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Abstract We modeled the expected range of sea-

sonal and annual N2O flux from temperate, grain

agroecosystems using Monte Carlo sampling of N2O

flux field observations. This analysis is complimen-

tary to mechanistic biogeochemical model outcomes

and provides an alternative method of estimating N2O

flux. Our analysis produced a range of annual N2O

gas flux estimates with mean values overlapping with

results from an intermodel comparison of mechanistic

models. Mean seasonal N2O flux was 1–4% of

available N, while median seasonal N2O flux was

less than 2% of available N across corn, soybean,

wheat, ryegrass, legume, and bare fallow systems.

The 25th–75th percentile values for simulated aver-

age annualized N2O flux rates ranged from 1 to

12.2 kg N ha-1 in the conventional system, from 1.3

to 8.8 kg N ha-1 in the cover crop rotation, and from

0.8 to 9.3 kg N ha-1 in the legume rotation. Although

these modeling techniques lack the seasonal resolu-

tion of mechanistic models, model outcomes are

based on measured field observations. Given the large

variation in seasonal N gas flux predictions resulting

from the application of mechanistic simulation mod-

els, this data-derived approach is a complimentary

benchmark for assessing the impact of agricultural

policy on greenhouse gas emissions.

Keywords Nitrogen � Nitrous oxide �
N trace gas � Corn Belt

Introduction

Nitrogen gas flux, in particular denitrification, is

difficult to measure. The difficulty stems from both

methodological limitations (Groffman et al. 2006), as

well as the high spatial (Clemens et al. 1999) and

temporal (e.g., McSwiney and Robertson 2005;

Wagner-Riddle and Thurtell 1998) variability in

field-scale N gas flux. In controlled environments,

availability of C and N, and soil moisture or aerobic

status are widely documented as important drivers of

denitrification rates (del Prado et al. 2006; Firestone

and Davidson 1989; Mathieu et al. 2006; Mosier et al.

1996; Wallenstein et al. 2006; Weier et al. 1993).

Carbon availability and aerobic status are particularly

C. Tonitto (&)

Department of Ecology and Evolutionary Biology

and Department of Horticulture, Cornell University,

Ithaca, NY 14853, USA

e-mail: ctonitto@cornell.edu

M. B. David

Department of Natural Resources and Environmental

Sciences, University of Illinois at Urbana-Champaign,

W-503 Turner Hall, 1102 S. Goodwin Av., Urbana,

IL 61801, USA

L. E. Drinkwater

Department of Horticulture, Cornell University, Ithaca,

NY 14853, USA

123

Biogeochemistry (2009) 93:31–48

DOI 10.1007/s10533-008-9271-y



important in determining the partitioning of denitri-

fication products into N2O or N2 (Weier et al. 1993).

Agroecosystem management influences all of these

soil environmental properties. Microbial community

composition as a result of land management may

further complicate N2O flux dynamics. Cavigelli and

Robertson (2000) demonstrated that agricultural land

use history has a long-term effect on microbial

community response to oxygen and pH with respect

to enzymes involved in N2O production.

Models are increasingly used to quantify land-

scape-scale N gas flux, especially to inform

agricultural policy. In a broad review of ecosystem

models which explicitly model denitrification, Hei-

nen (2006) reports that there is no universally

accepted approach to modeling N gas flux. Mecha-

nistic terrestrial N cycle models derive their core

mathematical description of flux between N redox

states from biogeochemical process rates observed in

controlled laboratory experiments conducted using

soil cores (e.g., Li et al. 1992, 2007; Parton et al.

1987, 1998; Tague and Band 2004). However, there

are few long-term data sets of N gas flux for use in

model validation. Li et al. (2005) is one of few

examples of rigorous comparison of N2O flux obser-

vations against model outcomes. In this work the

authors applied DAYCENT, DNDC, and WNMM N

gas flux model frameworks and demonstrated all

three models were able to simulate the timing of peak

and low N2O flux values. However, the models are

not able to reliably capture the magnitude of peak

events, resulting in r2 values ranging from 0.14, 0.35,

and 0.45 for DAYCENT, DNDC, and WNMM,

respectively. The authors found it unexpected that the

relatively simple WNMM model, which does not

explicitly model soil gas diffusion, performed best

based on the r2 statistic. In general, however, model

calibration is rarely constrained by known N gas flux

or soil N storage measurements. Instead, model

studies of N dynamics are generally bounded by

known system N inputs via fertilization and deposi-

tion, and N export in crop yield and nitrate leaching

(David et al. 2009). Model partitioning of excess N

between N gas emissions and storage in soil pools

remains a significant uncertainty in N cycle model

outcomes. For the cases where we demonstrate that

our simulations adequately reflect measured values of

nitrate leaching and plant N, we need to better

understand if we are getting the ‘right’ answer

because our models accurately capture (1) the

partitioning of excess N between storage in soil

pools and N gas emissions, and (2) the spatial and

temporal variation in N cycle processes and their

resulting distribution across the landscape.

In the US, grain agroecosystems are managed as

N-saturated systems with limited opportunity for

nutrient recycling since animal and grain production

is concentrated in different regions (Drinkwater and

Snapp 2007). Productive land in the US Corn Belt

receives substantial inorganic N additions (150–

225 kg N ha-1 year-1 for corn fields), resulting in a

landscape where seasonal peaks in soil inorganic N

status often coincide with peak precipitation events

and high soil moisture status, creating conditions

optimal for N gas loss, as well as nitrate leaching.

Managing N2O flux is a challenging question in this

agroecosystem given our limited ability to predict the

spatial and temporal distribution of environmental

drivers (soil NO3
- concentration, soil moisture status,

C availability) as well as the true range of N gas flux

under varying environmental conditions. From a

policy perspective, due to the greenhouse gas prop-

erties of N2O, we are interested in enhancing our

ability to explicitly model the N2O component of N

gas flux, however many simulation model (Arnold

et al. 1998; Gassman et al. 2005; Neitsch et al. 2005;

Williams et al. 1983; Youssef 2003; Youssef et al.

2005) and mass balance model (David and Gentry

2000) approaches only predict net N gas loss. Can we

identify land management scenarios with the highest

contribution to N2O flux? Can revised management

scenarios reduce N2O forcing and maintain viable

yield?

In simulations of Illinois tile-drained corn-soybean

agroecosystems, ephemeral events which result in

optimal conditions for denitrification account for the

majority of annual N gas loss (Tonitto et al. 2007b).

These model results are supported by event-based N

gas flux sampling which demonstrates extremely high

flux when precipitation follows a fertilization event

(Dobbie and Smith 2001; Li et al. 2002; Wagner-

Riddle and Thurtell 1998). This event validation

(Rykiel 1996) of N gas flux outcomes for Illinois

agroecosystems bolstered confidence in DNDC

model dynamics. While event validation quantifies

model ability to simulate response to short-time-scale

(daily) phenomena, confidence in long-time-scale

(annual to decadal) model projections is desirable for
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model application to land management. A recent

comparison of widely applied biogeochemical

models for this tile-drained Illinois corn-soybean

agroecosystem demonstrated broad disagreement

across the models tested in their simulation of N2

and N2O flux (David et al. 2009), raising questions

about relying solely on simulation model outcomes to

project agroecosystem N gas loss in space and time.

Do mechanistic agroecosystem simulation models

adequately integrate environmental drivers to

describe aggregate N gas dynamics?

In this paper, we model potential annual N2O gas

flux across agricultural land management practices

viable in Illinois agroecosystems by applying a

Monte Carlo statistical sampling algorithm to field

observations. Our goal was to provide an observation-

based counterpoint to simulation model outcomes

(David et al. 2009; Tonitto et al. 2007b) and N mass

balance (David and Gentry 2000) approaches to

quantifying N gas flux from agroecosystems.

Methods

Agroecosystem studied

We assessed the total N2O flux from three grain

cropping systems that are economically and ecolog-

ically viable in the US Corn Belt. The rotations

contrasted were (number of months per land cover in

parenthesis): (i) a two year rotation of corn (5.5), bare

fallow (7), soybean (4.5), bare fallow (7), (ii) a

two year rotation of corn (5.5), ryegrass cover crop

(7), soybean (4.5), ryegrass cover crop (7), and (iii) a

three year rotation of corn (5.5), ryegrass cover crop

(7), soybean (4.5), winter wheat (9), and legume

cover crop (10) (see Table 1 for a summary). The

months attributed to each field management studied

were derived from the schedule used in previous

analyses of Illinois grain systems (David et al. 2009;

Tonitto et al. 2007a, b). In order to simulate complete

rotations across all land management scenarios

studied, we modeled N2O flux during a sample

6-year-period, equivalent to three implementations of

the 2-year-rotations and two implementations of the

3-year-rotation. Because the legume database

included fields with a mixture of legume and non-

legume grasses, we considered the legume rotation to

represent a best management practice in which

maximum N-fixation was regulated by competition

between an N-fixing and non-N-fixing grass.

Data sources and summary statistics

We used the agricultural database compiled in

Hofstra and Bouwman (2005) and Stehfest and

Bouwman (2006) to model the probability distribu-

tion of annual N2O flux from grain agroecosystems

with rotations including fields managed for corn,

soybean, ryegrass, wheat, legume and non-legume

grasses, and bare fallow. While the complete data

base contains all global ecosystems for which data

are available, we only analyze data points for the

crops and land management in the rotations described

above. Extracted N2O flux data met the following

criteria: (1) from a temperate climate, (2) reported in

units N mass area-1 time-1, and (3) included explicit

documentation of N fertilization rate. A total of 414

data points were used in this analysis; 75% of the data

points were from long-term studies.

Figure 1 shows the distribution of climates repre-

sented in the data set. The USDA hardiness index is a

standard metric for linking vegetation with a climate

suitable for its growth. USDA hardiness zone 1 is the

coldest climate, including the tundra, while lowland

tropical ecosystems are in zone 13. Northern Illinois

is in USDA hardiness zone 5 and southern Illinois is

in hardiness zone 6. While the data span a range of

climates, many observations are from climate zones 5

Table 1 Management schedule for rotations simulated

Schedule Rotation

Conventional Cover crop Legume

Year 1 Corn (5.5) Corn (5.5) Corn (5.5)

Fallow (7) Ryegrass (7) Ryegrass (7)

Year 2 Soybean (4.5) Soybean (4.5) Soybean (4.5)

Fallow (7) Ryegrass (7) Winter wheat (9)

Year 3 Legume (10)

Numbers in parentheses indicates months of a given land cover

practice

Note: Each crop is listed in the year it is planted; in the case of

ryegrass, winter wheat, and legume management the growing

season extends into the subsequent calendar year. Similarly,

fallow management straddles the fall, winter, and spring season

between crop harvest and subsequent crop planting. The

combined duration across management practices sums to either

24 or 36 months for a 2-year or 3-year-rotation, respectively
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and 6. Observations in USDA hardiness zones 7 and 8

are predominantly from continental Europe, with

growing season climate comparable to that of IL, but

with a milder winter. Other data points in zone 7 and

8 are for the southeastern US. Data for ryegrass and

legume crops are predominantly from climate zones 7

and 8. Because socioeconomic policies in Canada and

the US support land management with significant

bare fallow periods, there is limited data for winter

cover crops in USDA hardiness zones 5 and 6.

The average duration of N2O flux sampling was

five months, which we consider representative of a

growing or management season. Mean seasonal N2O

flux from the six land use categories studied ranged

from 0.5 to 7.3 kg N ha-1 (Table 2). With the

exception of wheat crops, all land cover types

showed higher emissions in coarser, relative to finer,

soil textures. Medium and coarse textured soils also

showed a broad range of variation in terms of

minimum and maximum seasonal N2O emissions

relative to fine textured soils.

Model framework

We developed a statistical model of the N2O flux rate

(time-1) by applying a Monte Carlo sampling

algorithm to these field observations to create prob-

ability distributions of N2O emissions under different

grain cropping systems. Though laboratory observa-

tions demonstrate that N2O flux is sensitive to the soil

environment, few publications document environ-

mental drivers of N gas flux (e.g., C availability or

aerobic status) under field conditions. As a result, we

are unable to develop a mechanistic model based on

field observations. Nonetheless, quantifying N2O

emissions using observation-based modeling provides

insight which is distinctly different from outcomes

based on mechanistic models derived from controlled

laboratory experiments. Relative to controlled lab

experiments, field observations integrate the effect of

complex soil structure, complex plant rooting struc-

ture, plant-microbe interactions, dynamically varying

moisture and temperature conditions, and uncertainty

inherent in quantifying the spatial and temporal

impact of land management practices, such as the

extent to which the timing of land management

coincides optimally or sub-optimally with climate

events. Only field observations quantify the inte-

grated effect of multiple, interacting factors on the

range of N2O flux observed under commercial farm

operations. A model derived from field observations

provides a comparison point for simulation-based

model predictions. Given the limited availability of

N2O flux data in the US Corn Belt, additional N2O

flux comparison points are valuable for simulation

model validation and development.

Fig. 1 Distribution of data

points by climate. Data are

presented by crop using the

USDA hardiness index as

an indicator of climate.

Northern IL is in climate

zone 5; southern IL is in

climate zone 6
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We applied a simple accounting model to estimate

agroecosystem N2O flux mass (kg N ha-1) over the

duration of a given rotation. We calculate N2O flux

for specific crop and soil texture categories. Model

inputs derived from the database (Hofstra and

Bouwman 2005; Stehfest and Bouwman 2006) were

grouped according to the following soil texture

categories: (1) fine for sandy clay, silty clay, or clay

soils, (2) medium for sandy clay loam, clay loam, or

silty clay loam soils, and (3) coarse for sand, loamy

sand, sandy loam, loam, silt loam, or silt soils. From

the database, we extracted field observations for corn,

soybean, ryegrass, wheat, legume, and bare fallow

land cover types.

Our modeling framework is organized as follows

(details in subsequent paragraphs):

1. Extract N2O flux field data from the database: (a)

categorize by land cover, (b) subcategorize by

soil texture.

2. Model N mineralization for each land cover

category using the DNDC model.

3. Calculate the N2O flux rate (Eq. 2) for each land

cover and soil texture combination from the field

N2O flux data, field N fertilization inputs, and

modeled N mineralization rates.

4. Calculate the N2O flux mass (Eq. 1) for each

land cover and soil texture combination by

applying Monte Carlo simulation to compute

statistical distributions for: (a) N2O flux rate,

(b) N mineralization rate, (c) N fertilization

rate.

5. Calculate N2O flux mass across each rotation by

combining Eq. 1 outcomes from step 4 for each

relevant land cover.

This framework depends on the following assump-

tions: (1) the lognormal and gamma distributions are

a meaningful approximation of N2O flux in the

agricultural landscape, (2) the variation of N2O flux

documented in the published literature adequately

bounds the range in flux possible in response to

dynamic climate and soil environmental drivers, (3)

modeled N mineralization is an adequate approxima-

tion of average N mineralization rate under the land

management practices studied, (4) N2O flux and N

available distributions can be modeled as indepen-

dent, (5) N fertilizer application rate and N

mineralization distributions can be modeled as inde-

pendent. The model calculations and justification of

model assumptions are described in more detail in the

subsequent section.

Table 2 Seasonal N2O flux

sorted by land cover type

and soil texture (fine,

medium, coarse). Median,

mean, minimum, and

maximum N2O emissions

(kg N ha-1) for a

five month (150 day) period

based on values reported in

the literature. (ND no data)

Texture Seasonal N2O emissions (kg N ha-1)

Corn Soybean Wheat Ryegrass Legume Fallow

Fine

Median 1.3 ND 2.3 ND ND 0.7

Mean 1.6 ND 5.3 ND ND 0.8

Minimum 0.7 ND 0.6 ND ND 0.0

Maximum 2.8 ND 17.8 ND ND 1.4

Observations 7 ND 6 ND ND 6

Medium

Median 0.7 1.4 0.4 0.5 0.3 1.3

Mean 3.0 1.5 0.5 0.7 0.6 4.7

Minimum 0.2 0.3 0.1 0.0 0.0 0.1

Maximum 16.0 3.2 1.1 2.6 1.8 78.9

Observations 15 6 15 29 9 50

Coarse

Median 1.2 0.7 1.4 ND 0.8 1.9

Mean 3.1 3.7 2.2 ND 1.1 7.3

Minimum -0.1 0.1 0.0 ND 0.1 0.0

Maximum 18.3 24.7 6.9 ND 6.3 92.8

Observations 44 8 29 ND 20 59
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N2O flux calculations

Equation 1 describes our simple accounting model

for computing N2O flux mass. We applied Eq. 1

using the N2O flux rate defined in Eq. 2 and discussed

in detail below. Our simple accounting model does

not explicitly represent climate and soil environmen-

tal drivers. However, because the observations used

to develop this model are from geographically

diverse temperate grain agroecosystems and are

categorized by soil texture, the simulation outcomes

reflect potential N2O flux mass covering a broad

range of climatic and soil environmental conditions.

Furthermore, Illinois climate and dominant soil

texture is well represented in the field observations.

The first input of our accounting model, the N2O flux

rate, is defined in Eq. 2 and is calculated using the

published field observations.

Fertilization values were reported in the literature,

while gross N mineralization was estimated for each

land use based on the 10 year average from simula-

tions using the DNDC model (Tonitto et al. 2007a, b).

We used gross N mineralization because these values

are recorded as daily outcomes by the DNDC model.

Given this accounting framework, the microbes

driving the rate of N2O flux are competing for N

with plant uptake, microbial biomass assimilation,

nitrate leaching, other N gas flux, and soil N storage.

We included N mineralization in our estimate of

available N because many of the cropping systems

tested do not receive fertilizer and estimating N

mineralization allows us to simulate changes in N

availability via changes in modeled N mineralization.

Furthermore, in many systems N mineralization

accounts for about half of the N assimilated into

plant biomass and is therefore an important compo-

nent of the N budget. Modeled N mineralization is a

source of uncertainty in simulation outcomes. How-

ever, because N mineralization is a large component

of available N it is useful to estimate this N source. In

computing an N2O flux rate from Eq. 2, overestima-

tion of N mineralization results in reduced N2O flux

rate estimates while underestimation of N minerali-

zation results in overestimation of N2O flux rate

relative to actual field values. Since we apply the

same N mineralization assumptions in our calculation

of N2O flux mass (Eq. 1), the cumulative impact of

mis-estimation of N mineralization is minimal.

Outcomes from our N2O flux mass simulations are

of the same magnitude as sampling straight from

observed N2O flux mass values. The advantage of

including N mineralization in the N available calcu-

lation is that this allows us to test the impact of

varying N mineralization rates which is particularly

useful for land cover which is not fertilized.

In calculating the N2O flux rate (Eq. 2) from the

observations, the mean N mineralization for each

land use type was used; for the simulation of N2O

flux mass (Eq. 1) the N fertilization and N mineral-

ization rates were allowed to vary (described further

below). Figure 2 presents the N2O flux reported in the

literature (standardized to units kg N ha-1 day-1)

compared to the N2O flux rate (Eq. 2, in units

proportion of N available). The data are organized by

crop type and climate zone. Data for winter cover

crops are predominantly from warmer climate zones,

N2O flux mass kg N ha�1
� �

¼
N2O flux rate � N available kg N ha�1

� �
� duration of management proportion of seasonð Þ ð1Þ

N2O flux rate proportion of N availableð Þ ¼
observedN2O kgNha�1season�1

� �

N available kg N ha�1 season�1
� �

for

N Available ¼ fertilization þ gross N mineralization

season length standardized to 150 days mean field experiment durationð Þ ð2Þ
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which is not surprising since land management for

winter cover is not promoted by US agricultural

policies. The data show the broadest variation under

fallow land management, especially in USDA hardi-

ness zone 3.

We simulated the N2O flux mass (Eq. 1) by

computing the N2O flux rate (Eq. 2) using three

different statistical distributions: (1) the lognormal

distribution derived using the mean and standard

deviation from the literature, (2) the gamma distri-

bution with a and b defined using observed mean and

variance (gamma I), and (3) the gamma distribution

defined with a lower limit of zero and using observed

50th and 90th percentiles for N2O flux rate (gamma

II). The three statistical distribution assumptions

tested are appropriate for describing populations

which are positively skewed, with the majority of

values close to system mean values, but allowing for

high upper tails which reflect observed system

variation. The kurtosis values from the observations

indicate the data are highly positively skewed. The

lognormal distribution provided the best fit to the

Fig. 2 N2O flux sorted by crop, soil texture, and USDA

hardiness index. Data are presented for fine (a, b), medium (c,

d), and coarse (e, f) textured soils. N2O flux presented in units

kg N ha-1 day-1 (a, c, e) are the values reported in the

literature. Seasonal N2O flux as a proportion of N available (b,

d, f) is the flux relationship developed for modeling

management of IL rotations. Note that N available varies by

land cover type
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observations using both the Anderson–Darling good-

ness-of-fit metric (Acorn
2 = 0.46, Awheat

2 = 0.1,

Aryegrass
2 = 0.30 for medium textured soils and

Alegume
2 = 0.3, Afallow

2 = 0.66 for coarse textured soils

below the critical test statistics Aa 0.05
2 = 0.752) as

well as the Kolmogorov–Smirnov metric (Dcorn =

0.17, Dwheat = 0.08, Dryegrass = 0.13 for medium

textured soils and Dlegume = 0.12 for coarse textured

soils below the critical test statistics DN=30,

a 0.05 = 0.24). However, other positively skewed

distributions, including the gamma and Weibull

distributions, were also a good fit. In our model

application we included outcomes from the gamma

distribution, in addition to the lognormal distribution,

because the gamma distribution provides outcomes

with shorter upper tail values relative to the lognor-

mal outcomes. Because the database of observations

represents limited sampling of the upper tail of the

distribution, the lognormal and gamma distributions

were applied to provide alternative descriptions of the

N2O flux rate. Figure 3 depicts trends in simulated

N2O flux rate across the three distribution assump-

tions under corn, soybean, and bare fallow land

cover. Mechanistically, the high values in the N2O

flux rate distribution can represent seasons when

system climate, crop growth, or land management

resulted in a soil environment which favored optimal

N2O flux rates.

We simulated the N available term in Eq. 1 using

land-cover-specific rates as follows: (1) For soybean

fields we considered available N to be N mineralized

and used a value of 130 kg N ha-1 per growing

season based on the 10 year average from simulations

using the DNDC model (Tonitto et al. 2007a, b), (2)

For corn and wheat fields, we described mean

available N as mineralized N plus recommended N

fertilizer applied at a rate of 180 kg N ha-1 and

100 kg N ha-1, respectively. Simulated N minerali-

zation averaged 150 kg N ha-1 during the corn and

wheat growing season, (3) For the ryegrass cover

crop and bare fallow we used N available equivalent

to a modeled average N mineralization of 100 kg N

ha-1 based on DNDC simulations, and (4) For the

legume system we used an N mineralization rate of

200 kg N ha-1 available during legume growth based

on DNDC simulations and assumed an N available

averaging 150 kg N ha-1 following tillage of the

legume biomass prior to corn planting (Tonitto et al.

2006). Subsequently, we modeled available N using a

normal distribution with mean as indicated above,

and standard deviation of 10% of the mean value

(Fig. 4). The duration of management term in Eq. 1

followed the time frame reported in Table 1.

Model implementation

We applied a Monte Carlo algorithm using 1,000

iterations to sample from the N2O flux rate and N

available distributions characterized above. These

simulated values were then used in Eq. 1 to calculate

the potential range of N2O flux mass (kg N ha-1)

across the cropping systems tested. This application

assumes that the N2O flux rate and N available

distributions are independent. This assumption is

consistent with the observations, which do not

support significant linear correlation between field

measurements of N2O flux rate and N available

(Fig. 5). For medium textured soils all land cover

types (except legume cover) had an r2 B 0.12, while

legume land cover showed a moderate correlation

with an r2 = 0.45. The fine and coarse soil texture

regression outcomes showed slight to moderate

correlation (0.15 \ r2 \ 0.65), with wheat land cover

demonstrating the most significant correlation. As

previously discussed, while laboratory outcomes

demonstrate soil environmental controls on N2O flux

rate, the documentation of environmental drivers in

the published literature are insufficient to develop a

mechanistic model of N2O flux driven by field

conditions. We calculate N available by summing

the outcomes from the N fertilization and N miner-

alization distributions. This assumes that these

distributions are independent. This assumption seems

biologically reasonable during the fall, winter, and

spring. Surrounding the time of fertilization this

assumption may be invalid. However, we do not have

data to meaningfully model a correlation between N

fertilization and N mineralization and believe assum-

ing independence of these distributions is an adequate

model.

In our simulations, we used crop type and soil

texture as explanatory variables by applying our

accounting model using crop and soil texture specific

N2O flux rates and N available. To estimate N2O flux

mass (Eq. 1) over a rotation, flux rates were weighted

based on the number of months of a given land

management. The N2O flux for the 6-year-period is

then calculated by summing the N2O flux across each
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Fig. 3 Seasonal N2O flux

rate for medium textured

soil. The histograms show

the distribution of simulated

N2O flux rate expressed as a

percentage of N available

(fertilizer N ? mineralized

N). Three model

distribution assumptions are

shown: (1) the lognormal

distribution derived from

observed mean and standard

deviation, (2) the gamma

distribution (I) with a and b
derived from observed

mean and variance, (3) the

gamma distribution (II)

derived from the 50th and

90th percentiles of the

observations. The icons on

the upper border of the

graph mark individual N2O

flux observations reported

in the literature. Graphs

present data from a corn,

b soybean, and c bare

fallow seasons
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land management unit. The cumulative 6 year values

are calculated from outcomes of a single Monte Carlo

sampling of each relevant land cover type. We chose

this approach because we do not know the mecha-

nism which drives the variation in N2O flux

observations. Calculating the 6-year-rotation using

multiple Monte Carlo simulations for a given land

cover type would imply that the seasonal N2O flux

values are independent, which may be valid if climate

was the only driver of variation, but invalid if site

properties or land management contribute to N2O flux

variation. While climate is certainly an important

determinant of soil environmental conditions, it is not

the only driver of N2O flux.

We present a graphical analysis focused on

medium textured soils because this is the only soil

Fig. 4 Simulated

distribution of N

fertilization and N

mineralization. The

frequency (% of iterations)

of each N level is derived

from 1,000 total

simulations. a Fertilization

of corn fields is based on a

mean recommended

fertilizer level of 180 kg N

ha-1. b N mineralization

under soybean is based on

mean outcomes of a 10 year

DNDC simulation
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textural class with observations for each land cover

type simulated. Additionally, a medium textured soil

is the dominant soil texture in the US Corn Belt, and

more specifically in Illinois. Our comparison of N2O

flux by rotation for fine and coarse textured soils

applied values derived from medium textured soils

when the respective textures are missing from the

data base. Our model analysis was conducted using

CrystalBall 7 software.

Results and discussion

N2O flux trends

On average, seasonal N2O flux rate in grain systems

as a percent of available N varied from less than 1 to

about 4%, while the median seasonal N2O flux rate

was less than 2% (Table 3). The 5 month time frame

represents the average length of gas flux sampling in

most studies. The absolute highest proportional loss

was computed for bare fallow, with corn fields

showing the second highest N2O flux rate (Fig. 3a

and c). Flux rates from soybean showed slight

variation (Fig. 3b), while little variation in flux rate

was observed under ryegrass, wheat, or legume

studies conducted on medium textured soils. Overall,

coarse textured soils had higher N2O flux rates than

fine textured soils within a given cropping system and

demonstrated the highest variation in flux rates.

Because we estimated N mineralization using model

outcomes, our values for N2O flux as a percent of N

available may differ slightly from the true properties

of the agroecosystems studied. However, since we

used the same model to derive all of our N

Fig. 5 Linear regression of N available and N2O flux rate.

Observations are presented for corn and fallow land cover,

categorized by soil texture

Table 3 Summary

statistics of N2O flux sorted

by land cover type and soil

texture (fine, medium,

coarse). Mean and median

N2O flux as a percent of

available N (applied

fertilizer N ? modeled

mineralized N) was

quantified for a 5 month

period. Number of

observations in each

category is indicated. (ND
no data)

Texture Percent of N available lost as N2O

Corn Soybean Wheat Ryegrass Legume Fallow

Fine

Median 0.5 ND 1.2 ND ND 0.7

Mean 0.6 ND 3 ND ND 0.6

Observations 7 ND 6 ND ND 6

Medium

Median 0.3 0.6 0.1 0.1 0.2 0.8

Mean 1 0.7 0.2 0.2 0.2 3.9

Observations 15 6 15 29 9 50

Coarse

Median 0.4 0.2 1.2 ND 0.3 1.3

Mean 1.6 1.3 2.3 ND 1 3.2

Observations 44 8 29 ND 20 59

Biogeochemistry (2009) 93:31–48 41

123



mineralization values, we expect our estimates of N

mineralization to have the same pattern of bias across

all simulated land cover categories.

Monte Carlo simulation

Modeled N2O flux outcomes across the three statis-

tical distributions tested resulted in overlapping

patterns of flux, but with important differences with

respect to maximum and minimum flux rates (Figs. 3

and 6). Monte Carlo sampling which applied a

lognormal distribution or the gamma distribution

derived using observed mean and standard deviation

(gamma I) accounted for the highest range of

predicted N2O flux (Figs. 3 and 6). In contrast,

sampling from a gamma distribution derived from the

50th and 90th percentiles of the observations (gamma

II) resulted in outcomes with a smaller range of

variation closer to average values. The lognormal and

gamma I distributions have many outcomes in the

lowest flux ranges, whereas the gamma II distribution

has outcomes clustered at intermediate flux values

(Figs. 3 and 6). At the high end of flux observations,

all statistical models project the 75th percentile of

N2O flux during the corn growing season on medium

textured soil to be B2% of N available (Fig 3a).

However, with low probability (\1%) the lognormal

model predicted losses up to 35% of available N

during the corn growing season. As a result of these

low-probability high rates, extreme cumulative N2O

flux exceeding 200 kg N ha-1 (per 6 year simulation

or 12% of N available) are predicted with very low

probability (*2% of simulations) in the conventional

rotation (Fig. 6a). More extreme cumulative N2O flux

ranging from 25 to 30% of N available is predicted in

approximately 1% of simulations. However, during

the 6 year simulation period, the 75th percentile for

the cumulative N2O flux from a conventional corn-

soybean rotation on medium textured soil was

B 60 kg N ha-1 (i.e. 10 kg N ha-1 year-1) across

all statistical distributions tested (Fig. 6a; Table 4).

Low variation in legume, wheat, and rye N2O flux

rates under medium textured soil resulted in a narrow

range of modeled N2O flux over the 6 year simulation

in the legume rotation on medium textured soil

(Fig. 6c).

Fine textured soils showed narrow variation under

corn and bare fallow (Fig. 7a, c), but significant

variation under wheat (Fig. 7b). Medium textured

soils showed little variation under legume, ryegrass,

or wheat land cover (with all seasonal N2O flux rate

values \3 kg N ha-1, Table 2), but significant var-

iation under corn (Fig. 7a). Coarse textured soils

accounted for the highest flux rates observed and

demonstrated high variation across observations

(Fig. 7). A comparison across rotations for a medium

textured soil using the gamma (II) distribution

revealed most cumulative values were \60 kg N

ha-1 for the 6 year simulation, with cumulative 75th

percentile values of 59, 42, and 12 kg N ha-1 for

conventional, cover crop, and legume rotations,

respectively (Fig. 8). The model predicts the highest

N2O flux from the conventional system, with the

cover crop rotation demonstrating the next highest

cumulative flux values. In contrast, the legume

rotation was dominated by 6 year cumulative N2O

flux of less than 20 kg N ha-1. Across all soil

textures and statistical distributions modeled, the 25th

percentile of average annualized flux rates ranged

from 1.7 to 6.7 kg N ha-1 in the conventional

system, from 1.2 to 4.8 kg N ha-1 in the cover crop

rotation, and from 0.8 to 5 kg N ha-1 in the legume

rotation, while the 75th percentile of average annu-

alized flux rates ranged from 2.7 to 12.2 kg N ha-1 in

the conventional system, from 2.3 to 8.8 kg N ha-1

in the cover crop rotation, and from 1.7 to 9.3 kg N

ha-1 in the legume rotation across all statistical

distributions and soil textures studied (Table 4). For a

given soil texture, a Kruskal–Wallis test demonstrates

that the mean ranks across the three rotations differ

significantly for a = 0.05 with a P \ 0.0001.

Because soil texture has a significant effect on N2O

flux outcomes, comparing the greenhouse gas impli-

cations of a given land management scenario requires

detailed knowledge of soil texture and available N.

We simulated N2O emissions across the three

rotations studied using a single Monte Carlo sampling

event for each relevant land cover. As discussed in

the Methods section, we choose this sampling

framework because we do not know the source of

variation across field observations. If we assume that

all of the variation in field observations is derived

from climate, computing N2O emissions using multi-

ple Monte Carlo sampling events for a given land

cover is warranted. We tested model sensitivity to a

single versus multiple Monte Carlo sampling event

protocol. For each land cover type, we compared

predicted N2O emissions resulting from two seasons

42 Biogeochemistry (2009) 93:31–48
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Fig. 6 Cumulative 6 year

N2O flux (kg N ha-1).

Simulation results from

three probability

distributions (lognormal,

gamma (I), gamma (II)) are

compared for

a conventional,

b cover crop, and c legume

rotations on medium

textured soil
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of a land cover computed using one Monte Carlo

sampling event versus two sampling events. The 25th

through 75th percentile outcomes are equivalent

under either sampling scenario (Table 5). The main

effect of multiple Monte Carlo sampling events is to

reduce the probability of extremely low or extremely

high cumulative flux values. Essentially, it becomes

improbable for there to be two draws of the lowest or

highest N2O flux distribution.

Forecasting N2O flux

Modeling N2O flux remains a significant challenge.

Discrepancies exist in regional upscaling of N gas

flux predictions across empirical and process model

approaches. Empirical modeling draws heavily from

mean dynamics, largely ignoring peak events (Hof-

stra and Bouwman 2005; Stehfest and Bouwman

2006), leading to annual predictions of between 2 and

4 kg N ha-1 losses from the US Corn Belt. Process

models applied to Illinois predict similarly low N2O

flux rates in some years (David et al. 2009). Likewise,

the application of DAYCENT at the US national

scale (del Grosso et al. 2006) resulted in an annual

average N2O flux prediction of\3 kg N ha-1 for the

state of Illinois. However, even when annual flux

rates are similar across process models, the seasonal

dynamics can be very different, indicating model

dynamics are predicting N gas flux as a result of

different mechanisms (David et al. 2009).

While process model annual outcomes overlap

with empirical model projections in some simulation

years, process models can also predict extremely high

N2O flux rates ranging from 10 to 40 kg N ha-1 in

high flux years (Tonitto et al. 2007b). Most of the

N2O and N2 flux predicted in process models occurs

during extreme pulse events, with highest N2O flux

projections occurring in years with low simulated

nitrate leaching. Our toolbox for aggregating peak

N2O flux events remains limited, especially since

accurately modeling the partitioning of N2:N2O is

highly dependent on modeling soil moisture status.

Additionally, many agroecosystem models do not

partition between N2 and N2O flux (e.g., DRAIN-

MOD-N, EPIC, SWAT), which means we must

include alternative tools to ask questions about

agricultural policy and greenhouse gas emissions.

Further field observation is necessary to quantify the

extent to which pulsed events contribute to N2O flux

at the landscape scale.

The low probability, high N2O flux predicted in

this analysis is similar to the extreme N2O flux

outcomes ranging from 12 to 49 kg N ha-1 year-1

simulated in DNDC model application to corn-

Table 4 Average annualized N2O flux (kg N ha-1 year-1) resulting from a 6 year simulation

Rotation

Conventional Cover crop Legume

25th

percentile

50th

percentile

75th

percentile

25th

percentile

50th

percentile

75th

percentile

25th

percentile

50th

percentile

75th

percentile

Lognormal

Fine 1.7 2.2 2.7 1.5 1.8 2.3 2.2 3.3 5.7

Medium 2.2 4.2 8.3 1.8 3.2 5.8 0.8 1.2 1.7

Coarse 3.0 5.3 9.8 2.3 4.0 7.2 2.8 4.5 6.8

Gamma (I)

Fine 1.7 2.2 2.7 1.5 2.0 2.3 1.3 2.8 6.7

Medium 1.0 2.5 6.8 1.2 2.3 5.7 0.8 1.2 1.7

Coarse 1.5 4.3 10.2 1.3 3.2 7.2 2.0 4.2 7.8

Gamma (II)

Fine 2.0 2.3 2.7 1.8 2.2 2.3 3.2 5.2 8.0

Medium 6.7 8.0 9.8 4.3 5.5 7.0 1.2 1.5 2.0

Coarse 6.2 8.7 12.2 4.8 6.7 8.8 5.0 7.2 9.3

Outcomes are summarized using the 25th, 50th, and 75th percentile values for each rotation (conventional, cover crop, legume), for

each statistical distribution tested (lognormal, gamma (I), gamma (II)), across all soil textural classes (fine, medium, coarse)
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Fig. 7 Growing season

N2O flux (kg N ha-1). The

histograms show simulated

N2O flux during a the corn

growing season, b the wheat

growing season, and c bare

fallow for each soil textural

class using the gamma

distribution (II). The icons

on the upper portion of the

graph mark individual N2O

flux observations (sorted by

soil texture)
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soybean rotations with winter bare fallow (David

et al. 2009). Field experiments which target event

sampling, such as N gas flux when fertilization

coincides with heavy precipitation, likewise indicates

extreme peak N gas flux is possible (Dobbie and

Smith 2001; Li et al. 2002; Wagner-Riddle and

Thurtell 1998). However, we do not have observa-

tions to verify or disprove the possibility of extremely

high flux years in the Illinois agricultural landscape.

Outcomes from the Monte Carlo sampling presented

here as well as mechanistic simulation models both

predict the possibility of very high N2O loss.

However, high N2O flux events should be infrequent;

multi-year high N2O flux predictions simulated by the

DNDC model (David et al. 2009) highlights our

limited ability to predict N2O flux.

Conclusions

The Monte Carlo sampling approach presented here

is an empirical approach that accounts for the full

range of N2O flux rates observed under field condi-

tions from relevant published studies. Because

studies are conducted under a broad range of

conditions, this modeling approach is an empirical

tool for approximating the response of N2O flux rates

to diverse environmental conditions. As the available

temporal and spatial coverage of N2O flux data

increases, we can repeat our simulations and ask

whether the new data changes the shape of the

predicted distributions. Continued support for N gas

flux data collection is necessary to increase our

understanding of ecosystem dynamics as well as to

validate or refute model outcomes.
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