide
range of cover crop management practices, including the use of winterkilled and
winterhardy cover crop species and species mixtures, and tillage and no-tillage cover
crop residue management. We calibrate and test the model using a dataset compiled from
a series of cover crop experiments conducted under edaphic and climate conditions
typical of central Pennsylvania, USA. We hypothesize that 1) the yield response to
potentially mineralizable N (α) will be different for each of the 8 factorial combinations
of winterkilled vs. winterhardy cover crop biomass, tillage vs. no-tillage residue
management, and N mineralizing vs. N immobilizing cover crop biomass, and 2) the
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proportion of cover crop C and N, that remain immobilized in microbial byproducts (ɛ)
will be different for winterkilled and winterhardy components of cover crop biomass.

Methods

Model Specification

To accommodate both winterkilled and winterhardy biomass components of a
cover mixture, Eq. 3-1 can be expanded as follows:
ΔY = 𝛼𝑤𝑘 𝑁𝑤𝑘𝑐𝑐 (1 −

ɛ𝑤𝑘 (𝐶:𝑁)𝑤𝑘𝑐𝑐
(𝐶:𝑁)𝑚

) + 𝛼𝑤ℎ 𝑁𝑤ℎ𝑐𝑐 (1 −

ɛ𝑤ℎ (𝐶:𝑁)𝑤ℎ𝑐𝑐
(𝐶:𝑁)𝑚

)

Eq. 3-3

In Eq. 3-3, Nwkcc and (C:N)wkcc are the N content (kg N ha-1) and C:N ratio of the
winterkilled cover crop biomass components measured in the fall at peak biomass
production prior to winterkilling. Similarly, Nwhcc and (C:N)whcc are the N content and
C:N ratio of the winterhardy cover crop biomass components measured in the spring at
peak biomass production prior to termination. These are available in the calibration
dataset. The value for microbial biomass C:N ratio ((C:N)m) is assumed to be 10,
following the work of others (Manzoni et al., 2008). The parameters ɛwk and ɛwh are the C
humification coefficients for winterkilled and winterhardy cover crop biomass
components. The parameters αwk and αwh represent the yield response to potentially
mineralizable cover crop N for winterkilled and winterhardy biomass components. Each
α parameter can take on 4 potential values based on the factorial combinations of tillage
vs. no-tillage residue management, and net N mineralizing vs. net N immobilizing
biomass. Biomass is calculated to be N immobilizing when the C:N ratio of winterkilled
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or winterhardy biomass is greater than (C:N)m/ɛwk or (C:N)m/ɛwh, respectively. The ɛ and
α parameters are fit simultaneously using the level of α specific to the residue
management method and N mineralizing/N immobilizing category of each observation.

Calibration Dataset

A calibration dataset of 308 observations was assembled from the results of 6 site
years of cover crop experiments that included a wide variety of cover crop species and
mixtures and different tillage practices (Table 3-1). The experiments were all conducted
at the Russell E. Larson Agricultural Research Center in Pennsylvania Furnace,
Pennsylvania, USA (40° 43' N, 77° 55' W). The taxonomic class of soils in the
experimental fields were Fine, mixed, semiactive, mesic Typic Hapludalfs with the
exception of experiment 4, which were Fine-loamy, mixed, semiactive, mesic Typic
Hapludults. Soil textural classes of the soils across the sites were clay, silty clay loam,
and loam. Soil pH ranged from 6.1 to 7.1 and soil C concentration ranged from 1.2% to
1.5% in the 0 cm to 20 cm depth across the sites. Experiments 1, 2, and 3 were
conducted using no-tillage residue management and experiments 4 and 5 were conducted
with tillage residue management. Cover crops were planted in July or August each year
(Table 3-2) after harvest of either a winter wheat or oats crop. Straw from the previous
small grain crops was removed from the fields prior to the cover crop experiments.
In each experiment, cover crop biomass N content (kg N ha-1) and C:N ratio was
measured to species level at peak biomass production in the fall for winterkilled species
and in spring for winterhardy species (Table 3-2) following standard procedures as
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described in Finney et al. (2016). Briefly, cover crop biomass was clipped from a
minimum of two 0.25 m2 quadrats per plot, dried, weighed, ground, and analyzed for C
and N concentration on an elemental combustion analyzer (EA 1110, CE Instruments,
Milan, Italy). When multiple winterkilled or winterhardy species were present in a cover
crop treatment, the N and C contents for the multiple species were summed to calculate
the total N content and a composite C:N ratio for the winterkilled and winterhardy
components of the mixture. When substantial weed biomass occurred in a plot, it was
treated as a winterhardy species and included in the spring biomass N and C:N
measurements.
Following cover crop termination, corn was planted across the plots in each
experiment (Table 3-2). No supplemental fertilizer N was applied to the corn. Corn
yields (grain in experiments 1, 2, 3, and 5 and silage in experiment 4) were measured in
each cover crop plot and in no cover crop control plots by harvesting the center two corn
rows of grain plots with a small plot combine and a single row of the silage plots by
hand. The plot length for yield measurements varied from 9 m to 11 m depending on the
experiment. Yields were adjusted to 15.5% moisture for grain samples and 65% moisture
for silage samples. The corn yield difference between each cover crop plot and the
average of the no cover crop replicates within a site year was used as the response
variable in the model (ΔY). In order to apply the model to both grain and silage yield
differences in a single analysis, and to express crop yields in units that are relatable to
cover crop biomass N contents, yield differences were linearly converted to units of N
content (Δ kg N ha-1). This conversion for grain yields used a harvest index of 38% and a
whole plant N concentration of 0.83%. Silage yields were converted using a whole plant
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N concentration of 0.98%. The values used for the conversions were based on average
values calculated from a subset (n = 16) of samples in the dataset where harvest index
and whole plant N concentrations were measured.
Experiments 1, 2, and 3 were managed using no-tillage residue management
throughout the duration of the experiments. Prior to the start of the cover crop
experiments, these experimental fields had been managed without tillage for 6 yrs, 3 yrs,
and 1 yr, respectively. Cover crops were planted into un-tilled seedbeds where preexisting weed growth had been suppressed with glyphosate (N-(phosphonomethyl)
glycine). Winterhardy cover crops were killed in the spring with glyphosate and dicamba
(3,6-dichloro-2-methoxybenzoic acid) and the residues of winterkilled and winterhardy
cover crops decomposed on the soil surface for the remainder of the experiment. Corn
was planted into un-tilled seedbeds using a no-till planter. Weeds were controlled in the
corn with metolachlor (2-chloro-N-(2-ethyl-6-methylphenyl)-N-(2-methoxy-1methylethyl)acetamide), atrazine (6-chloro-N-ethyl-N’-(1-methylethyl)-1,3,5-triazine2,4-diamine), and mesotrione (2-[4-(Methylsulfonyl)-2-nitrobenzoyl]cyclohexane-1,3dione) applied at corn planting.
Experiments 4 and 5 were managed using tillage residue management. Cover
crops were planted into plowed, disced, and cultipacked seedbeds. Winterkilled cover
crop residues were allowed to decompose on the soil surface until spring termination of
the winterhardy cover crops. Winterhardy cover crops were terminated by flail mowing,
and soil incorporation of residues with a moldboard plow. Seedbeds for corn planting
were prepared by discing and cultipacking the soil. In experiment 4, weeds in the corn
crop were controlled with mechanical cultivation at approximately weekly intervals from
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planting through canopy closure. During this period, three passes with a tine-weeder and
two passes with an S-tine cultivator were made. In experiment 5, weeds were controlled
in the corn crop with residual herbicides (metolachlor, atrazine, and mesotrione) and no
further tillage took place.

Model Calibration and Statistical Tests

The parameters in Equation 3-3 were calibrated using the NLMIXED procedure
in SAS version 9.3 (SAS Institute, Cary, NC). The ɛ and α parameters were fit
simultaneously using the level of α specific to the residue management method and N
mineralizing/N immobilizing category of each observation. Values for the ɛ parameters
were bounded between zero and one and values for the α parameters were bounded to
greater than or equal to zero. The optimization algorithm used was the Newton-Raphson
method with ridging. Model fit was evaluated using Akaike’s information criterion
(AIC). Estimate statements programmed in NLMIXED were used to conduct statistical
tests of equality for different levels of the parameter values (Student’s t-test, α=0.05). To
determine the most parsimonious model, splits in the ɛ and α parameters for winterkilled
vs. winterhardy cover crops, tillage vs. no-tillage residue incorporation, and N
mineralizing vs. N immobilizing biomass, were collapsed based on results of the
statistical tests of equality. At each iteration of model trimming, the parameter splits with
the highest t-test P-value were combined. An iteration of parameter trimming was
retained if it reduced the AIC from the previous iteration. The fit statistics used to
evaluate the final reduced model were the coefficient of determination (r2), root mean
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square error (RMSE), and mean bias error (MBE). To assess the predictive capacity of
the model on blind data and to evaluate uncertainty in parameter estimates, we conducted
a stratified 10-fold cross validation of the most parsimonious model structure that was
identified through the model trimming process described above. In this type of cross
validation, each observation is randomly assigned to one of 10 subsamples. Each
subsample is used once as a validation set for a model that was trained on the other 9
subsamples. We stratified the random assignment of observations to the subsamples by
experimental site year and by whether the yield response was positive or negative.

Results

Fitting the full N mineralization model (Eq. 3-3) allowed for statistical tests of
equality among different levels of the ɛ and α parameters and provided a baseline AIC
statistic (AIC= 2874.0). The only statistically significant difference in parameter values
between tillage practices was for the level of αwk applied to N mineralizing biomass
(Table 3-3). The parameter values of ɛwk and ɛwh were not statistically different (Table 33).
To determine the most parsimonious model, we trimmed parameters based on the
statistical tests of equality and evaluated the resulting model fits using the AIC. The
statistically significant difference between tillage practices for the level of αwk applied to
N mineralizing biomass disappeared as other parameters were trimmed. The best fitting
reduced model retained the form of Eq. 3-3 but only included a single value for αwk
(0.23), two unique values for the levels of αwh applied to N mineralizing versus N
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immobilizing biomass (0.47 and 1.14, respectively), and unique values for ɛwk and ɛwh
(0.26 and 0.45, respectively). In this model, αwh for the level of N mineralizing biomass
was less than that for N immobilizing biomass (P=0.002, Student’s t-test). The value for
ɛwk was less than that for ɛwh, and although the difference was not statistically significant
(P=0.12, Student’s t-test), using unique values for the parameters improved the model fit
(AIC=2871.5 vs. AIC=2874.2) and were therefore retained in the model. The reduced
model has fit statistics of r2=0.61, RMSE=25, MBE=1.3 (Figure 3-1).
Parameter values were stable across the 10 folds of the model cross validation
(Table 3-4). The mean value for each parameter across the 10 folds of the cross
validation was identical to the value estimated using the full dataset, and parameter
values ranged narrowly around the mean. Across the 10 folds of the cross validation, the
coefficient of determination for out-of-fold predictions was r2=0.58 (slope=0.94,
intercept=0.01).
The dataset used to calibrate this model contained 39 different cover crop
treatments including monocultures and multi-species mixtures, with several treatments
present in multiple experiments. Averaged across experiments, the model prediction for
the yield effect of each cover crop treatment fell within the 95% confidence interval of
the mean observed value for 32 of the 39 treatments (Figure 3-2). The seven ‘model
misses’ were all multi-species mixtures that contained both winterkilled and winterhardy
species, with the exception of FR+OA+SB+SH, which only contained winterkilled
species. The model misses were evenly distributed across the spectrum of N mineralizing
to N immobilizing treatments.
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Discussion

The N mineralization model developed in this study provides a framework to
evaluate how cover crop decomposition affects N availability and the resulting corn yield
response in a field setting. Such an approach is an improvement over previous studies
where N mineralization models were developed from lab incubations or greenhouse
studies (Vigil and Kissel, 1991; Thorup-Kristensen, 1994). This model also expands
upon previous efforts by incorporating the temporal differences in cover crop
decomposition between winterkilled and winterhardy species. Finally, basing the model
structure in N mineralization theories creates a link between cover crop management
practices and ecological processes that improves the understanding of the biogeochemical
controls on N availability from decomposing cover crops.

Tillage Effects

We hypothesized that the parameter α (the slope of the yield response to
potentially mineralizable cover crop N), would be different for each of the 8 factorial
combinations of winterkilled vs. winterhardy cover crop biomass, tillage vs. no-tillage
residue management, and N mineralizing vs. N immobilizing biomass. The best-fitting
reduced model retained only three levels of α, however: a single value for αwk and unique
values of αwh for N mineralizing or N immobilizing biomass. Removing tillage as a
factor in the model improved the parsimony of the model, suggesting that on average,
tillage practices do not consistently alter the effects of cover crop N mineralization on
final crop yields. This finding is consistent with a number of studies that show the

78

impact of tillage practices on cover crop N supply is variable across years and
experiments (Vaughan and Evanylo, 1998; Vaughan et al., 2000; Cline and Silvernail,
2002). Groffman et al. (1987) suggested that tillage practices change the timing of cover
crop N mineralization from cover crop residues but not the overall N supplying capacity.
A meta-analysis of cover crop effects on crop yield also found that tillage was not an
important discriminating factor across a large body of studies (Miguez and Bollero,
2005). Furthermore, tillage practices can also affect crop yields through influences on
stand establishment and soil moisture dynamics, which are variable across years and
sites. Thus the varying influences of tillage practices on crop yields are likely to be one
source of the error observed in our model.

Winterkilled vs. Winterhardy Cover Crop Effects

The hypothesis that temporal differences in cover crop decomposition between
winterkilled and winterhardy cover crops affect N supply to subsequent crops is
supported by the values for the parameters αwk and αwh retained in the reduced model.
The value for αwk (0.23) is lower than the values for both levels of αwh (0.47 for net N
mineralizing biomass and 1.14 for net N immobilizing biomass), suggesting that N
mineralized or immobilized during winterkilled cover crop decomposition impacts corn
yields less efficiently than N mineralized from winterhardy cover crops. This is most
likely due to the asynchrony between winterkilled cover crop decomposition and corn N
uptake. When winterkilled cover crops mineralize N during late fall, winter, and early
spring, the mineralized N may be subject to leaching or denitrification losses because N
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uptake by the subsequent crop has not begun yet or is very low. Dean and Weil (2009)
observed that nitrate mineralized from winterkilled forage radish (Raphanus sativus L.) in
some cases leached to a depth of 45 to 120 cm by the time of corn planting the following
spring. Studies of N fertilizer application timing also show that N fertilizer applied in the
fall is recovered less efficiently than fertilizer applied at planting in spring or side-dressed
mid-season (Gardner and Drinkwater, 2009).
Similar to N mineralization, N immobilization during winterkilled cover crop
residue decomposition occurs asynchronously with N demand of the following corn crop,
resulting in a value for αwk that is lower than the value of αwh for N immobilizing
residues. As winterkilled cover crops decompose during the winter and early spring, N
immobilization is not competing with the corn crop for inorganic soil N, so the impact to
crop N supply is less than when a similar quantity of N immobilization occurs during
periods of significant crop N demand (Kaye and Hart, 1997).
The hypothesis that the ɛ parameters are different for winterkilled and winterhardy
cover crops was supported by an improved model fit when ɛwk and ɛwh were retained as
separate parameters in the model. The lower value for ɛwk than ɛwh supports the concept
that when cover crop residues have a longer period of time to decompose, less C and N
will remain immobilized in microbial biomass or necromass, possibly because there is
time for multiple generations of microbes to decompose a portion of the material
assimilated by the earlier generation of microbes. The values for ɛwk and ɛwh that resulted
from the model calibration are similar to the value of 0.3 that has been suggested for
routine use in ecosystem models (Sinsabaugh et al., 2013). Here we illustrate that fine
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tuning of these parameters to reflect differences in decomposition periods can improve
the fit of an empirical N mineralization model.
We also stress that the ɛ parameters in this model do not represent the
physiological C use efficiency of decomposer organisms as is the convention in
ecosystem models. Rather, they are coefficients to represent the quantity of C, and by
stoichiometric coupling, N, that remains assimilated in microbial biomass and byproducts
over the duration of corn N uptake. Within that duration, it is very likely that some cover
crop residues which supply N by the end of the season may actually first immobilize N
for a short period (McSwiney et al., 2010), a process controlled by the physiological C
use efficiency. Some of the variation in the dataset unexplained by this simple N
mineralization model may be due to the lack of fine-resolution temporal dynamics that
could capture how the N immobilization-mineralization turnover process interacts with
corn N uptake.

N mineralization vs. N immobilization Effects

The hypothesis that net N mineralizing and net N immobilizing cover crop
biomass affect crop yields with different efficiencies is supported only for winterhardy
cover crop biomass. The value for αwh is greater when cover crop biomass causes N
immobilization (1.14) than when biomass causes N mineralization (0.47). In other
words, every unit of potentially immobilized N causes a negative yield response that is
approximately double the positive yield response caused by each unit of potentially
mineralized N. The impact of N immobilizing residues on corn yields may be
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particularly strong because the reduction in soil inorganic N content caused by N
immobilization is maintained over the duration of the corn crop growth. On the other
hand, the increase in soil inorganic N content resulting from N mineralization can lead to
a large pool of accumulated soil NO3- before the period of peak corn N demand (Vaughan
and Evanylo, 1998; Vaughan et al., 2000), leaving the mineralized N prone to losses.
Such early season N losses might reduce the efficiency with which mineralized N
increases corn yield. An alternative explanation for the difference in αwh between N
immobilizing and N mineralizing biomass could be due to the quadratic response of corn
yield to increasing rates of applied inorganic N (Cerrato and Blackmer, 1990). Because
corn yields respond less efficiently as inorganic N application rates increase, it might be
expected that the slope of the corn yield response to N mineralizing cover crop biomass
would be less than the slope of the corn yield response to N immobilizing biomass.

Implications for Cover Crop Selection and Management

The parameter values determined by our calibration of the model can be used to
inform how cover crop selection and management affects N supply to a subsequent corn
crop. To maximize the cover crop N supply and yield benefit to a subsequent corn crop,
the cover crop should be managed to increase biomass N content and maintain a low C:N
ratio. Both winterhardy and winterkilled legume cover crops can increase corn yields
through N mineralization from cover crop residues, as illustrated by the cover crop
treatments included in our dataset (Figure 3-2). Fava bean (Vicia faba L.), red clover
(Trifolium pratense L.) and hairy vetch (Vicia villosa Roth) cover crops all increased
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unfertilized corn yields. In addition to these species grown in monoculture, mixtures of
these species with each other and with the winterhardy non-legumes triticale (x
Triticosecale Wittm. ex A. Camus.) and annual ryegrass (Lolium multiflorum Lam.) or
winterkilled non-legumes forage radish (Raphanus sativus L.) and oats (Avena sativa L.)
increased corn yields. These results are consistent with meta-analyses which found
legume cover crops, which have a low biomass C:N ratio, increase corn yields at low
fertilizer N rates (Miguez and Bollero, 2005) and that the yield response increases with
increasing cover crop biomass N content (Tonitto et al., 2006).
While the α parameters suggest that the yield response to N mineralization or
immobilization is less from winterkilled cover crops than from winterhardy cover crops,
a greater proportion of the N in winterkilled cover crops is potentially mineralizable due
to the lower value of ɛwk relative ɛwh. The differences in parameter estimates for α and ɛ
between winterkilled and winterhardy cover crops created an interaction between cover
crop phenology and biomass C:N ratio for the effect on corn yield response. In this
interaction, winterhardy cover crops provided a greater yield benefit per unit of biomass
N content than winterkilled cover crops when the biomass C:N ratio was less than 16,
while the opposite held true when the biomass C:N ratio was greater than 16 (Figure A4). Winterkilled cover crops also had a greater critical C:N ratio for causing net N
immobilization than winterhardy cover crops. The model indicated that as cover crop
biomass C:N ratio increased, the corn yield responses became negative when cover crop
biomass C:N ratio increased above 22 for winterhardy cover crops and above 38 for
winterkilled cover crops (Figure A-4). These values represent the critical C:N ratio for
net N immobilization, which can also be calculated from parameter estimates of ɛ using
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Eq. 3-2. The critical C:N ratio values determined here are similar to the model of Vigil
and Kissel (1991), which suggests a critical C:N ratio of 41 when crop residues are
incubated for an extended period of time, and the model proposed by Thorup-Kristensen
(1994) and applied by Tosti et al. (2012), which suggests a critical C:N ratio of 25 when
crops are planted shortly after the addition of cover crop residues.
These results can help inform cover crop selection and management. For
instance, when cover crop biomass is expected to remain below a C:N ratio of 16, such as
typically occurs with legume monocultures, a winterhardy cover crop would provide a
greater corn yield response per unit of biomass N content than a winterkilled cover crop.
On the other hand, if the cover crop biomass C:N ratio is expected to increase above 16,
as occurs with many grass monocultures or mixtures of grasses and legumes, then
winterkilled cover crops would provide a greater corn yield response per unit of biomass
N content. The model also illustrates that winterkilled cover crops can be allowed to
reach a greater biomass C:N ratio before net N immobilization occurs. Net N
immobilization is undesirable agronomically because to maintain crop yields, a manager
would have to increase fertilizer applications to offset the N immobilization. Reviewing
the cover crop treatments that made up the calibration dataset shows that very few
winterkilled cover crop residues fell above the critical C:N ratio threshold, whereas 15 of
the 39 treatments had winterhardy cover crop residues that fell above the threshold for N
immobilization (Figure 3-2). Cover crop treatments that caused a yield reduction as
predicted by the model and confirmed by the observed treatment means all included
cereal rye, a species which is known for its tendency to mature rapidly in the spring and
develop high C:N biomass (Vaughan and Evanylo, 1998; Clark et al., 2007). Thus the
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model underscores the need for timely termination of winterhardy cover crops containing
grasses to prevent net N immobilization.
The model predictions corresponded with observed cover crop treatment means
for most of the treatments included in the dataset (Figure 3-2), but there are still some
aspects of N cycling affected by cover crop mixtures that may not be well represented by
this model. For instance, six of the seven ‘model misses’ for the yield effect of cover
crop treatments were for cover crop mixtures that contained both winterkilled and
winterhardy species. In these mixtures, winterhardy species could have taken up some
portion of the N mineralized from winterkilled residues, making that mineralized N
unavailable for corn uptake. Nonetheless, model misses were not biased in their direction
and there were many cover crop mixture treatments which the model predicted
accurately, suggesting that the model is robust across a wide variety of cover crop species
and mixtures.

Using the Model for Adaptive N Management

The model offers many insights into how cover crop management practices affect
N mineralization dynamics and corn yields and also provides a foundation upon which
cover crop decomposition could be integrated into an adaptive N management system.
One potential way to use the model would be to calculate site-specific N credits for cover
crops. For instance, the model predicts the unfertilized yield difference resulting from
the cover crop, a value that can be used in the traditional method of calculating N credits
(Lory et al., 1995). However, using this method to predict an N credit for the cover crop
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at the beginning of the corn growing season would require knowing the N response curve
for the site. The ‘traditional’ method of assigning N credits also assumes that cover crops
do not provide a rotation benefit that increases the yield potential of the site, an
assumption that is not always true (Lory et al., 1995; Torbert et al., 1996; Andraski and
Bundy, 2005). Another use of the model could be as a planning tool for site-specific
cover crop species selection and management. For example, if the yield difference
between unfertilized corn and optimally fertilized corn is known at a site, the model
could help to constrain the cover crop biomass N content and C:N ratio characteristics
that would need to be achieved at the site to eliminate or greatly reduce the need for N
fertilizer. Use of the model calibrated in this study should also be restricted to similar
climate domains, namely cold wet winters and warm wet summers, because the
parameter values are likely to be sensitive to temperature and precipitation regimes.
While the structure of the model could be applied to different climate domains, parameter
values should be recalibrated. Thus, future research will be required to overcome the
uncertainties associated with assigning an N credit to cover crops and the challenges that
may arise when integrating a model such as this into an adaptive N management process.

Conclusion

This study demonstrates that a simple mathematical model of N mineralization
can be used to predict the effects of cover crop residues on yields of unfertilized corn.
The model can be applied to a wide variety of cover crop types, including winterhardy
and winterkilled species in monoculture and mixtures, and fits data from experiments
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conducted with both no-tillage and tillage residue management practices. The model
illustrates that temporal dynamics of cover crop decomposition and the synchrony of N
mineralization and immobilization with corn N demand play important roles in
controlling N availability and the subsequent yield responses in corn. The model is a
useful tool to inform cover crop selection and management and also provides a
foundation for integrating the effects of cover crop decomposition into an adaptive N
management process.
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Figure 3-1. Model predictions versus observed values for the corn yield response
following a cover crop. Yield responses relative to a no cover crop control are converted
to units of N content (Δ kg N ha-1) using a harvest index of 38% and a whole plant N
concentration of 0.83% for grain samples and a whole plant N concentration of 0.98% for
silage samples. The dashed line indicates Observed=Predicted. The regression of
predicted and observed values gave Observed = 1.01 * Predicted – 1.3, r2 = 0.61.
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Figure 3-2. The biomass characteristics of cover crop treatments in the calibration dataset
and the resulting corn yield response between a cover crop treatment and the no cover
crop control. The corn yield response was linearly converted to units of N content (Δ kg
N ha-1) using a harvest index of 38% and a whole plant N concentration of 0.83% for
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grain samples and a whole plant N concentration of 0.98% for silage samples. Cover
crop treatments included in the dataset are listed on the y-axis, with species codes used
from Table 3-1. In the first and second panels are the mean cover crop biomass N
content and C:N ratio for winterkilled and winterhardy components of each treatment. In
the second panel, the green and brown reference lines indicate the critical C:N ratio of
winterhardy and winterkilled cover crop biomass. Values above this threshold will result
in net N immobilization, causing a negative yield effect. In the third panel, blue bars are
the means of the model predictions for the corn yield differences, converted to units of Δ
kg N ha-1, and black dots are the means of measured observations bounded by a 95%
confidence interval of the mean. When the mean prediction of the model falls within the
95% confidence interval of the observed yield response, we consider it an accurate model
prediction for the treatment. The number of observations of each cover crop treatment in
the dataset is listed in the final column. Cover crop treatments are sorted in ascending
order of corn yield difference.
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Table 3-1. The cover crop treatments included in each experiment. Species
abbreviations in bold indicate winterkilled species. The number of observations included
in the dataset from each experiment is listed in the headers as N=.

Experiment 1 N=48
FBa
RC
SB
SH
OA+SB
SB+RC
SB+RG
SB+SSG
OA+SB+RC
SB+RC+RG
SB+SSG+RC
OA+SB+SSG+RC+RG

Experiment 3 N=27
FB
RC
SSG
TR
FB+RC
FB+SSG
FB+TR

Experiment 5c N=132
CA
FR
HV
OA
RC
RY
SB
SH
BA+CA+RG+RY
CA+HV+RC+RY
FM+FR+OA+SSG
FR+OA+CA+RY
FR+OA+HV+RC
FR+OA+SB+SH
SB+SH+CA+RY
FM+FR+OA+SSG+BA+CA+RG+RY
FR+OA+SB+SH+CA+HV+RC+RY

Experiment 4 N=44
AWP
CA
FR
OA
RC
Experiment 2 N=57
FBb
RY
RC
AWP+RC+RY
FB+RCb
OA+RC+RY
RC+TRb
AWP+CA+RC+RY
FB+RC+TRb
AWP+FR+OA+CA+RC+RY
FR+OA+SF+CC+RC+RG+SC
a
Species are abbreviated as: AWP- Austrian winter pea (Pisum sativum L. ssp. sativum var. arvense); BA- barley
(Hordeum vulgare L.); CA- canola (Brassica napus L.); CC- crimson clover (Trifolium incarnatum L.); FB- fava
bean (Vicia faba L.); FM- foxtail millet (Setaria italica (L.) P. Beauv); FR- forage radish (Raphanus sativus L.);
HV- hairy vetch (Vicia villosa Roth); OA- oats (Avena sativa L.); RC- red clover (Trifolium pratense L.); RGannual ryegrass (Lolium multiflorum Lam.); RY- cereal rye (Secale cereale L.); SB- soybean (Glycine max (L.)
Merr.); SC- sweet clover (Melilotus officinalis (L.) Pall.); SF- sunflower (Helianthus annuus L.); SH- sunnhemp
(Crotalaria juncea L.); SSG- sorghum-sudangrass (Sorghum bicolor L. X S. bicolor var. sudanese); TR- triticale
(x Triticosecale Wittm. ex A. Camus.).
b
Treatments had multiple levels with varying seeding rates of FB and/or TR.
c
Experiment 5 was repeated twice.
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Table 3-2. Cover crop and corn planting and sampling dates

Cover Crop
Fall Cover Crop
Planting
Biomass Sample
Experiment 1
5 Aug 2011
10 Oct 2011
Experiment 2
31 July 2012
26 Oct 2012
Experiment 3
31 July 2012
11 Oct 2012
Experiment 4
8 Aug 2013
29 Oct 2013
Experiment 5a 30 Aug 2011
17 Oct 2011
24 Aug 2012
26 Oct 2012
a
Experiment 5 was repeated in two years.

Spring Cover Crop
Biomass Sample
18 Apr 2012
6 May 2013
7 May 2013
5 May 2014
7 May 2012
16 May 2012

Corn Planting
19 May 2012
20 May 2013
20 May 2013
2 June 2014
31 May 2012
4 June 2013

Corn Yield
Sample
23 Nov 2012
19 Nov 2013
19 Nov 2013
15 Sept 2014
30 Nov 2012
20 Nov 2013

95

Table 3-3. Parameter estimates determined by calibration of the full model (Eq. 3-3).
αwk
N mineralizing
N immobilizingb

Tillage
0.03
No data

No-Tillage
0.19
No data

Pr > |t|a
0.04
-

N mineralizing
N immobilizing

Tillage
0.54
1.06

No-Tillage
0.41
5.79

Pr > |t|
0.15
0.19

αwh

ɛ
ɛwk
0.03
a

ɛwh
0.46

Pr > |t|
0.13

Student’s t-test of the null hypothesis that parameter
values within a row are equal (degrees of freedom=307 for
all tests).
b
There were no samples in the dataset with winterkilled
biomass that immobilized N under this parameterization
of the model.
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Table 3-4. Parameter estimates for the best-fitting reduced model, using the full dataset
and across the 10 folds of the cross validation.

Parameter
αwk

0.23

10-fold Cross Validationa
Min.
Mean
Max.
0.20
0.23
0.26

αwh
N mineralizing
N immobilizing

0.47
1.14

0.45
1.04

Full Dataset

0.47
1.14

0.49
1.27

ɛwk
0.26
0.22
0.26
0.32
ɛwh
0.45
0.44
0.45
0.46
a
The minimum, maximum, and mean parameter values observed across the 10-folds of
the cross validation.
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Chapter 4
Predicting Cover Crop Nitrogen Content with a Handheld NDVI Meter

Abstract

Cover crop biomass nitrogen (N) content (kg N ha-1) is related to a number of
ecosystem services, including N sequestration into soil organic matter, the reduction of
nitrate leaching, and N supply to subsequent crops. However, cover crop biomass N
content is rarely measured by farmers and agronomists due to the expense of sampling
and analysis. Remote sensing of the normalized difference vegetation index (NDVI) has
been used to predict the biomass N content of natural and agricultural plant communities,
and relatively inexpensive NDVI meters designed for use in agriculture are commercially
available. We hypothesized that NDVI measured by a handheld meter could predict
cover crop biomass N content, but that unique predictive models would be required for
different cover crop types. We categorized a calibration dataset of 500 observations into
13 different cover crop functional types based on the species present and time of
sampling, including fall and spring sampling dates of clovers, vining legumes, brassicas,
grass/legume mixtures, and mixtures containing brassicas. All grass species sampled in
fall were categorized into a functional group together, while grasses in spring were
categorized separately by species. Parameter estimates for exponential models to predict
cover crop biomass N content from NDVI indicated that many of the cover crop
functional types could potentially be grouped under common predictive models. The
spring sampling date of vining legumes and mixtures with brassicas and the fall sampling
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date of all functional types with the exception of clovers were fit with one common
model (r2=0.91). The spring sampling dates of cereal rye (Secale cereale L.), clovers,
and grass/legume mixtures were fit under another common model (r2=0.76). The
remaining cover crop functional types required individual models, specifically fallsampled clovers (r2=0.35), spring-sampled brassicas (r2=0.87), and spring-sampled
triticale (x Triticosecale Wittm. ex A. Camus., r2=0.79). We also identified that the
accuracy of the method was compromised under certain conditions that interfered with
remote sensing of the cover crop vegetation. This occurred when a cover crop contained
oats (Avena sativa L.) or canola (Brassica napus L.) in flowering growth stages, and
when the cover crop canopy was obscured by senescent vegetation from weed
infestations or previously mowed cover crop biomass. Rapidly and inexpensively
estimating cover crop biomass N content with an NDVI meter could enhance the ability
of farmers and agronomists to routinely monitor and manage the N-related ecosystem
services provided by cover crops.
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Introduction

The quantity of nitrogen (N) contained in cover crop biomass is an important
property related to the prevention of nitrate leaching and the supply of N to subsequent
crops in the rotation (Tonitto et al., 2006; Dabney et al., 2010). Despite the importance
of cover crop biomass N content to ecosystem service provisioning, it is rarely measured
by farmers or agronomists due to the time and costs associated with sampling and
analysis. A simple and inexpensive method to measure cover crop biomass N content
could be used to quantify the performance of cover crops at scavenging residual N from
the soil or to estimate a fertilizer N credit for the cover crop. The N content of plant
biomass has been estimated in natural and agricultural plant communities using the
normalized difference vegetation index (NDVI), a metric derived from the remote
sensing of plant canopy spectral reflectance (Gamon et al., 1995; Lukina et al., 2001; Li
et al., 2008). In agricultural systems, the use of NDVI sensors has primarily focused on
in-season fertilizer management in cereal crops (Lukina et al., 2001; Tremblay et al.,
2009) and the quantification of ecophysiological plant traits in breeding programs
(Cabrera-Bosquet et al., 2011; Liebisch et al., 2015). In recent years, sensors to measure
plant canopy NDVI in agricultural settings have become commercially available in a
variety of configurations and platforms, including low-cost handheld meters that can be
walked across a field to obtain an average measurement along a transect. In this study,
we tested whether a handheld NDVI meter could be used to predict the biomass N
content of a wide range of cover crop types, including monocultures and mixtures of
grasses, legumes, and brassicas.
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The NDVI is calculated as a ratio of the reflectance of the red (R, ~630-690 nm)
and near infrared (NIR, ~760-900 nm) wavelengths of electromagnetic radiation by a
plant canopy according to Eq. 4-1 (Gamon et al., 1995).
NDVI= (NIR-R)/(NIR+R)

Eq. 4-1

Chlorophyll A in plant leaf tissue absorbs radiation in the red spectral region,
whereas leaf cells scatter and reflect NIR radiation, features that cause the NDVI of a
plant canopy to increase as the leaf area index and chlorophyll concentration increase.
The result is that NDVI can be correlated to a wide variety of plant canopy
characteristics, including fraction of photosynthetically active radiation intercepted,
percent groundcover, green biomass, chlorophyll content, leaf area index, N content,
photosynthetic rates, and subsequent crop yields (Fernandez et al., 1994; Gamon et al.,
1995; Lukina et al., 2001; Li et al., 2008; Hively et al., 2009; Prabhakara et al., 2015).
Gamon et al. (1995) found a strong relationship between NDVI and biomass N content of
different native vegetation types, with subtle shifts in the relationship due to differences
in canopy architecture between grasses, shrubs, and trees. Li et al. (2008) also found that
there was a relationship between NDVI and biomass N content of wheat, but that the
strength of the relationship varied across different growth stages. Thus, the application of
NDVI to predict cover crop biomass N content may require the creation of calibration
equations specific to cover crop species type and growth stage.
While the use of NDVI as a tool to facilitate precision management in row crops
has been relatively well studied, research on the use of remote sensing to monitor and
manage ecosystem service provisioning by cover crops is nascent. Remote sensing of
NDVI in cover cropped fields has been used to predict the biomass of cereal cover crops
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at a watershed scale to evaluate the efficiency of conservation payment programs (Hively
et al., 2009) and to find correlations between cover crop biomass and soil and
topographic characteristics across fields (Muñoz and Kravchenko, 2012). Other work has
focused on overcoming potential limitations to the remote sensing of cover crop biomass,
including issues associated with senescent cover crop biomass during the winter months,
saturation of vegetation indices at high cover crop biomass levels, and appropriate
statistical models to handle strong heteroscedasticity (Muñoz et al., 2010; Prabhakara et
al., 2015).
The goal of our study is to further the use of NDVI as a tool to measure the
performance of cover crops by evaluating whether an inexpensive handheld NDVI meter
can predict cover crop biomass N content across a wide range of cover crop species and
mixtures. We hypothesize that unique calibration curves may be necessary for different
functional cover crop types within fall and spring sampling dates, but that given these
specific curves, N content could be predicted with an accuracy sufficient to support the
evaluation of N-related ecosystem service provisioning.

Methods

The dataset used to calibrate the handheld NDVI meter against aboveground
biomass N content (kg N ha-1) was assembled from measurements collected across 12 site
years of cover crop experiments that included 29 cover crop treatments (species
combinations) assembled from 18 cover crop species (Table 4-1). Six of the site years
were experiments located at the Russel E. Larson Agricultural Research Center in Centre
County, Pennsylvania and the remaining experiments were located on commercial farms
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in Berks, Lancaster, and Montour counties, Pennsylvania. Cover crop treatments were
planted in 2012, 2013, and 2014 in either August after a preceding small grain crop was
harvested or in September after a preceding corn silage crop was harvested, or in
February frost-seeded into a standing small grain crop.
Observations from across the cover crop treatments were categorized into cover
crop functional types based on the species that were present in each mixture at each
sampling date (Table 4-1). Categories included brassicas [forage radish (Raphanus
sativus L.) and canola (Brassica napus L.)], cereal rye (Secale cereale L.), triticale (x
Triticosecale Wittm. ex A. Camus.), clover species, vining legumes [Austrian winter pea
(Pisum sativum L. ssp. sativum var. arvense) and hairy vetch (Vicia villosa Roth)],
grass/legume mixtures, and mixtures including brassicas. These categories were used
within both fall and spring sampling dates, with the exception of cereal rye and triticale at
the fall sampling date. Instead, a generic grass category was used in the fall, as there
were no observations of triticale, and too few observations of oats (Avena sativa L.) to
create separate categories by grass species. When observations that had been planted as a
mixture but lost certain species due to competitive exclusion or winterkilling,
observations were categorized based on the species that were actually present and living
at the sampling date.
Cover crop biomass N content in each plot was calculated at the fall and spring
sampling dates by measuring the total aboveground dry biomass (kg ha-1) of all living
plant species present and multiplying by the biomass N concentration. Dry biomass was
measured by cutting aboveground cover crop biomass at the soil surface from either two
or three 0.25 m2 quadrats randomly located within each plot. Cover crop biomass was
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sorted by species, including a category for weeds, and dried in a forced draft oven at 65
°C for a minimum of 2 wks before recording dry weights. There were many instances
where weed infestations in red clover cover crops were heavy enough that the weed
canopy significantly obscured the clover foliage at the fall sampling date. The N
concentration of cover crop biomass was measured by dry combustion elemental analysis
(EA 1110, CE Instruments, Milan, Italy) on a subsample of tissue ground and pulverized
to < 1 mm fineness. In some site years, individual cover crop species within mixtures
were analyzed for N concentration separately, while in other site years the biomass of
some or all species in a mixture was composited for analysis. In some cases, species
components within a mixture were not analyzed for N concentration when the biomass of
that species in a plot was < 100 kg ha-1. Instead, a generic N concentration derived from
measured values of the same species at the same sampling date in plots with greater
biomass levels was used for the calculation of biomass N content.
The NDVI of cover crop plots was measured using a handheld NDVI meter
(GreenSeeker HCS-100, Trimble Navigation, Sunnyvale, CA). The meter uses an active
light source optical sensor (660nm red, 780nm NIR, ~25nm FWHM), and displays an
NDVI measurement of the scanned area every ~0.5 s while the trigger is depressed.
When the trigger is released, the average of the measurements recorded within the last 60
s is displayed. To measure NDVI of the cover crop plots, the meter was either walked
across a transect of the entire plot (transect lengths ranged from 10 m to 40 m depending
on plot sizes) or spot measurements were taken from the same locations where quadrats
of cover crop biomass were sampled. We held the meter at arm’s length between 0.5 m
and 1 m above the top of the cover crop canopy with the light source and optical sensor
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oriented to the nadir. For transect measurements, we recorded the average NDVI
calculated by the meter at the end of each transect (all transects were completed in less
than 60 s). For spot measurements, we held the meter stationary above the location
where cover crop biomass was to be cut, and held the trigger for 5 to 7 seconds to obtain
the average of several NDVI measurement for the location. The NDVI measurements of
the sampling locations within a plot were then averaged to obtain a plot-level
measurement used in the statistical analysis. Fall measurements of cover crop biomass N
content and NDVI were taken in November, prior to winter senescence of the cover
crops, and spring measurements were taken in late-April or early-May, just prior to cover
crop termination.
To test the relationship between cover crop biomass N content and NDVI, we fit
the data to an exponential model described by Eq. 4-2, where Ncc is the cover crop
biomass N content (kg N ha-1), NDVI is the measurement from the handheld NDVI
meter, and a and b are parameters fit to the data. Exponential models are widely used to
predict dry biomass or biomass N content from NDVI because of the negative
exponential relationship between leaf area index and radiation interception (Gamon et al.,
1995).
Ncc = 𝑎 𝑒 𝑏NDVI

Eq. 4-2

In order to use linear mixed modelling to test for effects of season and functional
cover crop type on the parameter estimates, we converted Eq. 4-2 into a linear equation
by natural log transforming both sides of the equation. This creates a straight-line
relationship, where ln(Ncc) is predicted by NDVI, with a slope of b and intercept of ln(a).
Using the Mixed procedure of SAS 9.3 (SAS Institute, Cary, NC), we used an analysis of
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covariance (ANCOVA) model to test for the main and interactive effects of season and
functional cover crop type on the slope (b) and intercept [ln(a)] parameters. When the
ANCOVA determined significant effects (α=0.05), estimates of the slope and intercept
parameters and their 95% confidence intervals were used to create groupings of the
treatment levels with similar parameter estimates. After grouping the treatment levels,
the Reg procedure in SAS 9.3 was used to determine parameter estimates at the group
level, a 95% confidence band of the mean, and a 75% confidence band for individual
predictions. We substantially relaxed the α-level of the confidence band for individual
predictions because we felt that farmers and agronomists interested in using this
relationship to make predictions about cover crop biomass N content for individual fields
would be willing to accept a lower confidence level than scientists, whose interests
usually focus on estimates of population means. To compare the predictive accuracy of
models fit to individual cover crop functional types with the accuracy of common models
fit to groups of cover crop functional types as well as to assess potential overfitting of
models to individual cover crop types, we conducted a 10-fold cross validation of the
models. The accuracy was evaluated by the coefficient of determination (r2) for out-offold predictions.
Preliminary analysis of the data revealed that oats monocultures that had reached
flowering growth stages in the fall and canola monocultures that had reached flowering
growth stages in the spring did not have a similar relationship between NDVI and cover
crop biomass N content as the observations where cover crops were still in vegetative
growth stages. To prevent these effects from skewing the statistical analysis, both cover
crop monocultures and mixtures which contained flowering oats or canola at the time of
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measurement were excluded from the ANCOVA and regression models. We also found
that predictions of frost-seeded clover treatments had low accuracy and were biased in
preliminary analyses, and thus excluded these treatments from the ANCOVA and
regression models as well. In total, the dataset included 424 observations that were used
to fit models and 76 observations that were excluded (Table 4-1).

Results and Discussion

The ANCOVA model indicated that there was a significant interaction between
season and functional cover crop type for both the slope and intercept of the relationship
between ln(Ncc) and NDVI (p < 0.001). The slope estimates indicated that all season by
functional cover crop type combinations had a significant positive slope (Figure 4-1,
p<0.05). Furthermore, the slope and intercept estimates suggested clusters of cover crop
functional types that could possibly be grouped under common regression models (Figure
4-1). One cluster was composed of fall brassicas, fall grasses, fall grass/legume mixtures,
spring and fall vining legumes, and spring and fall mixtures with brassicas. Another
cluster was composed of spring clovers, spring cereal rye, and spring grass/legume
mixtures. Within each of these clusters, the cover crop functional types had overlapping
confidence intervals for the slope and intercept parameters, suggesting that the models
parameterized by individual cover crop types were not statistically different from each
other. To test the predictive accuracy of common models, we proceeded to fit regression
models across the multiple cover crop functional types within each cluster. The three
remaining cover crop functional types (fall-sampled clovers, spring-sampled brassicas,
and spring-sampled triticale) were left as individual regression models because their
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parameter estimates tended to diverge from the other functional types and had a greater
level of uncertainty due to smaller samples sizes. Parameter estimates for the two
common models had a greater level of certainty than parameter estimates for the models
of individual cover crop types, as evidenced by narrower 95% confidence intervals
(Figure 4-1). This is most likely due to the greater sample size that occurred when
individual cover crop types were pooled in a common model.
Pooling cover crop types into common models could have two potential benefits:
protection against overfitting models to individual cover crop types and fewer equations
that an end-user would need to select from to predict biomass N content of a cover crop.
One potential drawback, however, is a reduction in accuracy of the common models.
Accuracy of the common models tended to reflect the average accuracy level of the
models fit to individual cover crop types (Table 4-2). There were some cover crop types
that could be more accurately predicted by an individual model, particularly fall and
spring vining legumes, fall and spring grass/legume mixtures, and fall mixtures
containing brassicas. Cross validation can be used to evaluate whether models are
overfit, as well as provide a better representation of the accuracy with which models can
predict new observations. If a model is overfit to the training set, then the prediction
accuracy for new observations would be substantially less than the accuracy for the
training set. In all but three of the cover crop functional types, prediction accuracy
declined for the validation set compared to the training set (Table 4-2), although in most
cases the declines were relatively small. In both common models, prediction accuracy
was the same for the training set and the validation set, demonstrating that pooling cover
crop types into common models may have protected against a minor degree of overfitting
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models to individual cover crop types. However, there were still some models for
individual cover crop types that were more accurate in predicting new observations than
the common model. While the discussion of what data to pool may depend on the
objective of the tool application, the interpretation and methodological framework does
not. For expediency, we will proceed with the cover crop types grouped into the two
common models.
Linear regression models fit to the two groupings of cover crop types and three
remaining individual cover crop types and back-transformed to the original exponential
relationship are given in Figure 4-2. The prediction accuracy of cover crop biomass N
content was very strong for the first group of cover crop types, which contained all the
fall cover crops with the exception of clovers as well as the spring vining legumes and
spring mixtures with brassicas (r2=0.91, Figure 4-2). The high r2 of this model may be
due in part to a large number of observations with a low biomass N content.
Observations in this group with a NDVI <0.4 and biomass N content <12 kg N ha-1 were
contributed by the cover crop treatments planted in mid-September, which had less time
for growth and N accumulation than treatments planted in mid-August. Others have
observed that predictions of cover crop biomass using NDVI are more accurate for cover
crops that have low biomass due to saturation of the index at high biomass levels
(Prabhakara et al., 2015). It is notable that the N content of such a large diversity in
cover crop functional types, including monocultures and mixtures of different species
across different seasons can be predicted accurately by NDVI with a single regression
equation.
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The second grouping of cover crop functional types, which included spring
clovers, spring cereal rye, and spring grass/legume mixtures, had a somewhat lower
prediction accuracy (r2=0.76, Figure 4-2) than the first group. Others have also observed
that the accuracy of biomass N content predictions decreases as cereal grasses reach the
boot stage (Li et al., 2008), which is approximately when cereal grasses were sampled in
our study. The different parameter values in spring and fall for cereal rye and
grass/legume mixtures may be due to differences in growth habit between the seasons. In
the fall, cereal grasses have a prostrate growth habit during the tillering stages, and shift
to an upright growth habit in spring after vernalization.
While grasses and simple mixtures of grasses and legumes had different model
parameterization between fall and spring, it is notable that vining legumes and mixtures
containing brassicas could be modeled with the same parameter values across both fall
and spring sampling dates. For vining legumes, this may be because the vining growth
habit does not differ between fall and spring. For the mixtures containing brassicas, it
could be that the stability across sampling dates was because of the higher species
diversity level in these mixtures relative to grass/legume mixtures, which could have
created a more homogenous canopy architecture over time. Additional research would be
necessary to explain the mechanisms causing similarities or differences in model
parameterization across sampling dates.
We modeled several of the functional cover crop types individually due to unique
parameter estimates (Figure 4-1), including fall clovers, spring brassicas, and spring
triticale. The model for fall clovers had a weak prediction accuracy (r2=0.35, Figure 4-2).
One reason for this could have been that clover treatments were heavily infested by
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summer annual weeds in the fall. By the November sampling date, the summer annual
weeds were growing taller than the clover and beginning to senesce due to frost damage.
Prabhakara et al. (2015) found that senescent vegetation resulting from freezing winter
temperatures reduced the accuracy of NDVI estimates of cover crop biomass, and this
same issue may have affected the fall measurements of clover cover crops infested with
summer annual weeds.
The model for spring brassicas, a category that in our dataset included only
canola, had a strong prediction accuracy (r2=0.87, Figure 4-2). This model had a steeper
rise in the exponential relationship between NDVI and cover crop biomass N content
than any of the other models. One reason that canola may have required a separate
prediction model is the unique canopy architecture in spring, which is characterized by a
thick, fleshy, upright stem with a low abundance of leaves. Due to this leaf and stem
angle distribution, the canola canopy could have intercepted less of the incident radiation
created by the nadir-oriented NDVI meter, resulting in a lower NDVI value per unit of
biomass N content.
The model for triticale had a moderately strong prediction accuracy (r2=0.79,
Figure 4-2). The unique parameter estimates for triticale compared to cereal rye may be
due to difference in leaf cell structure that affect NIR reflectance. Bruckner and Hanna
(1990) observed that cereal rye leaf mesophyll cells were less compact and had greater
intercellular air spaces than triticale mesophyll cells. Greater mesophyll cell surface area
exposed to intercellular air spaces, as was observed for cereal rye, can increase NIR
reflectance (Slaton et al., 2001) and cause a greater NDVI value. Given triticale and
cereal rye canopies with similar biomass N contents (and presumably similar red
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wavelength reflectances), cereal rye would have a greater NDVI value, which is
consistent with our findings.
There were many observations in the dataset that we excluded when fitting the
models due to various circumstances that could potentially interfere with the NDVI
measurement (Table 4-1, Figure 4-2). We observed that oat monocultures that had
flowered were outliers in a preliminary analysis of the data. We subsequently removed
any observation that contained oats with emerged panicles, even when the oats were
seeded at a low density in mixtures. As a group, these observations could be predicted by
a statistically significant model, but with very low accuracy (p=0.01, r2=0.21). Others
have found that the reflectance of NIR wavelengths by cereal crop canopies decreases
dramatically after anthesis (Fernandez et al., 1994), which could explain why the
presence of flowering oats in the canopy interfered with the accuracy of the model. A
similar interference with the NDVI prediction of biomass N content occurred with
observations in spring where canola was flowering. For canola monocultures that were
flowering the model was non-significant (p=0.21) and for mixtures with flowering canola
the model was significant but with low prediction accuracy (p<0.001, r2=0.38). A final
cover crop type which we excluded from the analyses was frost-seeded clover. The
model predictions for the frost-seeded clover treatments had a negative bias, and when
these observations were analyzed separately, the model was only marginally significant
(p=0.05). One issue that could have interfered with the ability to predict cover crop N
content in the frost-seeded clover treatments was a large quantity of dead residues that
became matted into the cover crop canopy when the cover crop had been mowed in the
fall to control weeds.
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Previous studies that have used remote sensing of NDVI to measure cover crop
performance have focused on predicting cover crop dry biomass levels in a limited
number of cover crop species, particularly cereal grasses and red clover (Hively et al.,
2009; Muñoz et al., 2010; Muñoz and Kravchenko, 2012; Prabhakara et al., 2015). Our
study and the work of others call into question the theoretical basis for measuring cover
crop dry biomass using NDVI. Rather, NDVI may be more closely measuring biomass N
content. Others have found that within a species type, NDVI predicts biomass N content
slightly more accurately than dry biomass (Taylor et al., 1998; Moges et al., 2005). In
practice, when observations within a sample have relatively consistent biomass N
concentration, dry biomass and biomass N content will be highly correlated, so prediction
accuracy for both properties will be similar. However, we found that cover crop types
with highly variable biomass N concentrations (e.g., grasses and legumes) could be
grouped into common models that accurately predict biomass N content. Such common
models surely could not be calibrated to accurately predict dry biomass for both grasses
and legumes. The physics of how radiometers measure NDVI of a plant canopy, namely
through the absorption of red wavelengths by chlorophyll A, also supports the concept
that NDVI is more closely measuring biomass N content because chlorophyll A content
is correlated to biomass N content (Filella et al., 1995). While it is still not possible to
predict biomass N content in a diversity of cover crop types with a single universal
equation due to differences in radiation interception across different canopy architectures,
our results suggest that biomass N content is the biologically meaningful variable being
measured by NDVI meters, not dry biomass.
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While these results are promising, two potential concerns remain about this
methodology. First, could a hyperspectral radiometer provide better results than the
simple, inexpensive meter tested here? And is there a way to improve the accuracy when
measuring cover crops with high biomass N content? These two questions have been
addressed by the work of others. Li et al. (2008) compared several different normalized
difference and ratio vegetation indices that could be calculated from a radiometer able to
measure more wavebands, particularly in the green bandwidth (520-600 nm). In that
study, NDVI generally had comparable prediction accuracies as other indices. Moges et
al. (2005) also found that the green normalized difference vegetation index [GNDVI;
(NIR-G)/(NIR+G)] had similar prediction accuracy as NDVI. In estimating cover crop
dry biomass, Prabhakara et al. (2015) found that NDVI had similar predictive accuracy as
the triangular vegetation index [TVI; 0.5[120(NIR−G)−200(R−G)]] over the whole range
of data, but that the TVI did not saturate at high biomass levels. Given that NDVI
performs similarly to other vegetation indices, and that hyperspectral radiometers may be
too expensive for widespread use by farmers and agronomists, our results support the
continued use of the inexpensive handheld NDVI meter.
Saturation of NDVI is another issue that can lead to problems predicting high
levels of biomass N content. Saturation of NDVI can occur when leaf area index of a
plant canopy increases above 2 (Gamon et al., 1995), as NDVI is insensitive to the
additional layers of the plant canopy. Visual inspection of the data in our study suggest
that we did not experience NDVI saturation, as observations are evenly distributed above
and below the mean biomass N prediction at the highest NDVI measurements. However,
the nature of the exponential relationship does result in an increasing variance, and hence
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prediction error, as NDVI and biomass N content increase. This can be dealt with
statistically through data transformations, as we did, or by using hierarchical nonlinear
models, as in Muñoz et al. (2010). As heteroscedasticity in the NDVI-biomass N content
relationship may be inevitable, large prediction errors at high biomass N content may be
one constraint to the effective use of this methodology. Future work should assess
whether averaging over multiple predictions could resolve some of the uncertainty
associated with individual predictions, as the confidence interval for the mean prediction
in the two common models was comparatively narrow (Figure 4-2).
Demonstrating that an inexpensive handheld NDVI meter can accurately predict
cover crop biomass N content expands the opportunities for farmers, agronomists, and
other workers to routinely monitor and manage the N-related ecosystem services
provided by cover crops. For instance, cover crop biomass N content can be used in an N
mineralization model to predict the unfertilized yield of a subsequent corn crop and nonlegume biomass N content can predict reductions in potential nitrate leaching (White,
unpublished dissertation chapters). Furthermore, the aboveground biomass N content of
cover crops that is added to medium- and long-term soil organic matter pools upon cover
crop termination is itself an ecosystem service (Finney et al., 2016) that could be
estimated with an NDVI meter. Future work should focus on how to use remote sensing
of cover crop biomass N content to facilitate adaptive management of cover crops and N
fertility sources.
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Conclusion

We demonstrated that a handheld NDVI meter can accurately predict cover crop
biomass N content across a wide range of cover crops. Specific calibration equations
were necessary for different groups of cover crop functional types, possibly due to
differences in canopy architecture and leaf cell structure among the cover crop species we
tested. We also found that there were some conditions in which prediction accuracies
were low or regression models were non-significant, particularly when a cover crop
contained oats or canola in flowering growth stages, and when the cover crop canopy was
obscured by senescent vegetation from weed infestations or previously mowed cover
crop biomass. These results give farmers and agronomists a new method to rapidly,
inexpensively, and non-destructively estimate cover crop biomass N content, which could
allow for more routine monitoring and management of the N-related ecosystem services
provided by cover crops.
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Figure 4-1. Parameter estimates for the straight-line transformation of Eq. 4-2, [ln(Ncc)=
ln(a) + b NDVI], by cover crop functional types within seasons. Slope and intercept
parameters for each combination are plotted on the x- and y-axis, respectively, bounded
by 95% confidence intervals. Abbreviations for functional cover crop types within fall
and spring (Spr) seasons are the same as in Table 4-1. The gray markers and confidence
intervals represent the parameter estimates for the two common models developed by
grouping the surrounding cover crop functional types.
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Figure 4-2. The exponential
models predicting cover crop
biomass N content from NDVI
for groupings of cover crop
functional types within
seasons. Linear regression
models for each grouping were
fit to natural log transformed
cover crop biomass N content
data, and the results, including
the regression equation, were
back-transformed for
presentation. The solid line is
the prediction, the inner band is
the 95% confidence band of the
mean, and the outer band is the
75% confidence band of
individual predictions.
Abbreviations for cover crop
functional types within fall and
spring seasons are the same as
in Table 4-1.
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Table 4-1. The number of observations included in the calibration dataset of cover crop biomass N content
and NDVI. Observations are categorized by the original cover crop treatments (rows) and their assignment
to cover crop functional type categories within fall and spring sampling dates (columns), as well as the
number of observations excluded from the dataset due to various interference factors.
Fallb
Springb
Treatmenta
B G L-c L-v M M-b
B G-ry G-tr L-c L-v M M-b Excluded
AWP
- 12 8
AWP+CA+FR+OA+RC+RY
- 4
4
12
4
12c,d
AWP+CA+FR+RY
- 4
4
8
AWP+CA+RC+RY
- 20
12
2
18
4d
AWP+CC+TR
- 4
8
AWP+RC+RY
- 8
12
BA+CA+FM+FR+OA+RG+RY+SSG - 4
BA+CA+RG+RY
- 4d
CA
12 12
8d
CA+FR+HV+OA+RC+RY+SB+SH
- 4d
CA+FR+OA+RY
- 4d
CA+HV+RC+RY
- 4d
CA+RY+SH+SB
- 4d
CC+FR+OA+RC+RG+SC+SF
- 4
12
4c
CC+FR+RY
- 4
8
FB+RC
- 13
FB+RC+TR
- 27
FB+TR
- 4
FR
12 FR+HV+OA+RC
- 4
FR+OA+RY
- 4
12
HV
- 4
LC+RC+SC
- 4
4e
OA
- 4
8c
OA+RC+RY
- 4
12
12
8c
RC
- - 12
31
8e
RC+TR
- 9
RY
- 16 36
TR
- 4
Total
24 24 12 12 16 36
24 72
16
52 12 102 22
76
a
Species within cover crop treatments are abbreviated as: AWP- Austrian winter pea (Pisum sativum L. ssp. sativum var.
arvense); BA- barley (Hordeum vulgare L.); CA- canola (Brassica napus L.); CC- crimson clover (Trifolium incarnatum L.);
FB- fava bean (Vicia faba L.); FM- foxtail millet (Setaria italica (L.) P. Beauv); FR- forage radish (Raphanus sativus L.); HVhairy vetch (Vicia villosa Roth); OA- oats (Avena sativa L.); RC- red clover (Trifolium pratense L.); RG- annual ryegrass
(Lolium multiflorum Lam.); RY- cereal rye (Secale cereale L.); SB- soybean (Glycine max (L.) Merr.); SC- sweet clover
(Melilotus officinalis (L.) Pall.); SF- sunflower (Helianthus annuus L.); SH- sunnhemp (Crotalaria juncea L.); SSG- sorghumsudangrass (Sorghum bicolor L. X S. bicolor var. sudanese); TR- triticale (x Triticosecale Wittm. ex A. Camus.).
b
Categories of functional cover types within seasons are abbreviated as: B- brassicas; G- grasses (all types); G-ry- cereal rye;
G-tr- triticale; L-c- clovers; L-v- vining legumes; M- mixtures; M-b-mixtures with brassicas.
c
Excluded for flowering oats.
d
Excluded for flowering canola.
e
Excluded for frost-seeding.
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Table 4-2. The accuracy of models in predicting cover crop biomass N content from
NDVI. The training set results are for when the model is calibrated to the full dataset.
The validation set results are for blind predictions of the observations using a 10-fold
cross validation method. Cover crop functional type codes are the same as in Table 4-1.

Cover Crop
Functional Type
Fall.B
Fall.G
Fall.L-v
Fall.M
Fall.M-b
Spr.L-v
Spr.M-b
Common Modela

Training
Set
r2
0.82
0.86
0.99
0.94
0.95
0.98
0.87
0.91

Validation
Set
r2
0.79
0.83
0.98
0.93
0.95
0.98
0.82
0.91

Spr.G-ry
Spr.L-cl
Spr.M
Common Modela

0.73
0.67
0.79
0.76

0.72
0.64
0.79
0.76

Fall.L-cl
0.35
0.13
Spr.B
0.87
0.84
Spr.G-tr
0.79
0.73
a
The common models calibrated to predict the
group of cover crop functional types listed
above each.
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Chapter 5
Implications of Carbon Saturation Model Structure for Simulated Nitrogen
Mineralization Dynamics
This chapter has been previously published as:

White, C.M., A.R. Kemanian, and J.P. Kaye. 2014. Implications of carbon saturation
model structures for simulated nitrogen mineralization dynamics. Biogeosciences
11(23): 6725–6738.
The article is reprinted with permission under the Creative Commons Attribution License 3.0.

Abstract

Carbon (C) saturation theory suggests that soils have a limited capacity to
stabilize organic C and that this capacity may be regulated by intrinsic soil properties
such as clay concentration and mineralogy. While C saturation theory has advanced our
ability to predict soil C stabilization, few biogeochemical ecosystem models have
incorporated C saturation mechanisms. In biogeochemical models, C and nitrogen (N)
cycling are tightly coupled, with C decomposition and respiration driving N
mineralization. Thus, changing model structures from non-saturation to C saturation
dynamics can change simulated N dynamics. In this study, we used C saturation models
from the literature and of our own design to compare how different methods of modeling
C saturation affected simulated N mineralization dynamics. Specifically, we tested (i)
how modeling C saturation by regulating either the transfer efficiency (ε, g C retained g-1
C respired) or transfer rate (k) of C to stabilized pools affected N mineralization
dynamics; (ii) how inclusion of an explicit microbial pool through which C and N must
pass affected N mineralization dynamics; and (iii) whether using ε to implement C
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saturation in a model results in soil texture controls on N mineralization that are similar
to those currently included in widely used non-saturating C and N models. Models were
parameterized so that they rendered the same C balance. We found that when C
saturation is modeled using ε, the critical C:N ratio for N mineralization from
decomposing plant residues (rcr) increases as C saturation of a soil increases. When C
saturation is modeled using k, however, rcr is not affected by the C saturation of a
soil. Inclusion of an explicit microbial pool in the model structure was necessary to
capture short term N immobilization-mineralization turnover dynamics during
decomposition of low N residues. Finally, modelling C saturation by regulating ε led to
similar soil texture controls on N mineralization as a widely used non-saturating model,
suggesting that C saturation may be a fundamental mechanism that can explain N
mineralization patterns across soil texture gradients. These findings indicate that a
coupled C and N model that includes saturation can (1) represent short-term Nmineralization by including a microbial pool and (2) express the effects of texture on Nturnover as an emergent property.
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Introduction

Over the last two decades, the development of carbon (C) saturation theory has
fundamentally changed our understanding of C storage in soils and new biogeochemical
models have been developed to include C saturation dynamics (Hassink and Whitmore,
1997; Kemanian et al., 2005; Stewart et al., 2007; Kemanian et al., 2011). In
biogeochemical models that couple C and nitrogen (N) cycles, C fluxes drive N
mineralization (reviewed by Manzoni and Porporato, 2009). Thus, altering the structure
of a C model to accommodate saturation dynamics is likely to affect the coupled N cycle.
Yet, few attempts have been made to understand how C saturation affects N cycling (e.g.
Castellano et al., 2012). In particular and to our knowledge, no study has addressed how
the C saturation models proposed in the literature affect simulated N mineralization
dynamics.
Carbon saturation theory suggests that soils have a limited capacity to stabilize
organic C and that this capacity may be regulated by intrinsic soil properties such as clay
concentration and mineralogy (Hassink, 1997; Six et al., 2002). Clay mineral surfaces
stabilize and protect organic C through mineral organic complexes, leading to reduced C
decomposition rates (Baldock and Skjemstad, 2000). As mineral surfaces in a soil
become saturated with C, C decomposition rates increase, and the rate of soil organic C
storage per unit of C input declines. This phenomenon results in an asymptotic response
of soil organic C stocks to increasing C inputs (Stewart et al., 2007; Gulde et al., 2008;
Heitkamp et al., 2012). Six et al. (2002) proposed a conceptual model of C protection
based on measurable pools of organic C, including silt and clay associated C pools and
particulate organic matter C pools. Several studies have indicated that the silt and clay
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associated C pools exhibit a saturating C storage response to increasing C inputs, while
particulate organic matter increases linearly with C inputs (Gulde et al., 2008; Stewart et
al., 2008; Stewart et al., 2012). Given these findings, a new generation of ecosystem
models which can simulate physicochemical stabilization of soil organic matter by
mineral surfaces, among other processes, are needed to incorporate recent advances in
our understanding of C cycling (Schmidt et al., 2011).
Despite the strong evidence for C saturation, the majority of ecosystem scale
biogeochemical models that couple C and N cycles use linear C models with no
saturation (reviewed by Manzoni and Porporato, 2009). Rothamsted C (Jenkinson, 1990)
and Century (Parton et al., 1987) are two widely used non-saturating C models. In these
models, C decomposition occurs with first-order kinetics and steady-state C levels will
increase linearly as C inputs increase. In C saturation models, however, steady-state C
levels will approach an asymptotic limit as C inputs increase. Both non-saturation and
saturation C models couple N mineralization and immobilization (Nm-imm) to C
decomposition (Cdec) through the C:N ratio (r) of any given pair of decomposing (rdec)
and receiving (rrec) pools and the C transfer efficiency (ε, g C g-1 C) between pools (i.e.
the proportion of decomposed C that is transferred to a receiving pool as organic C as
opposed to being respired as CO2, which is sometimes termed microbial growth
efficiency). This coupling is represented as:
1
𝜀
𝑁𝑚−𝑖𝑚𝑚 = 𝐶𝑑𝑒𝑐 (
–
)
𝑟𝑑𝑒𝑐 𝑟𝑟𝑒𝑐

Eq. 5-1

The coupling of C and N described by Eq. 5-1 expresses a relationship between C
decomposition, C respiration, and N mineralization that will be affected by the structure
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of a C saturation model. For instance, one way to implement C saturation dynamics is by
regulating ε as a function of the C saturation ratio (the ratio of the actual C to that of a
putative maximum C level of the saturating pool, Cs/Cx) (Stewart et al., 2007; Kemanian
et al., 2011) (Figure 5-1a). Alternatively, the transfer rate (k, T-1) to the saturating pool
can be regulated as a function of the C saturation ratio (Hassink and Whitmore, 1997)
(Figure 5-1b). In both cases, when the saturation ratio increases, ε and k effectively
decrease because they are regulated multiplicatively by the function (1 – Cs/Cx) (Figure
5-1). These two methods of implementing C saturation dynamics create explicit
couplings between C saturation and N mineralization dynamics in different ways, the
implications of which have not been explored.
The N mineralization in Eq. 5-1 applies to any transfer of C and N between pools.
The extent to which net N mineralization occurs as opposed to net N immobilization
depends on the magnitude of ε and the difference between rdec and rrec. The r of
decomposing plant residue can vary widely across residue types. The critical r (rcr)
below which decomposing residue will cause positive net N mineralization can be solved
using Eq. 5-1 when Nm-imm=0, as shown in Eq. 5-2.
𝑟𝑐𝑟 =

𝑟𝑟𝑒𝑐
ε

Eq. 5-2

This equation shows that a decrease in ε will increase rcr. For example, if the
receiving pool is saturated, the rcr of decomposing substrates increases. The biological
meaning of a decreasing ε is that a smaller fraction of the products of microbial
decomposition stabilize in organo-mineral associations and thus remain available for
further microbial decomposition. The rcr in Eq. 5-2 is for a single transfer and not for the
sum of all transfers in a whole soil. A single transfer may immobilize N while a
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simultaneous transfer among other pools in the soil may result in net N mineralization at
the whole soil level.
Although the coupling of C and N cycles in soils is largely mediated by microbial
biomass, the microbial pool has been given little consideration in saturation models. In
only one case is the microbial pool explicitly represented in the model structure (Hassink
and Whitmore, 1997). This is in contrast to the body of contemporary C models in
whole, where 60% of models include one or more microbial pools (Manzoni and
Porporato, 2009). In other C saturation models, the microbial pool is either not included
(Stewart et al., 2007) or is implicitly included when parameterizing ε (Kemanian et al.,
2011). In the latter model, ε lumps in one step what is a cascade of C transfers among
pools mediated by microbial turnover. While this approach may produce reasonable
results for net C exchange in monthly or yearly time frames, when these ε are used for
short time steps they may obscure the N cycling during microbial turnover.
A feature that implicitly links non-saturation and saturation C models is the role
of soil clay concentration (fclay) in mediating ε, and hence N mineralization. In C
saturation models, fclay is used to calculate the maximum size of the saturating pool
(Hassink and Whitmore, 1997; Kemanian et al., 2011), thus the C saturation ratio is a
function of fclay. Models that use the C saturation ratio to regulate ε thus connect fclay to ε.
Non-saturating C cycling models have long used fclay to directly regulate ε (Parton et al.,
1987; Jenkinson, 1990; Verberne et al., 1990) in a way that leads to lower N
mineralization rates and a lower rcr in clay-rich soils. This method originated from
observations that soils with high fclay stabilize a greater proportion of C inputs. For
example, Jenkinson (1990) and Parton et al. (1987) used relationships derived from
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Sørensen (1975) and Sørensen (1981). However, Hassink (1996) found that the C
saturation ratio of a soil was a better predictor of C retention than fclay, suggesting that C
saturation may be a more fundamental mechanism to integrate the effect of soil texture in
a coupled C and N model. Despite the commonalities in how fclay controls N
mineralization in both saturating and non-saturating C models, the behavior of N
mineralization in these two types of C models has never been formally compared in the
literature.
In summary, while N dynamics are mathematically linked to C cycling in models
with coupled elemental cycles, the implications of C saturation model structure for
simulated N mineralization dynamics have not been addressed nor have N mineralization
dynamics in a C saturation model been compared with that of non-saturation models. To
advance the understanding of these areas we propose a set of hypotheses about how the
structure and parameterization of different C models will affect the dynamics of a
coupled N mineralization model. First, the method used to implement C saturation in a
model, either through regulation of transfer efficiency (ε) or transfer rate (k), will affect N
mineralization dynamics. Second, whether or not C saturation models include an explicit
microbial pool through which C and N must pass will affect N mineralization dynamics.
Finally, using ε to implement C saturation in a model results in soil texture controls on N
mineralization that are similar to those currently included in widely used non-saturating C
and N models. To test these hypotheses, we compared three different C saturation
models and one non-saturation model (Figure 5-2). These model structures were taken
from the literature or developed for this investigation. Models varied in whether C
saturation regulated either ε or k and whether a microbial pool was included in the
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saturation model. We coupled N to C cycling to obtain N mineralization and illustrate
how the C model structure affects the rcr and the temporal dynamics of a simulated
inorganic N pool during plant residue decomposition.

Methods

Structure of the Carbon Models

We focused on three C saturation models with increasing complexity and one
non-saturation C model (Figure 5-2). The first and simplest model in our study is a
single-pool saturation model, adapted from the models proposed by Kemanian et al.
(2005, 2011) and Stewart et al. (2007). The second model expands the single-pool
saturation model by adding a microbial pool (Cm). We termed this model the microbial
saturation model to reflect the explicit inclusion of a microbial pool through which C and
N must pass. The third model is the abiotic saturation model, whose structure was
proposed by Hassink and Whitmore (1997). This model includes a microbial pool (Cm),
a labile unprotected pool (Cun), and a saturating pool of protected C (Cs). We called this
the abiotic saturation model because the saturating pool is directly linked to the labile
pool and any transfers are abiotic sorption and desorption. We compared these three C
saturation models to the Rothamsted C (RothC) model (Jenkinson, 1990), which is based
on first order kinetics and results in a linear relationship between C input and steady-state
C level.
Because the main purpose of this study is to compare how the structure of C
models affects N mineralization, rather than C storage, we forced the turnover rate
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parameters so that each model would return similar steady-state C stocks at a given level
of fresh C inputs. We used turnover rates from RothC as defaults and the resulting steady
state soil C as a reference for other models. A detailed description of each model is
provided in the following sections. For reference, model structures are diagrammed in
Figure 5-2, parameters are specified in Table 5-1, and the differential equation for each
pool is in Table 5-2.

Single-pool Saturation Model

In the single-pool saturation model, decomposed C from the pool of residue
inputs (Cr) is transferred directly to Cs. The ε from Cr to Cs is regulated by an efficiency
factor (εx) and the saturation ratio (Cs/Cx). We calculate Cx as a function of fclay using the
formula developed by Hassink and Whitmore (1997). In this model, εx represents a
humification coefficient (sensu Hénin and Dupuis, 1945), or the slope that would be
obtained by regressing dCs/dt against C inputs. This coefficient is an effective efficiency
that lumps the C use efficiency of the microbes feeding on residues and on microbial
biomass (predation), detritus and exudates. We used εx = 0.18 g C g-1 C. This value is in
the upper range reported by Huggins et al. (1998), and would correspond to three cycles
of microbial feeding with a C use efficiency of 0.56 g C g-1 C (i.e., 0.563). This C use
efficiency agrees well with a representative upper value in soils reported in Figure 6 of
Manzoni et al. (2012). Both Cr and Cs decay with first order kinetics according to the rate
constants in Table 5-1. Decomposed C that is not transferred to Cs is respired as CO2.
The turnover rate of soil C (ks) in this model is taken from RothC. The residue C pool
turnover rate (kr) in all three saturation models is taken as the weighted average of the
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turnover rates for decomposable (kdpm) and resistant (krpm) plant material input pools in
RothC (i.e., 0.59kdpm+0.41krpm).

Microbial Saturation Model

In the microbial saturation model, C decomposed from Cr and Cs is transferred to
Cm while C decomposed from Cm is transferred to Cs. The ε from decomposing pools to
receiving pools is calculated as the square root of the ε used in the single-pool saturation
model. Thus, C that is stepping from Cr to Cm and from Cm to Cs is retained with an
overall efficiency similar to the single-pool model. Decomposed C that is not transferred
to a receiving pool is respired as CO2. The three pools Cr, Cm, and Cs decay with first
order kinetics. The turnover rate of the microbial pool (km) in this model is taken from
RothC while ks is derived to maintain a steady state Cs level that is equivalent to the
single-pool saturation model. The derivation for ks is provided in Appendix B.

Abiotic Saturation Model

The abiotic saturation model is adapted from the structure proposed by Hassink
and Whitmore (1997). Decomposed C from Cr and Cun is transferred to Cm with a fixed ε
representing microbial C use efficiency. Carbon in Cun is also transferred to Cs, a
protected pool, simulating the abiotic sorption of organic C to mineral surfaces. The
transfer rate from Cun to Cs (kun-s) is controlled by a maximum rate that is regulated by the
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size of Cs relative to its maximum capacity (Cx), with the latter being calculated as a
function of fclay using the original linear regression developed by Hassink and Whitmore.
Transfer of C from Cs to Cun, representing the desorption of organic C from the mineral
phase, occurs at the rate ks. Because the sorption-desorption process is abiotic, the ε
between Cun and Cs is 1 (no CO2 is respired in the transfer). The turnover rates kr and km
are consistent with the other saturation models. We set the default value for the decay
rate kun at 0.01 d-1 while the decay rates kun-s and ks were derived such that steady state Cs
level would be equivalent to the single-pool saturation model (see Appendix B for the
derivation).

Rothamsted C Model

In the RothC model (Jenkinson, 1990), C pools include decomposable (Cdpm) and
resistant (Crpm) fractions of plant material inputs, and microbial (Cm) and stabilized (Cs)
pools of soil C. Each pool decays with its own first-order rate constant. Decomposed C
from each pool is transferred to the receiving pools with an efficiency (ε) that is
determined by fclay. This efficiency varies from a low of 0.15 at 0.01 clay concentration
to a plateau of approximately 0.24 at 0.45 clay concentration. The fraction of
decomposed C that is not transferred to a receiving pool (1- ε) is respired as CO2. Of the
total C decomposed from all pools and not lost as CO2, 54% is transferred to Cs and 46%
is transferred to Cm.
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Modeling N mineralization

We coupled a simple N mineralization-immobilization model to each of the four
C models using the convention described in Eq. 5-1. The coupling of C and N for each
model structure is diagrammed in Figure 5-2. In this N mineralization model, N
decomposes from the donor pool in proportion to C decomposition based on the rdec. A
portion of the decomposed C is transferred to a receiving pool based on ε, while the
remaining C is respired as CO2. Decomposed organic N is transferred to the receiving
pool in proportion to the C received by the pool based on the rrec. Nitrogen
mineralization (or immobilization) is calculated as the difference between the N
decomposed and the N assimilated by the receiving pool. Nitrogen mineralized as a
result of C decomposition is added to an inorganic N (Ni) pool. When Nm-imm is negative,
immobilization occurs and N is removed from the Ni pool. If the pool size of Ni is
insufficient to meet the immobilization demand, C decomposition is limited by N
availability, as we assume that ε will not change. Under such circumstances, we calculate
the reduced C decomposition by rearranging Eq. 5-1 and assuming that Ni + Nm-imm = 0:

𝐶dec=

𝑁i
ε
1
−
𝑟rec 𝑟dec

Eq. 5-16

We use a fixed r of 10 for the microbial and soil organic matter pools while the r
of the input residues was a variable parameter input to the model.
To maintain simplicity of our N model, we do not include N transformations such
as nitrification or N losses such as leaching and plant uptake. Thus, in time series
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modeling exercises, the Ni pool represents the cumulative sum of net N mineralization
and immobilization. Due to the simplification of our N model, we do not include N
cycling feedbacks on C cycling, which are known to exist in nature and are sometimes
included in more sophisticated models (e.g. Schimel and Weintraub, 2003; Eliasson and
Ågren, 2011)

Modeling Exercises

To study and illustrate the differences in C and N cycling among the four models
and the implications of the C model structure on N mineralization we did the following:
(i) derived the analytical solutions to the steady-state size of each C pool as a function of
C input level for all models; (ii) calculated the rcr for a range of fclay and saturation ratios;
and (iii) simulated the temporal dynamics of N mineralization at a daily time-step
following a one-time residue addition.
In the daily time-step residue addition simulation, a 5 Mg C ha-1 mass of plant
residues with a r of 60 added to the soil on day 1 was allowed to decompose for 365 days.
Nitrogen mineralization and/or immobilization resulting from residue and soil organic
matter decomposition was added to or removed from the Ni pool. The simulation was
conducted for 0.05 clay concentration and 0.25 clay concentration soils. Soil organic C
pool sizes in each model were initialized to steady-state levels for an annual plant residue
addition level of 5 Mg C ha-1 (equations in Table 5-3). The Ni pool was initialized to a
size of 0.05 Mg N ha-1 to prevent N limitation of decomposition during the modeling
exercise. Simulations were conducted in Microsoft Excel using the Visual Basic for
Applications programming language.
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Results

Characteristics and Behavior of the C Models

As expected, steady-state levels of C pools in each model responded to increasing
C inputs in either a saturating or linear manner based on the parameterization of each
model structure (Table 5-3 and Figure 5-3). The Cs pool saturates in all three saturation
models and Cm saturates in the microbial saturation model. In the single-pool saturation
and microbial saturation models, this results because the C transfer efficiency (ε) to Cs
and Cm is regulated by the C saturation ratio. As C saturation increases, more C is
respired as CO2 in the transfer and less is retained by the receiving pool. The Cs pool
saturates in the abiotic saturation model because kun-s is regulated by the C saturation
ratio. As C saturation increases, less C is transferred from Cun to Cs. In the abiotic
saturation model, Cm and Cun are non-saturating and respond linearly to increasing C
inputs, as do all the pools in RothC. The linear response is because the ε to these pools is
a fixed value. Increasing fclay from 0.05 to 0.25 led to increased C storage in the Cs pools
of all saturation models and RothC, and the Cm pools of the microbial saturation model
and RothC (Figure 5-3). In the abiotic saturation model, Cm and Cun levels were
unaffected by fclay.
When C input levels and soil clay concentration were low, only small differences
in total C storage were predicted by each model, as calculated by summing the mass of
all C pools (Figures 5-3c and 5-3d). However, at higher C input levels and soil clay
concentration, large divergences between the saturation models and RothC occurred
owing to the asymptotic characteristic of saturation models. Even though the abiotic
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saturation model contained the non-saturating pools Cun and Cm, the overall response of
total C storage to increasing C inputs was similar to that of a pure saturation model. This
is because of the relatively small size of the Cun and Cm pools compared to Cs when C
inputs are within the range typical of most ecosystems (<15 Mg C ha-1 y-1).

Nitrogen Mineralization Dynamics

The method used to implement C saturation in a model, by regulating either
transfer efficiency (ε) or transfer rate (k), affected N mineralization dynamics. When C
saturation is implemented by regulating ε, as in the single-pool saturation and microbial
saturation models, the saturation ratio affects the rcr of decomposing plant residues (Table
5-4, Figure 5-4a). In these models, rcr increases as the saturation ratio increases. On the
other hand, when C saturation is implemented by regulating k, as in the abiotic saturation
model, rcr is independent of the saturation ratio (Table 5-4, Figure 5-4a).
The explicit inclusion of a microbial pool in the C saturation models also affected
N mineralization dynamics. When a microbial pool was not explicitly included, as in the
single-pool saturation model, rcr ranged from 55 to nearly 1,000 over the saturation ratio
gradient (Figure 5-4a). In the microbial saturation and abiotic saturation models, where
C and N flow through a microbial pool, rcr was lower and had a narrower range over the
saturation ratio gradient. In the microbial saturation model, rcr ranged from 25 to 200
over the saturation ratio gradient while the abiotic saturation model had a fixed rcr of 40
(Figure 5-4a). The inclusion of a microbial pool also affected the temporal dynamics of
N mineralization during simulated residue decomposition. In the microbial saturation and
abiotic saturation models, decomposition of plant residue with r=60 led to an initial
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period of net N immobilization, whereas the single-pool saturation model predicted
immediate net N mineralization (Figure 5-5).
Using ε to implement C saturation in the single-pool saturation and microbial
saturation models led to soil texture controls on N mineralization that were similar to
RothC, a widely used non-saturating model. In these three models, rcr decreased as clay
concentration increased (Figure 5-4b). The rcr in RothC decreased from 59 at a clay
concentration of 0.05 to 41 at a clay concentration of 0.80. Across the same clay
concentration gradient, rcr in the single-pool saturation model decreased from 86 to 66
and rcr in the microbial saturation model decreased from 29 to 26.

Discussion

A significant result from our work is that despite similar predictions of C storage
across the saturation models, dynamics of N mineralization diverged widely due to the
structure of each model. We revealed two important considerations for how C saturation
models can be linked to N mineralization dynamics. First, the influence of C saturation
on N mineralization dynamics depends on whether C saturation is modeled as a process
regulating transfer efficiencies or a process regulating transfer rates. Second, a singlepool C saturation model that may predict long-term C storage well can misrepresent
short-term N mineralization if N cycling is simply linked to the long cadence of C
cycling. For example, the single-pool C saturation model predicted N mineralization
from high r ratio litter inputs (r > 60) which normally result in N immobilization
(Manzoni et al., 2008; Sinsabaugh et al. 2013). This mismatch between C and N cycling
can be greatly improved by simply adding an intermediate pool of microbial biomass
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through which C and N must pass; an addition that does not affect long term C cycling.
Finally, we demonstrated that soil texture controls on N mineralization can be similar
between saturation and non-saturation models. These findings have important
implications about how the structure of C saturation models affect N mineralization and
offer new hypotheses about the links between C saturation and N mineralization
processes that should be tested with further research, as described in the following
sections.

Regulating ε vs. k to implement C saturation affects N mineralization dynamics

The influence of C saturation on N mineralization dynamics depends on whether
C saturation is modeled as a process regulating ε or k. In the single-pool and microbial
saturation models, the C saturation ratio is used to regulate ε, coupling C saturation and N
mineralization processes based on Eq. 5-1. In the abiotic saturation model, where the
saturation ratio does not regulate ε but rather k, C saturation does not affect N
mineralization dynamics. These differences in how the models simulate C saturation
present contrasting hypotheses of how C saturation could affect N mineralization
dynamics.
If C saturation does affect N mineralization, there may be important implications
for ecosystem management. For example, increasing C inputs to an ecosystem to
promote C sequestration, or large disposals of manure in the soil, would move the soil
closer to C saturation, causing more N mineralization from the inputs and potentially
increased N losses. Management practices that redistribute SOC concentrations in a soil
profile and mix layers with higher saturation ratio (e.g. top layer in no-till systems) with
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layers of lower saturation, would result in altered N mineralization patterns from crop
residues.
A limited number of studies addressed these potential implications. Castellano et
al. (2012) presented a conceptual model linking C and N saturation theories which was
supported by evidence that increasing levels of C saturation reduced the transfer of NH4N to mineral associated organic matter and increased potential net nitrification.
Similarly, McLauchlan (2006) found that net N mineralization decreased as clay
concentration increased in soils aggrading C following agricultural abandonment. The
findings of both of these studies are consistent with the behavior of a C saturation model
where the C saturation ratio regulates ε. In such a model, increasing C saturation would
reduce ε, resulting in less N immobilization (as in Castellano et al., 2012) or greater N
mineralization (as in McLauchlan, 2006).

Inclusion of a microbial pool in C saturation models affects N mineralization dynamics

In order to obtain reasonable predictions of N mineralization from decomposing
plant residues, it was necessary to include an explicit microbial pool in the C saturation
model. In the single-pool saturation model, an explicit microbial pool is not included,
rather an effective C transfer efficiency between Cr and Cs lumps approximately three
cycles of microbial predation into one step. This approach has been used to accurately
predict C storage over decadal time scales (Kemanian and Stöckle, 2010) and a singlepool model offers the advantages of parsimony (Stewart et al., 2007) and simplicity of
calibration requirements (Kemanian and Stöckle, 2010). However, when coupled to a
model of N mineralization, the single-pool saturation model yielded a rcr that ranged from
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55 to over 555 as the C saturation ratio rose above 0.9 (Figure 5-4a). This range of rcr is
above the range that has been observed across a variety of ecosystem and substrate types
except for woody residue substrates (Manzoni et al., 2008).
The steepness of the rise in rcr as C saturation ratio increases in the single-pool
model could be tempered by exponentiating the C saturation ratio. For example,
Kemanian et al. (2011) raised the C saturation ratio to the sixth power. While this
method may maintain rcr at more reasonable levels across a broader range of C saturation
ratios, it only shifts the sharp rise in rcr to a higher saturation ratio and accentuates the
steepness of the rise when it does occur.
In the single-pool model, the steep rise in rcr as C saturation increases is
unrealistic. A simple modification, adding an intermediate pool representative of
microbial biomass, greatly improved the dynamics of N mineralization in the microbial
saturation model. In this model, rcr ranged from 23 to over 74 as the C saturation ratio
rose above 0.9 (Figure 5-4a). A similar range of rcr values was observed in non-woody
plant residues by Manzoni et al. (2010), though the range was mostly explained by N
concentration of the residues rather than C saturation of the soil. Within C saturation
ratios that would occur under a more realistic C input level (~5 Mg C ha-1 y-1), the rcr in
the microbial saturation model ranged narrowly from 26 to 29 across a range of clay
concentrations (Figure 5-4b). The abiotic saturation model predicted an rcr of 40 based
on a fixed microbial growth efficiency (ε) of 0.25. The rcr predicted by the two C
saturation models with explicit microbial pools fall closely in line with traditional
estimates of rcr that have been developed for relatively N rich residues (Sinsabaugh et al.,
2013).
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Compared to a single pool saturation model, the addition of a microbial pool to a
C saturation model allows representing the short-term dynamics of N storage and
turnover in microbial biomass. This improvement is achieved while preserving estimates
of C storage and at the cost of only one additional parameter to the model. This
improvement results in a model structure that can be applied to a broader set of
ecological processes including both C and N cycling at short and long time scales.

Soil texture controls on N mineralization can be similar between saturation and non-saturation
models

Soil texture has direct and indirect regulating effects on ε in RothC, the singlepool saturation and microbial saturation models, resulting in similar soil texture controls
on N mineralization among the saturation and non-saturation models. RothC uses fclay to
directly regulate ε while the single-pool saturation and microbial saturation models use
fclay to regulate Cx, thus affecting ε (Table 5-1). In all three of these models, rcr decreases
with increasing clay concentration when the pool size for Cs is maintained constant
(Figure 5-4b). This occurs because a greater fraction of C and N are transferred to
stabilized pools in clay rich soils rather than being mineralized. Early studies that
demonstrated soil texture controls on N mineralization under a paradigm of nonsaturation C models (Ladd et al., 1981; Van Veen et al., 1985; Schimel, 1986) are
consistent with the behavior of C saturation models that use ε to implement saturation.
Therefore, C saturation theory may provide a mechanism to explain the effects of soil
texture on C and N cycling.
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Relevance to ecosystem processes and future research

Although the currently limited data on the links between C saturation and N
mineralization dynamics seem to support a coupling of these processes (Castellano et al.,
2012), it does not permit assessing with certainty the practical significance of such a
relationship. For instance, at reasonable C input rates, the change in rcr due to the effects
of a clay gradient on the C saturation ratio is rather minor in the microbial saturation
model (e.g., 26 to 29 as in Figure 5-4b). The effect of C saturation on rcr becomes much
more pronounced as the saturation ratio increases above 0.5 (Figure 5-4a). This level of
saturation requires high C inputs per unit of soil mass under the current parameterization
of our model, but can be achieved in the top layer of undisturbed no-till agricultural soils
or pasture lands (Mazzilli et al., 2014) or in low clay concentration soils (Castellano et
al., 2012).
Given the limited but encouraging data supporting the conceptual and quantitative
link between C saturation and N mineralization, we believe that further empirical
research should be pursued to test the hypothesis that C saturation is a mechanism that
controls N mineralization. In testing this hypothesis, it will be particularly important to
design studies that utilize C saturation gradients across similar soil textures, as one can
argue that it is difficult to separate saturation from clay concentration effects in the
experiments reported in the literature (Ladd et al., 1981; Van Veen et al., 1985; Schimel,
1986; McLauchlan, 2006; Castellano et al., 2012). A more specific hypothesis generated
by our work is that as C saturation ratio increases so does the rcr of decomposing plant
residues. If this hypothesis is correct, further studies should evaluate its practical
implications for managing C and N in natural and managed ecosystems. For example, a
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hypothesis for an applied field experiment might be that N mineralization dynamics are
altered by C saturation patterns occurring in soil profiles with stratified soil organic
matter, such as those in no-till agricultural systems. We also suggest conducting
additional studies to verify and improve our estimation of the maximum soil C storage
capacity (Cx), as the quantitative relationship between C saturation and N mineralization
is sensitive to this value and our current method of estimation is based on the results of
only one study (Hassink and Whitmore, 1997).
Recent advances in the understanding of C cycling, including C saturation theory,
need to be incorporated into a new generation of ecosystem models (Schmidt et al., 2011)
as exemplified by Kemanian et al.(2011). Along with C saturation, others are active in
incorporating microbial priming effects (Wutzler and Reichstein, 2008; Perveen et al.,
2014) and controls on microbial C use efficiency (Allison et al., 2010; Wetterstedt and
Ågren, 2011) into biogeochemical models. Perveen et al. (2014) demonstrated that N
cycling was affected by increased fresh C inputs from elevated CO2 in a priming effect
model. Interestingly, the definition for microbial priming proposed by Wutzler and
Reichstein (2008), where “decomposition of one soil C pool is influenced by the
dynamics of another soil C pool,” also pertains to the structure of some C saturation
models we tested in this study. Controlling microbial C use efficiency based on
temperature has proven to be an important model feature that improves the representation
of temperature effects on C cycling (Allison et al., 2010; Wetterstedt and Ågren, 2011).
Given the sensitivity of N mineralization to C use efficiency that we observed in our
study, temperature controls on C use efficiency in a model are also likely to affect a
coupled N cycle. A next step in the development of new ecosystem models will be to test
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how models behave when several new C cycling processes are implemented
simultaneously.

Conclusions

We demonstrated that different C saturation model structures can produce similar
predictions of C storage, but that predictions of N mineralization can diverge widely.
Inclusion of a microbial pool in the microbial saturation model led to more reasonable
predictions of N mineralization compared to the single-pool saturation model. We also
demonstrated that the link between C saturation and N mineralization depends on
whether C saturation is modeled as a process regulating transfer efficiencies or transfer
rates among pools in the model. In a C saturation model in which the saturation ratio
regulates the transfer efficiency, the N mineralization dynamics across a soil texture
gradient are similar to that of the non-saturating RothC model. These findings lead to
new hypotheses about the relationship between C saturation and N mineralization that
can be tested empirically, and offer a clear pathway to represent C saturation and N
mineralization dynamics.
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Figure 5-1. Conceptual models illustrating two different methods of implementing C
saturation dynamics. In both models, the C saturation ratio of the saturating pool is
defined by the ratio of the current pool size (Cs) to a theoretical maximum pool size (Cx),
or Cs/Cx. In model A, the C saturation ratio regulates the C transfer efficiency (ε) between
the donor pool (Ci) and Cs. As the C saturation ratio increases, less of the C decomposed
from Ci is transferred to Cs and more is respired as CO2. In model B, the C saturation
ratio regulates the decomposition rate (k) of Ci, such that the rate decreases as the C
saturation ratio increases. The C transfer efficiency is not affected by the C saturation
ratio in model B.
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Figure 5-2. Diagrams of the pools and fluxes in the four models used in this study.
Carbon and N pools are indicated together in boxes. Carbon fluxes are indicated by
brown arrows and N fluxes by green arrows. Pools are abbreviated as follows: Cr, Cdpm,
Crpm and Nr, Ndpm, Nrpm are plant residues; Cm and Nm are microbial biomass; Cun and Nun
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are un-protected soil organic matter; Cs and Ns are protected or stabilized soil organic
matter; Cx and Nx are the maximum or saturating capacity for C and N storage. The
inorganic N pool is represented by a green box. Carbon decomposition from each pool
and the pool stoichiometry (C:N ratio) are represented by the symbols Cj-dec and rj,
respectively, where j specifies the pool. Pools decompose with first order kinetics based
on rates listed in Table 5-1. The symbol ε is the C transfer efficiency to the receiving
pool, the value of which is specified by Table 5-1 for each model. Symbols illustrated
with a brown gradient fill pattern are regulated by the C saturation ratio (Cs/Cx).
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Figure 5-3. The relationship between C input level and the steady-state C level of various
pools in each model for soils with contrasting clay concentration. (A) The Cs pool of
each model in soils with 0.05 and 0.25 clay concentration. (B) Other C pools in each
model in soils with 0.05 and 0.25 clay concentration (note: the pools in the abiotic
saturation model are not sensitive to clay concentration). (C, D) The total C pool size in
soils with 0.05 clay concentration (C) and 0.25 clay concentration (D).
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Figure 5-4. The critical C:N ratio (rcr) as a function of carbon saturation ratio (A) and
clay concentration (B). In (B), the pool size for Cs was maintained constant at 32 Mg C
ha-1, thus the clay gradient creates a C saturation gradient. For reference, a pool size of 32
Mg C ha-1 would result from an annual C input level of ~5 Mg C ha-1 y-1.
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Figure 5-5. The inorganic N pool during decomposition of a 5 Mg C ha-1 residue addition
with a r of 60 in a soil with 0.05 clay concentration (A) and 0.25 clay concentration (B).
Soil C pool sizes for each model structure were initialized to the steady state levels that
would occur from annual residue additions of 5 Mg C ha-1. Residue and soil C pools
decomposed at the optimum rates listed in Table 5-1.
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Table 5-1. The parameter values used in each model.

Parameter
Cxa
εx
ε
εr
kr
kdpm
krpm
ks

Description

Units

Single-pool
Saturation
21.1 + 37.5fclay

Microbial
Saturation
21.1 + 37.5fclay

Abiotic
Saturation
21.1 + 37.5fclay

Maximum capacity of
Cs
Humification
coefficient
Carbon transfer
efficiency
Carbon recycling
efficiency
Residue
decomposition rate
Labile residue
decomposition rate
Recalcitrant residue
decomposition rate
Cs decomposition rate

g C kg-1 soil
g C g-1 C

0.18

0.18

0.18

g C g-1 C

𝜀x(1 − Cs⁄𝐶x)

√𝜀x(1 − Cs⁄𝐶x)

0.25

g C g-1 C
d-1

RothC

1
4.09 + 2.67𝑒 −7.86fclay

0.75
0.0165

0.0165

0.0165

d-1

0.0274

d-1

8.2 x 10-4

d-1

5.48 x 10-5

5.48 × 10−5
(1 − 𝜀 2 )
1.81 x 10-3

5.48 × 10−5
𝑘un(1 − 𝜀 𝜀r)
1.81 x 10-3

5.48 x 10-5

Cm decomposition
d-1
1.81 x 10-3
rate
𝜀x(1 − Cs⁄𝐶x)
kun-s
Transfer rate from
d-1
Cun to Cs
𝜀 𝜀r
kun
Cun decomposition
d-1
0.01
rate
a
Cx as calculated by Hassink and Whitmore (1997). For use in the modeling exercises, we converted Cx to units of Mg C ha-1 by
assuming a soil bulk density of 1.3 Mg m-3 and a soil depth of 0.3 m.
km
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Table 5-2. Differential equations for carbon pools in each model.

Single-pool saturation model
dCr/dt =Ia - krCr
dCs/dt = ε krCr – ksCs

Eq. 5-3
Eq. 5-4

Microbial saturation model
dCr/dt =I - krCr
dCm/dt = ε krCr + ε ksCs– kmCm
dCs/dt = ε kmCm – ksCs

Eq. 5-5
Eq. 5-6
Eq. 5-7

Abiotic saturation model
dCr/dt =I - krCr
dCm/dt = ε krCr + ε kunCun – kmCm
dCun/dt = εr kmCm + ksCs – kunCun – kun-sCun
dCs/dt = kun-sCun – ksCs

Eq. 5-8
Eq. 5-9
Eq. 5-10
Eq. 5-11

RothC
dCdpm/dt =0.59I – kdpmCdpm
dCrpm/dt =0.41I – krpmCrpm
dCs/dt = 0.54 ε (kdpmCdpm + krpmCrpm + kmCm + ksCs) – ksCs
dCm/dt = 0.46 ε (kdpmCdpm + krpmCrpm + kmCm + ksCs) – kmCm
a
I = Plant residue C inputs

Eq. 5-12
Eq. 5-13
Eq. 5-14
Eq. 5-15
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Table 5-3. Analytical solutions to the steady-state level of the SOC pools in each model.
Carbon input rate (I) and turnover rates ks, km, and kun must have same time units.

All saturation models
𝜀x 𝐼
Cs = a
𝑘s + 𝜀xCr/𝐶x

Eq. 5-17

Microbial saturation model
√𝜀x(1 − Cs⁄𝐶x) 𝐼
Cm =
𝑘m(1 − 𝜀x(1 − Cs/𝐶x))

Eq. 5-18

Abiotic saturation model
𝜀𝐼
Cm =
𝑘m(1 − 𝜀 𝜀r)

Eq. 5-19

Cun =
RothC
𝐶s =

𝜀 𝜀r 𝐼
𝑘un(1 − 𝜀 𝜀r)
0.54𝜀 𝐼
𝑘s(1 − 𝜀)

0.46𝜀 𝐼
𝑘m(1 − 𝜀)
a
The ks parameter value from the single-pool saturation model.
𝐶m =

Eq. 5-20

Eq. 5-21

Eq. 5-22
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Table 5-4. The analytical solution to rcr in each model.

Single-pool saturation
𝑟𝑠
𝑟𝑐𝑟 =
εx(1 − Cs⁄𝐶x)

Eq. 5-23

Microbial saturation
𝑟𝑚
𝑟𝑐𝑟 =
√𝜀x(1 − Cs⁄𝐶x)

Eq. 5-24

Abiotic saturation
𝑟𝑚
𝑟𝑐𝑟 =
0.25

Eq. 5-25

RothC
𝑟𝑐𝑟 = (0.54𝑟𝑠 + 0.46𝑟𝑚 ) (4.0 + 2.67𝑒 −7.86fclay )

Eq. 5-26
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Chapter 6
Conclusion
The work contained in this dissertation includes several new models that predict
potential nitrate (NO3-) leaching, nitrogen (N) mineralization, and subsequent corn yields
based on cover crop biomass characteristics and soil organic matter concentration. These
models provide foundational tools which farmers and agronomists could use to
adaptively manage cover crops and nitrogen fertility in corn. Some models are
immediately useable to support adaptive management, while others will require further
work to realize the full potential. This conclusion outlines how the models could be used
together to support adaptive management and where further research will be necessary.
Adaptive cover crop management begins with identifying the goals for a cover
crop to achieve. This dissertation focused on N-related goals, such as preventing NO3leaching and supplying N to corn with N mineralized from cover crop residues and soil
organic matter. However, there are many other goals that a farmer may want to achieve
with cover crops, such as forage production, erosion control, weed suppression, habitat
and resources for beneficial insects and pollinators, and soil organic matter building. The
N management goals of a farmer will likely be influenced by the farm enterprise and crop
production system. For instance, integrated crop-livestock farms which are producing
manure on-site may place a greater priority on the efficient use of manure as fertilizer
resource and the prevention of manure N losses by leaching. Grain farmers that purchase
fertilizer inputs may place a greater priority on offsetting N fertilizer with N supplied by
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cover crops. There may also be some farmers who place equal priorities on preventing
NO3- leaching and offsetting N fertilizer inputs.
Depending on the priorities of the farmer, the models developed in this
dissertation can inform the cover crop species selection, as well as provide a mechanism
to evaluate results of the cover crop and make future adjustments. When priorities are
heavily weighted towards one N management goal versus another, the models provide
clear guidance. To maximize reductions in NO3- leaching, plant a winterhardy nonlegume such as cereal rye (Secale cereale L.). To maximize N supply to corn from
decomposing cover crop residues in order to offset N fertilizer inputs, plant a winterhardy
legume with the potential to produce a high biomass N content, such as hairy vetch (Vicia
villosa Roth).
The models also illustrate potential tradeoffs between the goals of reducing NO3leaching and supplying cover crop N to subsequent crops. Increasing the non-legume
biomass N content of a cover crop to reduce NO3- leaching generally increases the cover
crop biomass carbon to nitrogen (C:N) ratio, which reduces the N supply potential.
When the goals of preventing NO3- leaching and supplying N to subsequent crops are
equally prioritized, cover crop management should focus on minimizing the tradeoff.
The model suggests this can be accomplished by planting a cover crop mixture of
legumes and non-legumes that has just enough non-legume biomass N content to
scavenge residual NO3-, but not so much as to outcompete the legume biomass N content,
the presence of which contributes to lowering the composite biomass C:N ratio. Our
experiences with cover crop mixtures in Chapter 2 show that achieving an even balance
between legumes and non-legumes in a cover crop mixture can be difficult to achieve and
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that results for the same species mixture are highly variable across sites. This
underscores the importance of monitoring the outcomes of cover crop plantings and
making future adjustments to achieve desired targets. The results of each cover crop
planting also need to be evaluated to determine how they might impact yield and N
fertilizer requirements of a subsequent crop.
The model to predict corn yield response from cover crop biomass N content and
C:N ratio developed in Chapter 3 and the model to predict cover crop biomass N content
with a handheld NDVI meter in Chapter 4 are two tools that could be used to adaptively
manage N fertilizer in response to the outcomes of the cover crop planting. Using the
NDVI meter generates a prediction of the actual cover crop biomass N content which can
be an input to the yield response model. The cover crop biomass C:N ratio also needs to
be estimated for use in the yield response model, so look-up tables or other methods to
estimate C:N ratio need to be developed. A process to use the yield response model to
calculate an adjustment to the N fertilizer application rate also needs to be developed
through further research, suggestions for which are discussed in Chapter 3.
Soil organic matter concentration also has implications for adaptive management
of cover crops. In Chapter 2, the positive contribution of soil carbon (C) concentration to
relative corn yields offset the negative effect of increasing cover crop biomass C:N ratio.
Thus sites with high soil C concentration may have more flexibility in balancing the goals
of reducing NO3- leaching and supplying N to subsequent crops. Linking a C saturation
model to an N mineralization model also revealed that under certain model structures, the
C saturation level regulated the C humification efficiency (ε) and N mineralization
(Chapter 5). Theoretical simulations indicated that the effect of C saturation on N
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mineralization and the critical C:N ratio of decomposing residues that would cause N
immobilization varied considerably across different model structures. The importance of
understanding the linkage between C and N cycling is supported by results from other
chapters, as the value for ε was an important parameter in the empirical N mineralization
model developed in Chapter 3, and soil C concentration offset the negative effect of
increasing cover crop biomass C:N ratio in the model developed in Chapter 2. Future
field studies should assess how C saturation might affect N mineralization from
decomposing cover crops, and results from such work could be used to improve processbased models of C and N cycling, which are the backbone of some fertilizer decision
support tools.
The development of models that can be used by farmers and agronomists to guide
the provisioning of ecosystem services represents a frontier in agricultural modelling. If
the individuals using the models (e.g., researchers vs. farmers/agronomists) are crossed
with the biophysical scope of the models (e.g., crop production vs. ecosystem services),
the domain of agricultural models can be divided into 4 quadrants (Figure 6-1). As the
use of agricultural models has increased over time since the inception of process-based
algorithms in the 1960’s (Bouman et al., 1996; Holzworth et al., 2015), model users have
expanded from researchers to include farmers and agronomists and the biophysical scope
of modelling has extended from crop production factors affecting yields to include a
broad range of ecosystem services such as C storage, greenhouse gas emissions, and
water quality (Figure 6-1). The last quadrant of the agricultural modelling domain to be
filled is the use of models by farmers and agronomists to manage the provisioning of
ecosystem services from agricultural lands.
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As agricultural modelling expands into the quadrant where farmers use models to
manage ecosystem services, model developers should be aware of balancing the
complexity of models with their ease of use. For instance, dynamic models which
simulate ecological processes on daily time steps have always been attractive research
tools, but require a data infrastructure and user interface that may be very expensive and
difficult to transfer to farmers. On the other hand, static models, which can be formulated
as regression equations representing ecological processes, could allow farmers to predict
outcomes and make management decisions with pencil and paper. There is certainly
room for both dynamic and static models to inform agricultural management practices for
the provisioning of ecosystem services, but the selection of one model type over the other
should be made with careful consideration of the context of its application.
The research in this dissertation strives to advance the frontier of agricultural
modelling into the domain where farmers and agronomists can use models to enhance the
ecosystem service provisioning from agricultural lands. With a focus on the N related
services provided by cover crops, the models developed here provide a foundation for
adaptive cover crop management. Such models will allow farmers to make informed
decisions in regard to cover crop selection and management and provide a method for
farmers and agronomists to evaluate the outcome of a cover crop planting and adjust
future management practices.
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Figure 6-1. The domain of agricultural models can be categorized into four quadrants
based on the model user (researcher vs. farmer/agronomist) and the biophysical scope
(crop production vs. ecosystem service provisioning). Over time, the domain of
agricultural models has expanded from researchers studying factors affecting crop
production to use by both researchers and agricultural practitioners to study and manage
both crop production and the provisioning of ecosystem services. Farmers and
agronomists using models to predict and manage ecosystem service provisioning from
agricultural lands represents a new frontier in agricultural modelling.
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Appendix A

Figure A-1. Relative corn yield across gradients of cover crop biomass C:N ratio, as predicted by
the model described in Table 2-4. In Panel A, the prediction as fall biomass C:N ratio varies,
given a spring biomass C:N ratio of 15 and for different levels of soil C concentration. In Panel
B, the prediction as spring biomass C:N ratio varies, given a fall biomass C:N ratio of 15 and for
different levels of soil C concentration.
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Figure A-2. Cover crop biomass N content (bars) and biomass C:N ratio (circles) by
species within each treatment at the fall (top panel) and spring (bottom panel) sampling
dates averaged across years. The values are raw means with ±1 standard error intervals.
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Figure A-3. The relationship between total non-legume biomass N content (fall + spring)
and potential NO3- leaching. The solid line indicates the model prediction for potential
NO3- leaching as total non-legume biomass N content increases, given average values for
all other predictor variables (Spring C:N ratio = 18; Spring Precip. = 298 mm; Spring
GDD = 465 ° C d; Nov. NO3- = 2.5 mg/kg; Fall Winterkilled Biomass N = 13.5 kg N ha1
).
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Figure A-4. Model predictions of the corn yield response (in units of N content, Δ kg N
ha-1) across a gradient of cover crop biomass C:N ratios for either a winterkilled or
winterhardy cover crop, each with a constant biomass N content of 100 kg N ha-1. This
figure illustrates the interaction between cover crop phenology and biomass C:N ratio
that occurs due to differences between winterkilled and winterhardy cover crops in the
parameter estimates for α and ɛ.
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Table A-1. The N content and C:N of cover crop roots at the Berks county location in
spring of the 2013 start year measured at a depth of 0 to 20 cm. Root N content values
were natural log transformed for statistical analysis and back-transformed means are
presented. Means followed by different letters are significantly different ( p < .01 for N
content and p < .05 for C:N, LSD).
Cover Crop

Root N

Root C:N

(kg N ha-1)
Ry

30

CC+FR+Ry
AWP+Ca+RC+Ry

A

34 ± 1.6

A

24 AB

28 ± 1.6

B

16

27 ± 1.6

B

C
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Appendix B

Deriving the parameter ks for the microbial saturation model that would force
steady-state Cs levels to be equivalent to the single-pool saturation model required
reformulating Eq. 5-7 to solve dCs/dt with respect to Cr. This is achieved by solving
steady-state Eq. 5-6 for kmCm and substituting this for kmCm in Eq. 5-7. The result is Eq.
B-1:
dCs/dt = ε2 krCr – (1- ε2)ksCs

Eq. B-1

Eq. B-1 and Eq. 5-4 can equated and the turnover rate for Cs in model B solved:
𝑘s =

5.48 × 10−5
(1 − 𝜀 2 )

Eq. B-2

To derive parameters for the abiotic saturation model that would force steadystate Cs levels to be equivalent to steady-state Cs levels in the single-pool saturation
model we reformulated Eq. 5-11 to solve dCs/dt with respect to Cr. This required
rearrangements of Eq. 5-10 and Eq. 5-9 along with several substitutions. First, steadystate Eq. 5-9 was solved for kmCm and substituted into Eq. 5-10, which was then solved
for Cun. The resulting equation for Cun was substituted into Eq. 5-11, yielding:
dCs/dt = εr ε kun-s kr Cr – kun (1- εr ε)ksCs

Eq. B-3

Eq. B-3 and Eq. 5-4 can be equated and the decay rates kun-s and ks solved:
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𝑘un-s =
𝑘s =

𝜀x(1 − Cs⁄𝐶x)
𝜀 𝜀r

5.48 × 10−5
𝑘un(1 − 𝜀 𝜀r)

Eq. B-4

Eq. B-5
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