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Abstract: The low nitrogen (N)-use efficiency of intensive winter oilseed rape (WOSR) cropping
systems may cause negative environmental impacts, especially due to N leaching and gaseous losses.
The aim of this study was to use data from field experiments (five sites across Germany representing
typical WOSR regions) for parametrization of a nitrous oxide (N2O) emission component for im-
plementation into a process-based dynamic plant-soil-atmosphere model (PSAM). After calibration
and evaluation with three years of field data from five different N fertilizer treatments, a long-term
simulation with 25-year historical weather data was conducted to derive functional relations and
emission factors (EFs). The model performed best at higher aggregation levels (cumulative emissions
over the entire cropping period, R2 of 0.48/0.77 for calibration/evaluation), but also reasonably
simulated short-term dynamics (e.g., fertilizer applications, extreme weather events). Site-specific
and year-specific N2O emissions varied within the range of medians from 0.56–4.93 kg N2O-N ha−1.
Mineral fertilizer-induced EFs at economic optimal N inputs ranged from 0.16–0.65%, which was
markedly below the aggregated IPCC standard value of 1% for direct N2O emissions. Generally, the
simulated emissions were consistently higher with finer soil textures and increasing N inputs. The
process-based approach, moreover, allowed the identification of the major source of N2O, which
mainly originated from nitrification processes.

Keywords: nitrous oxide; GHG emissions; winter canola; simulation; N efficiency; climate change

1. Introduction

Nitrous oxide (N2O) is one of the most important greenhouse gases (GHGs) contribut-
ing to climate change, with a 100-year time horizon global-warming potential 273 times
greater than that of CO2 [1]. Fifty-two percent of the anthropogenic direct N2O emissions
are caused by agriculture and 58% of the natural global annual N2O emissions are from
soils [2]. To prevent further global warming, emissions of N2O must be urgently reduced.
Therefore, process-based dynamic crop models can help to better understand relevant
processes and to identify priorities.

The complex interactions of many soil, microbial, and plant nitrogen (N)-associated
processes (volatilization, leaching, mineralization, nitrification, denitrification, immobiliza-
tion, plant N uptake, litter production) at varying spatial and temporal scales make this a
challenging task. The microbial processes of nitrification and denitrification are the most
important processes for N2O formation from soils [3–5]. Nitrifiers perform the exothermic
oxidation of ammonium (NH4

+) to nitrite and nitrate. These processes depend on soil
NH4 content, soil water content, pH value, and soil temperature [6,7]. Denitrification is the
heterotrophic, successive reduction of nitrate (NO3

−) to nitrite (NO2
−), nitric oxide (NO),

nitrous oxide (N2O), and dinitrogen (N2) by a large community of microbes [8,9]. These
processes are also influenced by the oxygen concentration in the soil, the soil temperature,
the pH value and the concentrations of the substrates NO3

− and microbial available carbon
(C) [7,8,10,11]. The NO3 concentration depends on the availability of reactive nitrogen
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(defined as organically bound N and inorganic N, except N2) and is a key factor triggering
N2O soil emissions [7]. The oxygen availability for the soil microbes is mainly influenced
by the volumetric soil water content [10], the oxygen consumption of the soil microbiota
itself, and plant roots. Increasing soil temperatures stimulates microbial activity and the
related oxygen consumption by the microbiome [7]. Therefore, N2O emission peaks under
nearly water-saturated conditions and sharply decreases when the soil becomes drier [12].
Maximum N2O emissions occur at values of around 80% water-filled pore space (WFPS) [7].
At WFPS higher than 80%, nitrification is inhibited and denitrification turns to the most
important N2O source [13].

Soil-derived N2O emissions are commonly measured using closed chambers, but these
measurements are time-consuming, expensive, and, therefore, limited [14]. Simulation
models are an option to extrapolate N2O emissions to various temporal and spatial scales
and to analyze sensitivities to environmental and management factors [15–17]. To calculate
GHG balances on national and continental scales, the Intergovernmental Panel on Climate
Change (IPCC) recommended a simple empirical emission-factor approach as a robust
tool to estimate annual N2O emissions associated with agricultural practices and land-use
change [18]. The linear IPCC Tier 1 emission factor (EF) assumes that 1% of the total N
input by fertilizers and N in crop residues is emitted directly as N2O [19]. However, as
N2O emissions from crop production depend on many site-specific agricultural practices
like fertilization, tillage, and residue management [16], such linear Tier 1 approaches are
limited. A global meta-analysis revealed a general non-linear response of N2O emissions to
N fertilizer [20]. Improvements from Tier 1 replacement by stratified European EFs better
reflected spatial variability [21]. Ruser et al. [22] specifically showed that fertilizer-related
N2O emissions for WOSR cultivation are not linear and that WOSR-specific EFs are often
markedly lower than 1% in Germany. They also emphasized substantial spatio-temporal
variation. Mathivanan et al. [23] recently evaluated a Tier 2 regionalization of EFs across
Germany, resulting in an average EF of 0.62% (range: 0.38–0.92%), which was markedly
below the Tier 1 standard value.

Beyond such Tier 2 approaches, dynamic process-based simulation models allow
for the calculation of N2O emissions as a result of different simultaneously occurring N
turnover processes [7]. These kinds of models have been proven to be useful for field-
scale simulation and analysis of N2O emissions [24] and are requested for future climate
inventories under a Tier 3 approach. They further allow causal analysis of processes and
driving forces, as well as site-specific scenario calculations. However, a reasonably good
simulation of N2O emissions over a range of environmental and management conditions is
still challenging. These difficulties arise at least partly from the challenge that processes
influencing the boundary conditions need to be properly covered. Thus, an N2O emission
model should be integrated into a well-performing, process-oriented plant-soil-atmosphere
model (PSAM) under the given pedoclimatic conditions.

The aim of this study was to (i) develop and parametrize a model component for N2O
emissions for integration into an existing PSAM model suitable for high-yielding conditions
of WOSR cultivation, for simulation of daily and cumulative fluxes. Subsequently, the
model was subjected to a site- and fertilizer-specific (ii) calibration and (iii) evaluation with
independent observations. Furthermore, (iv) generalized site-specific EFs for varying N
fertilizer input based on long-term weather data were derived.

2. Materials and Methods
2.1. Experimental Sites and Field Trials

In 2012, field trials with identical crop rotation winter oilseed rape (WOSR)-winter
wheat-winter barley were established at five sites across Germany, as a completely ran-
domized block design with four replications. The studied sites represented typical regions
with high yields and acreage of WOSR under differing pedoclimatic conditions (Figure 1,
Tables 1 and 2).
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Figure 1. Location of the five study sites in regions with a high winter oilseed rape (WOSR) cropland
share (mean 2010–2020) and different yield levels (mean 2018–2022). Data source: [25].

Table 1. Soil conditions of the study sites after IUSS classification.

Site Soil Type [IUSS] Clay [%] Silt [%] Sand [%]
Texture
Class

[IUSS]
pH Corg

[%) Nt [%)

Berge Luvisol 9.3 18.5 72.2 SaLo 6.5 1.15 0.09
Dedelow Luvisol 10 30.9 59.1 Lo 7.4 0.75 0.10

Hohenschulen Haplic Luvisol 10.5 29.4 60.1 Lo 6.0 1.68 0.20
Ihinger Hof Haplic Luvisol/Anthrosol 3.2 78.2 18.6 SiLo 6.8 1.87 0.12

Merbitz Haplic Chernosem 15.8 67.8 16.4 SiClLo 6.6 1.18 0.11

Table 2. Annual mean temperature and precipitation sum of the three experimental years together
with their long-term average (LTA).

Site
Temperature Precipitation

[◦C] Yearly Deviation [◦C] [mm] Yearly Deviation [mm]
LTA 2013 2014 2015 LTA 2013 2014 2015

Berge 8.7 +0.7 +4.3 +1.9 503 +112 −21 +67
Dedelow 8.4 +0.3 +1.5 +1.3 485 −39 +76 −71

Hohenschulen 8.9 −0.8 +0.8 −0.1 732 −78 −323 +38
Ihinger Hof 8.3 +0.4 +2.2 +1.8 688 +235 +75 −144

Merbitz 9.0 +0.1 +1.7 +1.4 520 +180 −64 −91

Within this study, we only focused on data and simulations for the WOSR crop-
ping period and succeeding wheat until spring fertilization. Winter oilseed rape was
sown at densities of 40–45 plants m−2 between the end of August and mid-September.
Five N treatments were tested: 0 N (unfertilized control), 120 CAN (60 + 60 kg N ha−1

as calcium ammonium nitrate (CAN), 27% N), 180 CAN (90 + 90 kg N ha−1), 240 CAN
(120 + 120 kg N ha−1), and 180 DIG (90 + 90 kg NH4-N ha−1 as biogas digestate (DIG)).
Mineral N was applied at the beginning of spring growth and at stem elongation. All other
nutrients were site-specifically applied according to regional farmers’ practices, and further
crop management was conducted uniformly according to best-practice recommendations
for all N treatments. More details about the exact yearly dates for sowing and fertilization
and digestate characteristics are presented in the Supplementary Materials.
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2.2. Field Data Collection

Soil mineral nitrogen (SMN) and soil moisture in 0–30 cm depth were sampled
weekly as the sum of NH4-N and NO3-N. Soil moisture was quantified gravimetrically
from subsamples. At each field research station, a meteorological station delivered daily
weather data.

The field measurements and the flux calculations of N2O were described in detail by
Ruser et al. [22]. In brief, non-steady-state chambers were used to estimate gas fluxes at
least weekly in the row interspace of WOSR and within the winter wheat crops. During
a maximal closure time of one hour, four gas samples were taken every 20 min using
a syringe, transferred into glass exetainers, and then analyzed gas-chromatographically
for N2O concentrations. Fluxes were calculated using the R package gasfluxes [26], a
procedure combining non-linear and robust linear flux models. After a rigorous quality
check [22], N2O fluxes were linear interpolated between weekly sampling dates. Monthly
and annual N2O emissions were derived by cumulating interpolated daily fluxes for further
model-performance analytics.

2.3. Model Description

Based on existing approaches, a newly tailored conceptual N2O-emission model
component was developed for integration into an existing plant-soil-atmosphere model
(PSAM) [27]. The previously well-evaluated process-based PSAM combines submodules for
the dynamic simulation of crop growth, N uptake of WOSR (HUME-OSR: [28,29]) and win-
ter wheat (HUME-Wheat: [30]), evapotranspiration, soil water and NO3 transport, mineral-
ization, and management events on daily timesteps with weather data as external driving
forces. All submodules were implemented in the HUME modeling environment [31,32].

2.3.1. Structure of the N2O Model Component

The N2O-emission model calculates total N2O emissions as the sum of N2O emission
rates derived from nitrification and denitrification (Figure 2). Nitrification of ammonium
was simulated as a first-order kinetic process that depends on the NH4 pool and the nitrifi-
cation rate (Equation (1)). Therefore, the potential nitrification rate knit was reduced by an
abiotic factor fabiotnit corresponding to the effect of soil temperature and soil water [33,34].
According to the ratio of NOx and N2O RNOx/N2O, emissions from nitrification N2Onit were
then derived from the gaseous N loss, calculated by using an N-loss fraction factor frn-loss:

N2Onit = knit · f abiotnit ·NH4 · f rn−loss ·
1

1 + RNOx/N2O
(1)
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The abiotic factor fabiotnit was calculated from soil water and temperature impacts
according to Hansen et al. [34], based on Equations (A1)–(A3) (see Appendix A for details).
The ratio of NOx and N2O decreased with increasing water-filled pore space (WFPS) [33],
according to Equation (A4).

Denitrification of NO3 was calculated from a potential denitrification rate kpot_den and
reduction functions fabiotden for soil temperature, soil water, and oxygen status, according
to the APSIM model [35] (Equation (2)). NO3 availability further reduced the denitrification
rate based on a Michaelis-Menten kinetics approach, as recommended by Heinen [24]. N2O
emission from denitrification N2Oden was calculated as follows:

N2Oden = kpotden · NO3

Km + NO3
· f abiotden·

1
1 + RN2/N2O

(2)

where Km is the Michaelis constant, fabiotden is the correction factor for abiotic impacts, and
RN2/N2O is the ratio of N2 and N2O.

The potential denitrification rate kpot_den is related to the CO2-flux from soil respiration
during mineralization as proxy for available organic substrate, using a fit parameter kden [34],
according to Equation (A5). The abiotic correction factor fabiotden is the product of factors
representing the effect of water and temperature (Equation (A6)). Denitrification only
occurs if soil water conditions exceed a critical WFPS (Equations (A7) and (A8)). The tem-
perature impact was calculated according to the APSIM model of Thorburn et al. [35], based
on Equation (A9). The ratio of N2 and N2O correlated positively with both water-filled
pore space WFPS [cm3 cm−3] and the CO2 emission rate [kg C ha −1 d−1], but decreased
with the increasing nitrate amount NO3 [kg N ha−1], according to Del Grosso et al. [36] (for
intact soils, following Equations (A10)–(A12)).

2.3.2. Model Initialization and Parametrization

The existing PSAM, with calibrated and evaluated soil water and N processes [27], was
further adapted for implementation of the N2O dynamics. At first, parameters describing
the soil water retention curve and the unsaturated hydraulic conductivity [37] were de-
duced from the soil textures. Then, the mineralization parameters were manually fitted to
observed SMN dynamics, adjusting the turnover rates for soil organic matter (kSOM→BIOM)
and the tillage effect (Mineff; following Henke et al. [38]). Further turnover rates were taken
from Hansen et al. [34]. C/N ratios of the four coupled carbon pools: soil organic matter
(SOM), decomposable plant material (DPM), resistant plant material (RPM), and microbial
biomass (BIOM) and corresponding microbial substrate use efficiencies (ε)—were adopted
from Verberne et al. [39]. The different management events like sowing, fertilization, and
harvest date were also considered. Subsequently, the N2O data and the driving forces for
both nitrification and denitrification were used for parameterization of the N2O emission
model, i.e., adjusting the fraction of N loss during nitrification (fr_Nloss_nit) and the fit
parameter (kden) scaling the CO2 flux to potential denitrification. Furthermore, WFPScrit_den
was adjusted site-specifically to meet measured N2O (Table A1).

Each model run started after the harvest of the preceding crop (July) before WOSR
establishment and ceased at the beginning of spring growth of the subsequent wheat
crop (March) after WOSR harvest (∑ 21 months) in order to simulate the entire period
of WOSR-related N2O emissions being measured. For model initialization, site-specific
soil data (bulk density, organic C and N content, and soil texture) were used. Initial SMN
and soil water content were adapted to meet first-measured values. Daily weather data
(precipitation, air temperature, humidity, global radiation, and wind speed) from the field
weather stations next to the five studied sites were used as external drivers.

2.3.3. Model Calibration and Evaluation

For independent model calibration and evaluation, the data were divided into two
subsets. For each site, measured N2O-emission data from the treatments 0 N, 180 CAN, and
180 DIG were used, together with complementary data such as SMN, soil water content at
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0–30 cm and N uptake of WOSR during model calibration. Thereafter, the parametrized
model was tested, without further adaptations, against the remaining observation data of
two other treatments (120 CAN and 240 CAN) that were not used during the calibration
for independent model evaluation. This procedure was carried out identically for all sites.
Model performance was evaluated based on linear regressions of simulated over measured
data (intercept, slope, and R2) and root mean square errors (RMSEs). All calculations were
carried out in R [40].

2.4. Long-Term Simulations

To estimate generalized site-specific annual N2O-emission amounts for each stud-
ied fertilizer treatment under various climatic conditions, long-term simulations were
conducted by model runs with site-specific long-time weather data (1991–2016; German
Weather Service). To determine mean dates of specific management events (for tillage,
sowing, fertilization, and harvest), site-specific averages of the three investigated years
were assumed for each management event. For comparability, the properties of the organic
fertilizer (DIG treatment) were regarded as the same for all sites in all years, by averaging
across all environments in these 25-year simulations. NH3 losses of the digestates were
considered site-specifically, as determined by Räbiger et al. [27]. A 21-month period was
calculated for each simulation run, subdivided into six months of warm-up to ensure
realistic volumetric water contents and SMN amounts followed by 15 months as a potential
balancing period. N2O emissions were then cumulated from 1 January to 31 December, to
be comparable to other findings.

2.5. N-Input Sensitivity Analysis and Emission-Factor Calculation

The response of annual direct N2O emissions to fertilizer N input (continuously
increased from 0–300 kg N ha−1) was investigated in a sensitivity analysis. Functional
relations of N input and N2O emissions could be derived from these modelings. The
simulation duration per run and the balancing period for direct N2O emissions were
the same as for the long-term simulation with 25 years of weather data. Finally, site-
specific fertilizer-induced emission factors (EFs) were calculated from the derived functional
relations, as follows:

EF [ %] = ((Ei − E0)/i)·100 (3)

where E0 and Ei are predicted annual emissions [kg N ha−1 a−1] at 0 and i kg N fertilizer
amounts (representing background emissions), respectively. To compare the sites at the
same N level, i = 200 kg N was chosen. Additionally, the EF at economically optimal N
input (EFNopt) was calculated for each site. Economically optimal N (Nopt) was defined as
the N fertilizer input with maximum economic gross margins [41,42]. It was determined
from site-specific quadratic N-response functions, assuming 0.8 € kg−1 N fertilizer and
360 € t−1 WOSR seed.

3. Results
3.1. Dynamics of Daily N2O Fluxes

Based on N2O measurements from five sites over three years, the capability of the
model to predict daily and cumulative N2O emissions on a monthly basis, or over the
entire period, was tested. Regarding the site-specific magnitude and temporal dynamics,
the model generally reproduced the observed daily N2O emissions in an acceptable way
(Figures 3 and 4). It simulated spring peak emissions after fertilizer applications, as well
as unfertilized control treatments, and correctly predicted low emission rates during dry
periods. However, some of the simulated daily N2O emissions differed remarkably from
the measured values.
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Figure 3. Exemplary simulated (lines) and observed (points) dynamics of soil water content, soil
mineral nitrogen (SMN), and N2O emissions, as well as precipitation, in daily time steps for the
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the oilseed rape harvest year 2014. T: tillage event; F: fertilization event; the y axis of daily N2O flux
was scaled using log-modulus transformation.
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Figure 4. Exemplary comparison of site-specific N2O emissions on three levels of aggregation (daily,
monthly, and cumulated over the entire measuring period) for the treatment with 180 kg mineral N
application from calcium ammonium nitrate (CAN) at three selected sites, indicating low-, medium-,
and high-emission conditions. Measured data are shown as points, simulated values are shown as
lines. Harvest year of oilseed rape: 2014; T: tillage event; F: fertilization event; y axis of daily N2O
flux was scaled using log-modulus transformation.
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For instance, the simulation of N2O emission peaks that occurred after tillage events
and the increased post-harvest emissions from WOSR residues at the Hohenschulen site
failed (Figure 3). Contrary, high N2O peaks were simulated after heavy rain events that
were not covered by field measurements (Figure 4: daily N2O fluxes at Berge and Merbitz).
Furthermore, the observed increase of SMN after tillage was reproduced by the model, as
well as the increasing SMN after fertilization events, as shown for Hohenschulen in Figure 3.
Generally, the simulation of SMN for all sites and years showed plausible dynamics as
necessary for an important driving factor of gaseous N losses (for details of soil-water-
nitrogen dynamics, please refer to [27].

3.2. Cumulative N2O Emissions

Site-specific N2O emissions on three levels of temporal aggregation are shown in
Figure 4 for the treatment 180 CAN in 2014 at Berge, Hohenschulen, and Merbitz, represent-
ing low-emission, moderate-emission, and high emission sites within our study (according
to Ruser et al. [22]). Although the values of statistical criteria (Table 3) showed that, at all
sites, daily simulated N2O emission hardly matched the observations after model calibra-
tion, the monthly aggregated values were more consistent with measured values in terms
of magnitude and pattern, resulting in an acceptable goodness of fit for cumulated N2O
emissions during the observed periods. Generally, the simulations slightly overestimated
cumulated N2O emissions, especially at Ihinger Hof, Dedelow, and Berge (Figure 5A).
Nevertheless, the model was able to reproduce site-specific patterns and differences in N2O
emissions and sources after calibration (Figure 6).
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Organic fertilization (DIG) resulted in higher means of cumulated emissions compared
to the mineral treatments (Figure 5A). A comparison of the goodness of fit for calibration
and evaluation data revealed the capability of our model to simulate cumulated N2O
emissions reasonably for the five sites without further re-parametrization (Figure 5B).
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Figure 6. Simulated fraction of yearly N2O-emissions from nitrification relative to total emissions for
all sites and N treatments (kg ha−1 N input; CAN: calcium ammonium nitrate, DIG: biogas digestate
with kg NH4-N).

Table 3. Statistical criteria for simulated and measured N2O emissions for the calibration and
evaluation dataset. Statistics are provided for the entire simulation period (total), monthly periods,
and daily periods of simulated vs. measured N2O-emissions.

Dataset Calibration Evaluation

Aggregation level total monthly daily total monthly daily
No. of observations 39 604 2228 21 304 1144

R2 0.48 0.23 0.065 0.77 0.34 0.064
Slope 0.606 0.41 0.16 0.771 0.53 0.12

Intercept −1.13 0.09 0.004 0.752 0.07 0.004
RMSE [kg N ha−1] 1.05 0.17 0.01 0.69 0.13 0.01

3.3. Long-Term Simulated Mean Annual Emissions

The long-term simulation over 25 years showed site-specific N2O emissions varying
between sites and years within the range of medians from 0.56–4.93 kg N2O-N ha−1

(Figure 7). Generally, emissions increased with increasing N input and were highest for
the organic treatment at each site. The emission level was lowest at Berge, while Merbitz
showed the highest values. At Berge and Hohenschulen, the emission values of the three
investigated years were almost within the interquartile range of the simulation study,
meaning that they represented average years. The same applied for Merbitz, except for the
organic treatment, where the interquartile range of calculated annual emissions exceeded
the measured values of all three years. At Ihinger Hof and Dedelow, the measured N2O
emissions were partly below the median level of the long-term simulation, especially in
2015. At Merbitz, the N2O emission levels across all N treatments were the highest, with
markedly larger variation, compared to all other sites (Figure 7).
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Figure 7. Simulated long-term annual levels (1991–2016) of N2O emission of the five study sites
and the fertilizer treatments (boxplots) and corresponding simulated values of the three exper-
imental periods (horizontal lines, 2013–2015); CAN = kg N from calcium ammonium nitrate,
180 DIG = 180 kg NH4-N + organic N.

3.4. Fertilizer Related Emission Factors

Furthermore, the conducted long-term simulations for all study sites enabled a sensitiv-
ity analysis of continuously increased N fertilizer input between 0 and 300 kg N ha−1. Direct
N2O emissions as functions of mineral N input showed a rather non-linear response and
were considerably lower than the IPCC standard calculations (Figure 8). Only at the high-
emitting Merbitz site, emissions above the economic optimum N input > 200 kg N ha−1 yr−1

reached the IPCC level in a few years of the long-term simulation. The median level ex-
ceeded 1% only at a fertilization level > 280 kg N ha−1 yr−1, which was far beyond
agricultural practice. At all other sites, maximum simulated emissions were also markedly
below the IPCC range for all of the considered N fertilizer inputs.
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Based on these results, functional relations between N input and annual direct N2O
emission could be successfully fitted from nonlinear functions (second-order polynomials)
with coefficients of determination between 0.61 and 0.90 (Table A2). Based on those
equations, fertilizer-related EFs were calculated for each site, based on Equation 3, for
selected N-input levels (Table 4).

Table 4. Mean emission factors (EFs) for selected N input levels (200 kg N ha−1, site specific economic
optima (Nopt) from mineral fertilizer and 180 kg NH4-N from organic sources (DIG)).

Site EF200
[%]

EFNopt
[%]

EF180 DIG
[%]

Berge 0.165 0.164 0.462
Dedelow 0.161 0.161 0.579

Hohenschulen 0.184 0.192 0.542
Ihinger Hof 0.321 0.334 1.050

Merbitz 0.648 0.651 1.419

These representative EFs derived from variable weather conditions during the 25-year
long-term simulation, reflecting the positive correlation with the used fertilizer amount.
At Berge, Dedelow, Hohenschulen, and Ihinger Hof, all derived EFs were clearly below
the IPCC default of 1% (Table 4). Obviously, at sites with potentially high annual emis-
sions, the resulting fertilizer-induced EFs were also high. The EF200 increased in the order
Dedelow < Berge < Hohenschulen < Ihinger Hof < Merbitz and enabled direct comparabil-
ity. For site-specific Nopt inputs between 191 and 222 kg N ha−1 (Table A3), EFNopt were
similar or slightly higher, but also all clearly below the 1% value according to the IPCC.

For the organic treatments, EFs were calculated at the 180 kg DIG ha−1 level (Table 4),
based on the results of the simulated long-term annual N2O emission levels with an average
digestate input (Figure 7). Merbitz was the site with the highest organic EF (1.42%); at
Ihinger Hof (1.05%), the IPCC factor was slightly exceeded by emissions from digestate.
The other study sites were, likewise, around half the aggregated IPCC Tier 1 level for
organic N inputs.

4. Discussion
4.1. Driving Forces of N2O Flux Dynamics

Accurate GHG inventories and identification of regionally-tailored mitigation options
should consider the spatial variability of soils and climate [43]. Simulations using process-
oriented models are, principally, a suitable approach to address these aspects. However,
all relevant driving forces of the N2O-producing processes, and the processes themselves,
must be simulated with acceptable accuracy to obtain more useful results, rather than
results from more simple or aggregated approaches [7,44,45].

The amount of SMN, as a source for N2O-producing microbes, is a key factor in-
fluencing N2O formation and varies substantially. Zhou et al. [33] stated that precise
simulation of SNM is a prerequisite for sufficiently accurate N2O-emission estimates. The
used PSAM provided a plausible simulation of SMN dynamics for all N rates, N forms,
sites, and years [27]. The time course and the maximum amount of N uptake by the crops
and the level of N mineralization from soil organic matter are key processes in order to
estimate SMN, and they were properly covered by our PSAM as well [27]. Some N2O
emission-focused models have been reported to sometimes fail in the prediction of crops’
N uptake [46], or to miss information about the performance of N-uptake simulation.

Soil moisture is another major driver of N2O emissions, as it governs the oxygen
availability to soil microbes [7,47], in conjunction with soil texture and structure. Soil
moisture, therefore, affects both processes—nitrification as well as denitrification—in terms
of the total rate and the fraction of N2O emission to the total gaseous N loss for the
respective process. Our model often simulated soil water dynamics well [27], presumably
because of the soil water diffusivity-based approach [32], which accounts for the temporal
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oversaturation of soil compartments. Usually, this leads to a better description of water-
flow rates, compared to tipping-bucket approaches used in other N2O emission models
such as, e.g., DNDC [48].

The critical WFPS for denitrification (WFPScrit_den) was introduced as a site-specific
factor controlling the start of denitrification as an extension of the original APSIM ap-
proach [49] or as used in the process-based ECOSSE model [47]. In contrast to the cal-
ibration of nitrification parameters, where no site-specific calibration was required, for
denitrification a site-specific calibration of WFPScrit_densubstantially improved the estima-
tions of N2O emissions [43,47]. For all sites in this study, denitrification starts at soil water
contents exceeding field capacity, as indicated by site-specifically calibrated WFPScrit_den.
The difference between WFPScrit_den (ranging from 0.8–0.95) and the WFPS at field capacity
was higher for the more sandy soils in Berge, Dedelow, and Hohenschulen. Therefore, the
use of a simple cascading-layer approach for simulating soil water dynamics seems to be
inappropriate [50]. Although the data (Tables 1 and A1) suggested a correlation between
site-specifically calibrated parameters and soil textures, we were not able to establish func-
tional relationships between those two factors. This might indicate that further factors, like
soil organic carbon (SOC) content or bulk density, might control mineralization processes
and N2O emissions, especially for the denitrification-driven N2O fraction.

The results of Thorburn et al. [35] revealed higher N2O emissions in heavier textured
soils, which is in line with our observations at Merbitz, where clay content and the long-term
annual N2O emission levels were highest. Moreover, Groffman and Tiedje [51] reported that
the smaller pores of earlier fine-textured soils become anaerobic, favoring denitrification.
In contrast, the sandy-soil texture at Berge and Dedelow, with the lowest water-holding
capacity, caused only small N2O emissions [22]. Velthof et al. [52] measured low N2O
emission rates on soil with relatively low organic matter. The lowest SOC concentrations
were found at Berge and Dedelow, representing low-emission sites in our experiment.
Interestingly, the highest SOC contents were measured at Hohenschulen and Ihinger Hof,
while the high-emission Merbitz site showed an intermediate SOC content.

In addition to soil-related parameters, a reliable crop-growth simulation is also impor-
tant to derive WOSR-specific emission results. The chosen environment of HUME-OSR is
known for good predictions of WOSR-yield formation under German conditions [28]. The
implementation of allometric partitioning outperformed phenologically driven develop-
ment in high-yielding environments that are typical in Germany. Therefore, in our study,
HUME-OSR as a basic PSAM was superior to the widespread utilized APSIM model under
less-intensive production conditions.

4.2. Source Paths of N2O Emissions

Generally, the used parameterization of the N2O emission model suggests a predomi-
nantly nitrification-driven N2O development. This is supported by the observations that
N2O emissions peaked after application of fertilizer N (Figure 3) under conditions of only
moderate soil water saturation. Furthermore, the model of Li et al. [15] estimated that 68%
of total N2O emissions in the unfertilized control derived from nitrification. Nevertheless,
large year-specific and site-specific differences in N2O composition occurred (Figure 6),
as revealed by the share of nitrification of 62% at Merbitz, whereas at all other sites more
than 90% of the emitted N2O was derived from nitrification for long-term medians of
the 180 CAN treatment. However, the large boxes and long whiskers of the long-term
simulation indicate denitrification as an important source for N2O formation in certain
years at Merbitz, especially for the 240 CAN treatment (Figure 6). As a clear correlation,
larger shares of denitrification were simulated in years with higher precipitation.

For the digestate treatment, the share of nitrification was generally slightly higher
compared to the highest CAN treatment (Figure 6), probably due to high proportions of
NH4-N (equivalent to 180 kg N ha−1 as CAN) being the N source of nitrifiers. Additionally,
the increased O2 consumption during mineralization of organic-bounded N may have an
additional effect on N2O emission rates. Köster et al. [4] showed that bacterial denitrification
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seems to be the main source of N2O produced after biogas residue application to moist soils.
This was due to high amounts of labile carbon feeding denitrifiers and the NO3 supply
by the organic fertilizer. High N2O peaks, observed shortly after manure application,
were ascribed to increasing denitrification rates and triggered by easily degradable organic
substrates [52,53]. Our experimental data did not always show those kinds of N2O peaks
shortly after digestate application, but our simulation did so, to some extent, and therefore
led to a slight overestimation (Figures 5 and 6).

4.3. Model Purpose and Level of Aggregation

The model provided reasonable estimates of cumulated N2O emissions for increasing
N-input levels at the different sites for the three periods (Figure 5). However, further
improvements are needed to explain the short-term variability, which is not well covered
by the actual parametrization. Since the field measurements in our study were conducted
weekly, it may be possible that some peaks were not recorded, especially in sensitive
stages such as after fertilization or precipitation. This lack of experimental data from flux
measurements was also mentioned as a reason by Goglio et al. [16], using the CERES-EGC
model. A model approach should be able to deduce these sensitive stages and calculate
the corresponding N2O emission, resulting in an overestimation compared to measured
data. Otherwise, underestimation could occur within the modeling process due to model
errors from erroneous simplifications of real situations. Whereas more complex models
like DNDC [54] take anaerobic microsites in the soil into account (‘anaerobic balloon’), they
were not explicitly covered by our modeling approach. Zhou et al. [33] mentioned both
possibilities of overestimation and underestimation by modeling approaches, resulting in
discrepancies between daily simulated and measured N2O emissions.

Even for monthly aggregated emissions, some discrepancies between our simulations
and observations still occurred, resulting in global coefficients of determination of 0.23 and
0.34 for calibration and evaluation data sets, respectively (Table 3). These results are in line
with the findings of Yang et al. [55] for N2O modeling with the SWAT model on monthly
time steps in corn and switchgrass systems (R2 = 0.2253). Their model performed better
(R2 = 0.497) when excluding a month with high N2O emissions, indicating that single high
N2O peaks can largely affect model performance on monthly time steps.

Our model performed best for cumulated N2O emissions representing the site-specific
amount of N2O being emitted within the measured period. This is comparable to modeling
studies of Bell et al. [56] and Molina-Herrera et al. [57], where cumulated emissions were
better met from the models than from daily or weekly measurements. For balancing
purposes, when N2O emissions are cumulated over longer periods, a model’s ability to
simulate the general dynamics of key driving factors controlling N2O emissions is more
important than the exact simulation of daily N2O emission rates. Therefore, despite some
uncertainties, our PSAM seems to be suitable to simulate cumulative N2O emissions for
balancing purposes.

4.4. Nitrogen Input Related Emission Factors

The sensitivity analysis of direct N2O emissions with respect to continuously increased
fertilizer N input showed a clear positive correlation and was best covered by quadratic
functions (Table A2). These results reflect the fundamental context of available reactive N
as a main driving factor for gaseous emissions, as well as the rather non-linear response
reported from meta-studies globally [20,58] or under German conditions [59]. Other
findings from simulation studies covered this as well [15,16]. For low-emitting sites and
low N inputs, the N2O response was nearly linear, but it was exponential at Merbitz due
to higher site-specific emission potential. However, the EFs were predominantly much
lower than the aggregated IPCC default value of 1%. Despite this generally low emission
level, a site-specific response due to differences in pedoclimatic boundary conditions was
obviously provided (Figure 8, Table 4). Gabrielle et al. [43] also highlighted this site-
specific EF variation for wheat-cropped soils in France ranging from 0.07–0.3%, clearly
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below the IPCC default value. The 10-year model simulation study of Leip et al. [21] also
revealed large spatial variations of fertilizer-induced emissions and related EFs across
European countries. However, their average resulting EF was on the level of the IPCC
emission factor. It should be noted, that Leip et al. [21] calculated EFs, on average, of up
to three crops, representing countries with typical agricultural structures. Accordingly, a
direct comparison with our WOSR -pecific simulations for different sites across Germany
is limited.

Our estimated EF200 and EFNopt ranged from 0.16% to 0.65% at the investigated sites
(Table 4) and were somewhat lower than those calculated by the global exponential model
of Ruser et al. [22], including data from more sites as well as data form the meta-analysis
by [59]. Thus, there were some sites included with clearly higher-observed N2O emissions
than were investigated in our research, leading to higher EFs. The more recent assessment
for a Tier 2 regionalization of N2O emission factors in Germany supports our findings, with
a range of 0.38–0.92% and a mean value of 0.62% [23].

For the organic treatments with biogas digestate, calculated EFs were higher than the
aggregated IPCC factor of 1% at two sites (Table 4). Even more discrepancies occurred
when comparing the disaggregated IPCC factor or non-synthetic inputs in wet climates of
0.6%, as published in their refinements in 2019 [19]. One reason for the higher emissions
from DIG might be that in addition to 180 kg NH4-N ha−1, on average 108 kg organic-
bound N was applied with the digestate [27], leading to real N-input levels of, on average,
260 kg N ha−1 (ammonia emissions were already subtracted). Nevertheless, our PSAM
simulation of N2O emissions from organic fertilization overestimated the observed N2O
emissions, especially at the high-emitting Merbitz site. Due to the lack of final evidence, a
functional-relation study for organic fertilization was not feasible.

However, the reliable estimations of cumulative emissions, as well as the partial losses
of applied N fertilizer from mineral sources (EF) based on long-term simulations, are useful
tools in comparison to field measurements only. Especially for improvements in WOSR
cropping sequences, the optimization of GHG balances, and the development of climate
mitigation strategies, such site-specific evaluations are necessary. Particularly due the high
GWP of N2O, it is important to calibrate and evaluate such emission models very precisely.

5. Conclusions

Our newly integrated N2O emission component was able to enhance an existing PSAM
for predicting gaseous N losses. Specifically, for robust long-term cumulative assessments,
the model was helpful for site-specific quantification of N2O emissions from WOSR under
high-intensity production conditions, which are typical for Germany. Improved daily flux
dynamics must be a key aspect in further model revisions. Our three-year calibrated model
enabled long-term simulations with historical weather data to derive reliable functional
relations between fertilizer N input and direct N2O emissions. Despite comparatively high
typical fertilizer N inputs, simulated EFs were markedly below the IPCC standard value
of 1%. In combination with previously published model components for indirect N2O
emissions from nitrate leaching and ammonia volatilization, a full set of gaseous N losses
is now available to quantify climate impacts from WOSR cropping systems. This could
help to improve quantifications as necessary for, e.g., bioenergy certifications, as well as to
identify measures for climate-change mitigation in WOSR production. Moreover, future
developments in regional and national climate inventories will need dynamic process-based
simulation models for Tier 3 approaches. Further applications might also include scenario
analysis with climate-change weather predictions to optimize future GHG balances in
WOSR cropping sequences.
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Appendix A

Additional Formulas during Nitrification Processes

f abiotnit = f (W)nit · f (T)nit (A1)

where f(W)nit and f(T)nit represent water and temperature impacts:

f (W)nit =


1 − (1.5−pF)

1.5 pF < 1.5
1 1.5 ≤ pF < 2.5
1 − 0.4 · (pF − 2.5) 2.5 ≤ pF < 5
0 pF ≥ 5

(A2)

where pF describes soil matric potential as the decadic logarithm of its absolute value
in hPa.

f (T)nit =



0 T ≤ 2 ◦C
0.15·(T − 2) 2 ◦C < T ≤ 6 ◦C
0.1·T 6 ◦C < T ≤ 20 ◦C
e0.47−0.027·T+0.00193·T2

20 ◦C < T ≤ 28 ◦C
e0.47−0.027·28+0.00193·282

T > 28 ◦C

(A3)

where T describes the soil temperature in ◦C.

RNOx/N2O = e−3.79 · WFPS+2.73 (A4)

where WFPS represents water-filled pore space [cm3 cm−3].

Additional Formulas during Denitrification Processes

kpotden = kden · CO2 f lux (A5)

f abiotden = f (W)den · f (T)den (A6)

https://www.mdpi.com/article/10.3390/agriculture14010070/s1
https://www.mdpi.com/article/10.3390/agriculture14010070/s1
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where f(W)den and f(T)den represent water and temperature impacts:

f (W)den = min
(

1, max
(

0,
WC − WC(WFPScrit_den)

WCsat − WC(WFPScrit_den)

))
(A7)

where water content WC is calculated from water-filled pore space WFPS, taking soil texture
dependent saturated water content WCsat into account:

WC(WFPS) = WFPS · WCsat (A8)

f (T)den = 0.1 · e0.046 · T (A9)

RN2/N2O = max
(

0.16 · k1, k1· exp
(
−0.8 · NO3

CO2 − f lux

))
·max(0.1, 1.5·WFPS − 0.32) (A10)

where k1 is the parameter controlling the maximum value of the N2/N2O ratio curve:

k1 = max(1.7, 38.4 − 350 · DFC) (A11)

where DFC represents the soil gas diffusion at field capacity, calculated after Millington and
Quirk (1961) in Kristensen et al. [61]

DFC =
ε

10
3

Φ2 (A12)

where Φ is the total porosity [cm3 cm−3] and ε is the air-filled pore space at field capacity
[cm3 cm−3].

Table A1. Parametrization details of the N2O-emission processes.

Parameter Unit Value Source/Fitting

CNDPM - 6 [39]
CNRPM - 150 assumption
CNBIOM - 8 [39]
CNSOM - 10 [39]

εDPM - 0.4

[39]
εRPM - 0.3

εBIOM. - 1
εSOM. - 0.2

kDPM→BIOM day−1 0.07
[34]kRPM→BIOM day−1 0.007

kBIOM→SOM day−1 0.01

kSOM→BIOM day−1

Berge: 0.00037

fitted to SMNmeasured

Dedelow: 0.00090
Hohenschulen: 0.00037

Ihinger Hof: 0.00050
Merbitz: 0.00055

Mineff -

Berge: 1.0

fitted to SMNmeasured

Dedelow: 1.5
Hohenschulen: 1.0

Ihinger Hof: 1.0
Merbitz: 1.5

fr_n-loss - 0.0157
knit day−1 0.18 fitted to NH4-Nmeasured
kden day−1 1.9 fitted to N2Omeasured
Km - 26 [36]
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Table A1. Cont.

Parameter Unit Value Source/Fitting

WFPScrit_den [%]

Berge: 0.90

fitted to N2O measured

Dedelow: 0.85
Hohenschulen: 0.80

Ihinger Hof: 0.95
Merbitz: 0.87

Table A2. Site-specific equations and coefficients of determination for the estimated regression lines
between N-induced N2O emissions and mineral N input. N2O emissions as long-term medians of
respective mineral N-input level from long-term simulations.

Site x = Mineral N input [kg N ha−1]
y = N2O Emission [kg N2O-N ha−1] R2

Berge y = 1.163·10−6 x2 + 1.465·10−3 x − 9.575·10−3 0.90
Dedelow y = 1.343·10−6 x2 + 1.397·10−3 x − 1.033·10−2 0.87

Hohenschulen y = 3.687·10−6 x2 + 1.083·10−3 x + 4.036·10−3 0.82
Ihinger Hof y = 6.076·10−6 x2 + 1.952·10−3 x + 8.347·10−3 0.84

Merbitz y = 2.876·10−5 x2 + 9.143·10−4 x − 3.647·10−2 0.61

Table A3. Derived economic optimal N fertilizer input (Nopt) and corresponding yield (YNopt) from
quadratic response functions at the five study sites.

Site Nopt
[kg N ha−1]

YNopt
[t ha−1]

Berge 191 3.62
Dedelow 196 3.92

Hohenschulen 222 4.54
Ihinger Hof 222 4.21

Merbitz 201 4.33
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