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Abstract. To assess the responses of nitrogen and greenk is a major determinant of terrestrial and aquatic biodiver-
house gas emissions to pan-European changes in land coveity (Dise et al., 2011). It influences particle formation and
land management and climate, an integrated dynamic modebther chemical production processes in the atmosphere and
INTEGRATOR, has been developed. This model includeshas major impacts on greenhouse gas (GHG) fluxes via ni-
both simple process-based descriptions and empirical relatrous oxide (NO) and indirectly carbon dioxide (C®and
tionships and uses detailed GIS-based environmental anthethane (Ch) (Butterbach-Bahl etal., 2011; De Vries etal.,
farming data in combination with various downscaling meth- 2011a).
ods. This paper analyses the propagation of uncertainties Several estimates have been made of European-wide
in model inputs and parameters to outputs of INTEGRA-land nitrogen (N) budgets, including emissions of ammo-
TOR, using a Monte Carlo analysis. Uncertain model inputsnia (NHg), nitrogen oxides (N¢) nitrous oxide (NO) and
and parameters were represented by probability distributionsgi-nitrogen (N), and the leaching and runoff of N (mainly
while spatial correlation in these uncertainties was taken intaitrate, NG ™) to ground- and surface waters (Stohl et al.,
account by assigning correlation coefficients at various spa1996; Bouwman et al., 1997; Mosier et al., 1998; Freibauer,
tial scales. The uncertainty propagation was analysed for th€003; Van Drecht et al., 2003). These estimates were based
emissions of NH, N2O and NQ, N leaching to groundwa- on coarse or generic data, because much of the information
ter and N runoff to surface water for the entire EU27 andrequired for a detailed assessment of N emissions from agri-
for individual countries. Results show large uncertainties forculture is not included in current European databases (Leip,
N leaching and runoff (relative errors of 19 % for Europe  2004). De Vries et al. (2011b) disclosed these detailed data,
as a whole), and smaller uncertainties for emission @®®N  which are used in the model INTEGRATOR for European-
NH3 and NG (relative errors of-~ 12 %). Uncertainties for wide N and GHG emissions estimates. The model was de-
Europe as a whole were much smaller compared to uncerveloped within the framework of the European Integrated
tainties at country level, because errors partly cancelled ouProject NitroEurope (Sutton et al., 2007) to model the re-
due to spatial aggregation. sponse of reactive nitrogen (Nr) and GHG emissions due to
land-use changes (De Vries et al., 2011b) and the effect of
mitigation measures (Kros et al., 2011).

Until now, a systematic uncertainty assessment of all N
1 Introduction fluxes from terrestrial systems at large regional scales is lack-

ing almost completely and uncertainties reported in the liter-

The nitrogen cycle is of fundamental importance in ecosys-zire vary widely. One of the few examples is from De Vries
tem functioning, global change and human health issueset g1. (2003), who performed an uncertainty analysis of all

Nitrogen provides a key control of the global carbon cycle major N flows in the Netherlands. This research, however,
through effects on primary production and decomposition.
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neglected the uncertainty due to spatial model inputs such aand (ii) high-resolution spatially explicit input data. INTE-
soil type and land use, which also influence the uncertainty inGRATOR includes various sub-models for the prediction
GHG predictions (Mosier et al., 1998; Pihlatie et al., 2004) of N (NHsz, NOyx, N2oO and N) emissions and N leach-
and spatial correlations between these uncertain model ining from (i) housing and manure storage systems and agri-
puts. Most research has been focussed on uncertainties kultural soils, i.e. an adapted version of the MITERRA-
N2O emissions, which have been quantified at field scaleEurope model (Velthof et al., 2009; Lesschen et al., 2011),
(e.g. Lehuger et al., 2009), at landscape scale (e.g. Nol et al(ji) non-agricultural terrestrial systems, and (iii) an emission-
2010) and at national scale (e.g. Del Grosso et al., 2010). Notleposition matrix for NH and NQ,, based on the EMEP
et al. (2010) performed an uncertainty propagation analysisnodel (Simpson et al., 2006) to assess interactions be-
for a Dutch fen meadow landscape using the INITIATOR tween agricultural and non-agricultural land. INTEGRA-
model, while including uncertain spatial model inputs. They TOR (Fig. 1) calculates the total manure production for each
used a Monte Carlo (MC) analysis combined with a novel FSSNUTS region, i.e. Farm Structure Survey (FSS) regions
method for estimating and simulating continuous-numericalwhich are either at NUTS (Nomenclature of Territorial Units
and categorical input variables, handling spatial and crossfor Statistics) 2 or 3 level (Leip et al., 2008). The manure
correlations. Del Grosso et al. (2010) performed a nation-production is calculated from the animal numbers, available
wide uncertainty analysis, using the DAYCENT model com- at FSSNUTS level, and the N excretion per animal category,
bined with an empirical approach, to quantify uncertaintiesavailable at country level. A division is made between ex-
in soil NoO emissions from croplands in the USA. Uncer- cretion of animals in housing systems and grazing animals in
tainty assessments have also been done for total atmospheipastures, based on data at country level. All manure produced
emissions of NH, N2O and NQ for various countries, such in housing and manure storage systems within an FSSNUTS
as the Netherlands (Van Gijlswijk et al., 2004). region, corrected for nutrient losses (gaseous and leaching)
Apart from uncertainty assessments that focus on the propin these storage systems, is applied to agricultural land in the
agation of model input uncertainty to model outputs, in- same region (no manure transport between regions). Weigh-
sight in the uncertainty of N fluxes can also be deriveding factors for grassland, fodder crops and other crops are
from model inter-comparisons. Results of INTEGRATOR, used to distribute animal manure, which are country depen-
for example, have been thoroughly compared with the resultslent (Velthof et al., 2009).
of other European-wide N budget models, including INH Fertilizer N application is based on national fertilizer con-
N2O and NG emissions and the sum of N leaching and N sumption rates for the year 2000 (FAO, 2010). For each
runoff to ground- and surface water (De Vries et al., 2011b).country, the mineral fertilizer is distributed over crops using
Furthermore, Leip et al. (2011b) provided an overview of weighing factors that are based on the N uptake of the crop
European-wide RO estimates based on different empirical (sum of N in harvested products and N in crop residues).
and process-based model applications. N uptake is calculated as the product of yield and N con-
The aim of this paper is to analyse how uncertainties intent, where the N content depends on the current N input.
model inputs and parameters propagate to model outputs, foFhe yields of arable crops for each country were derived
cussing on uncertainties in continuous model inputs (e.g. ferfrom FAO statistics on a country basis (FAO, 2010). The
tilizer use) and model parameters (e.g. excretion factors antl contents of harvested crop products and the amount of
emission fractions). We present an MC propagation analy-crop residues were derived from the literature (see Velthof
sis with INTEGRATOR at the European scale, while taking et al., 2009).
spatial correlation into account. The considered outputs are The emission of gaseous N compounds gNN>O, NO
N2O, NO; and NH; emission, N leaching to groundwater and N) accounted for in the model includes emission
and N runoff to surface water for the year 2000. Uncertainties(i) from faeces and urine during storage in housing and ma-
in climate, land cover and soil type were not included. Thenure storage systems, (ii) by grazing animals, (iii) after ap-
study focussed at (i) uncertainty quantification (UQ) of N plication of manure and fertilizers to agricultural land and
fluxes for the entire EU27 and for individual member states,(iv) due to atmospheric deposition, nitrogen fixation and crop
(ii) the identification of the main sources of uncertainty for residue input (not included for N§. NH3, NoO and NQ
all N output variables (uncertainty analysis, UA), and (iii) the emissions from housing/manure storage and grazing are cal-
quantification of the robustness of the uncertainty assessmeiulated by multiplying the number of animals and excretion
(robustness analysis, RA). rates per animal category by country-specific emission fac-
tors based on the GAINS model (Klimont and Brink, 2004).
NH3 emissions due to fertilizer and animal manure appli-
2 Modelling N fluxes in agriculture at the European cation are calculated by multiplying the application rates
scale of different animal manures and fertilizers by animal and
country-specific (related to application techniques) emission
INTEGRATOR uses (i) relatively simple and transparent factors based on the GAINS model (Klimont and Brink,
model calculations based on existing model approaches2004). Contrary to MITERRA-Europe, which uses generic
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Fig. 1. N transfer processes included in the agricultural module of INTEGRATOR (the adapted MITERRA-Europe model).

N2O emission factors for fertilizer and animal manure appli- is assumed to be denitrification teNThe N surplus in soils
cation, INTEGRATOR uses soil emission factors that vary is calculated from the total N input, corrected for gaseous N
with the N source (three fertilizer types, seven manure typeslosses and surface runoff losses directly following applica-
three crop residue types, mineralized soil organic N, biolog-tion, and the N removal via harvested crops. The division of
ical N fixation and atmospheric deposition), manure appli-total N losses to water over leaching and subsurface runoff is
cation technique, soil type, land use and precipitation (Lessbased on the water fluxes in both directions, which is based
chen et al., 2011). NO emissions are linearly related4#®N on Keuskamp et al. (2012). Indirecb® emissions from N
emissions. leached to ground- and surface waters are calculated using
Losses of N from agricultural systems to ground- and sur-IPCC (2006) emission factors.
face waters accounted for in the model include (i) leach- Three types of grasslands (intensively and extensively
ing from stored manure to groundwater, (ii) surface runoff managed grasslands, and rough grazing), 30 crop types and
to surface waters, (iii) subsurface runoff to surface watersgight animal categories (dairy cows, other cows, pigs, lay-
and (iv) leaching to groundwater (Fig. 1). Leaching from ing hens, other poultry, horses, sheep and goats and fur an-
stored manure to groundwater is calculated by multiplyingimals) are distinguished. Animal numbers for the year 2000
the amount of N stored by leaching fractions that depend orper NUTS2 were taken from GAINS (Klaassen et al., 2004),
the storage system (liquid or solid manure) and the presencand (area weighted) downscaled to the FSSNUTS regions.
of concrete floors. Data on the distribution of the storage sysData on housing systems and grazing periods were also de-
tems and the percentage of covered manure storage in counived from GAINS, based on national data provided by na-
tries were derived from GAINS (Klimont and Brink, 2004). tional experts. Emissions are calculated for spatial units that
Surface runoff is calculated as a fraction of the various Nconsist of clusters of 1 kfgrid cells (NCU, NitroEurope
inputs, using runoff fractions that depend on slope, precipita-Computational Units), characterized by similar environmen-
tion, land cover, soil type and soil depth (Velthof et al., 2009). tal and/or agronomic conditions. For the EU27 (excluding
The sum of N leaching and subsurface runoff from soils isMalta and Cyprus), 35101 NCUs were distinguished and
derived by multiplying the N surplus by leaching fractions, 744 FSSNUTS regions. To avoid confusion with the EU25
which are determined based on soil texture, land use, precipestablished in 2004, i.e. EU27 without Bulgaria and Roma-
itation surplus, soil organic carbon content, temperature anchia, we used “EU27” to depict the analysed member states
rooting depth (Velthof et al., 2009). The remaining fraction in this study.

www.biogeosciences.net/9/4573/2012/ Biogeosciences, 9, 45&8-2012



4576 J. Kros et al.: Uncertainty in nitrogen fluxes in Europe

3 Uncertainty quantification and uncertainty analysis 3.2 Assessment of the uncertainty of the
INTEGRATOR model inputs

3.1 Overall approach

The UQ focussed on analysis of propagation of uncertainty
Model output uncertainty is determined by three cate-jn (1) initial values (i.e. values of state variables at the start
gories of uncertainty sources: (1) model input uncertainty,of the simulation), (2) model parameters and (3) environmen-
(2) model structure uncertainty, and (3) model solution un-ta| constants and variables. In the sequel these three groups
certainty. In this paper we solely focussed on model input un-are referred to as “model inputs”. Uncertainties in categorical
certainty. We assumed that model solution uncertainty, whichyata such as land use and soil maps were not considered. The
refers to errors caused by rounding, numerical evaluationuncertainty in model input data was limited to model inputs
of integrals, suboptimal optimization solutions, etc., has aaffecting (i) N inputs to the system, i.e. N fixation, N depo-
marginal contribution to the output uncertainty and can there-sjtion, N manure input and N fertilizer, and (ii) N fluxes in
fore be ignored. Uncertainties due to model structure are nohnd from the ecosystems. For each model input included in
easy to quantify. A possible approach is to compare resultshe UQ we defined the following statistical properties:
of INTEGRATOR with results from other models, which has

been done by De Vries et al. (2011b). 1. Uncertainty in terms of coefficient of variation (CV)
In this study we performed both an uncertainty quantifica- ~ Or standard deviation (SD), distribution type (normal
tion (UQ) and uncertainty analysis (UA) using a Monte Carlo or lognormal), minimum (min) and maximum (max) at

(MC) simulation approach. Attractive properties of the MC NCU level.
methgd are easy |mplementa.1t.|on, .ge.”e“'?" applicability and 2. Cross correlation for certain pairs of model inpiutnd
resulting in an entire probability distribution of the model ' (pectinf))

output (Heuvelink, 1998). The UQ analyses how uncertain- I \eeltJ))-

ties in model inputs and model parameters propagate to the 3. Spatial correlation coefficients between locations within

model output, while UA quantifies the contribution of indi- the different Spa‘[ia| scale levels.
vidual sources of uncertainty to the output uncertainty. The
application of UQ and UA involved the following steps: In assessing the uncertainty of model inputs and their spatial

correlation, we distinguished four spatial scale levels in order
1. Select model input parameters to be included inthe  of increasing size: (i) 35 101 NCUs characterized by similar
uncertainty propagation analysis. environmental and agronomic conditions, (i) 744 FSSNUTS
regions, (iii) 25 countries, and (iv) EU27 as a whole. An ex-
ample of these spatial levels is presented for the Netherlands
and surroundings in Fig. 2.
3. Generate realizations of the uncertain inputs by random For model inputs with assumed lognormal distributions;
drawing from their probability distributions. the spatial and cross-correlations of these variables were de-
fined at the log-transformed scale. We used a lognormal dis-
4. Submit realizations to INTEGRATOR and perform MC  tribution when data showed that the variable has a skew dis-
runs. tribution. The tails of the distribution can have a marked in-
fluence on model outcomes and it is important to take this

5. Calculate summary measures of the outputs of the Mclnto account. Details of each aspect are further described be-

runs (e.g. mean, standard deviation, confidence Iimits).IOW

2. Parameterize the probability distribution of the
uncertain inputs.

For UQ we considered all model inputs parameters as uncer- o o

tain, ranging from activity data to model constants. For UA 3-2.1 Values used for coefficient of variation and
we selected groups of model parameters for which we esti- standard deviation

mated the uncertainty contribution.

INTEGRATOR was applied while using the NCU as the
spatial support, implying that spatial variability within an
NCU was not taken into account. The size of the NCUs wa
highly variable with a mean area of 163 krand standard
deviation of 557 krf. Larger NCUs occur mainly in flat ar-
eas with uniform soil types, whereas small NCUs occur in
mountainous areas with variable soils.

To characterize the uncertainty in model inputs, we used the

CV for normally distributed model inputs, assuming that the

SD is proportional to the average value of a model input. For
SIognormal model inputs we used the conventional approach
and defined the uncertainty by the SD at the log-transformed
scale, being approximately equal to the CV on the original
scale (Limpert et al., 2001).

Because we have little quantitative information on the un-
certainty of the model inputs, we decided to use only three
levels of CVs, i.e. low (CV=0.10), moderate (CV=0.25)
and high (CV =0.50), with the following assignments:

Biogeosciences, 9, 45738588 2012 www.biogeosciences.net/9/4573/2012/
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Table 1.Values used for CVs in three scenarios to assess the robust-
ness of the uncertainty analysis.

Class of CV Opt(0) Ref(R) Pes(P)
Legend Low CV (L) 0.05 0.10 0.15
[ county Moderate CV (M) 0.10 0.25 0.30
[ Fssnuts High CV (H) 0.40 0.50 0.60

3.2.2 Cross-correlations

Some model inputs are correlated with other model inputs,
which affects the uncertainty estimation; therefore cross-
correlations need to be considered. The considered cross-
correlations are given in Table 2. The selected pairs of cor-
related inputs and assigned correlations were determined by
expert judgement. It is obvious that theexcretion rate of
cattleis positively correlated with thil content of grass in-
tensive The negative correlation betwe€mnop yieldand the
Maximum N content in the harvested crgpevents the oc-
currence of unrealistic values of crop removal (in terms of
N). Although processes related to®@ emission and Nkl
emission are different, we also included a correlation be-
tween theNHs emission fraction from housing systearsd
those forN2O emission fraction from housing systerififis
Fig. 2. Map of the Netherlands depicting the NCU, FSSNUTS, and Was done since “open” stables or non-covered manure stor-
Country spatial aggregation levels. ages leading to a high NHemission also result in a higher
N2O emission. Since NO and2® emission from housing
systems are highly interconnected processes, we assigned a
— Low — used for model inputs based on accurate qualityhigh correlation between the emission fractions for these N

statistics for agronomic data (i.e. animal numbers, na-forms.

tional N fertilizer inputs and N input data) and also for

the crop uptake efficiency fractions. 3.2.3 Spatial correlations

— High — used for guestimated model inputs, such @®N  In addition to cross-correlations, spatial correlation of uncer-
emission fractions from solid manure systems and N fix-tain inputs was considered as well. Uncertainty about spa-

ation for arable land and grassland. tially distributed inputs tends to be positively spatially cor-
related, and this influences the degree to which uncertain-
— Moderate — used for all other model inputs. ties cancel out by spatial aggregation (see e.g. Heuvelink

and Pebesma, 1999). The common geostatistical procedure
The normal distribution was used as a standard, except foto include spatial correlations in uncertain inputs is to de-
(i) all N2O and NO emission fractions, and (ii) the ratio be- fine variograms and determine for each model input the sill,
tween NG and N O emission fractions. These model inputs, nugget, range and shape of the variogram. Cross-variograms
with a strongly positive skew distribution, were considered are also needed for inputs that are cross-correlated. Since
lognormally distributed. hardly any data are available to derive these variograms and
Since the information on the assigned CVs was largelycross-variograms, we included spatial correlation using a
based on expert judgement, we applied a robustness analyggagmatic approach as suggested by Lesschen et al. (2007).
by using three uncertainty scenarios (Optimistic (O), Refer-They incorporated the degree of spatial correlation as an ef-
ence (R) and Pessimistic (P)). For the CVs, explicit valuesfect on the variance of the aggregated results.
were assigned for each scenario (see Table 1). The methodology by Lesschen et al. (2007) is also at-
In order to prevent physically unrealistic values, we settractive because (i) it can easily be applied in a situation
(i) a minimum of 0 and a maximum of 1 in case of frac- with variable support, whereas the geostatistical procedure
tions, and (i) in other cases a physical minimum (generallyassumes a constant support, and (ii) it can take explicit dif-
0, sometimes minus infinity) and a physical maximum (gen-ferences between countries into account, e.g. due to leg-
erally infinity). islation and/or country-specific management, whereas the
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Table 2. Model inputs for which cross-correlations are included.
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Model input 1

Model input 2

pPcc

N excretion rate of cattle
Crop yield

NH3 emission fraction from housing systemsvV,0
N>0 emission fraction from housing systems

N content of grass intensive
Maximum N content in the harvested crops —0.8

0.5

emission fraction from housing systems 0.5

NO emission fraction from housing systens8

geostatistical procedure cannot cope easily with administraTable 3. Values of spatial correlation coefficients for three robust-

tive boundaries.

The degree of spatial correlation was defined as the corre-

lation between inputs in (i) different NCUs within the same
FSSNUTS region dncu), (i) different FSSNUTS regions
within the same countryoyuTs), and (iii) different countries
within EU27 (ocounTry)- The uncertainty of inputs at NCU

level was assumed to be constant and independent of the size

of the NCU. The uncertainty of most inputs, however, was
only available at either FSSNUTS level, e.g. animal num-

ness scenarios.

Class of correlation  Opt (O) Ref(R) Pes(P)
Perfect (P) 1.0 1.0 1.0
High (H) 0.8 0.85 0.9
Moderate (M) 0.3 0.5 0.7
Low (L) 0.1 0.2 0.3
None (N) 0.0 0.0 0.0

bers, or at national level, e.g. fertilizer amounts and model

inputs on N excretion, distribution and emission. For model

spatial correlation coefficients in all these cases are given in

inputs whose uncertainty was defined at FSSNUTS or counTaple 3.

try level, the value opncu was set to 1 (perfect correlation).

We also assumed that there was no spatial variability within3.2.4 Generation of multiple model inputs

NCUs, thus correlations within an NCU were always 1.
To complete the definition of uncertainties in spatial inputs
with probability distributions, the next step was to specify the

We generated sets of multiple model inputs randomly drawn
from the input distribution functions, using thienultnorm

spatial cross-correlation coefficients between a model inpufunction from the MSBVAR library in R Ittp://www.
at some location with another model input at another loca--project.org) and linking each model input to the NCU,

tion. These were calculated as

onculi, j) = peclis j) v/ oncu(@) - pncu () 1)
onuTs (i, J) = peclis ) v/ pnuTs() - pnuTs(j) (2)
PCouNTRY (i, J) = pecli, j) (3

v/ PcouNTRY(i) - PCOUNTRY ()

wherei and j refer to model inputs and j and where
pceli,j) is the correlation coefficient between model inputs
and; for the same plot.

We limited the number of values for the spatial correlation
coefficientsp to five classes:

— Perfect —for model inputs that are not linked to the NCU
but to a higher aggregation level.

High — in case of a strong spatial correlation.

Moderate — in case of a moderate spatial correlation.

Low —in case of a weak spatial correlation.

None — in case of no spatial correlation.

NUTS, Country or EU27 level. Spatial correlation coeffi-
cient matrices were built by linking all model inputs to each
of the 35101 NCUs, while incorporating theycu, ponUTS
and pcounTry coefficients. At the same time the cross-
correlations were taken into account.

Based on preliminary testing, we decided to perform
1000 MC runs. With this relatively high number of MC runs,
the predefined distributions and their correlation structure
were adequately represented. The analysis was done for the
three robustness scenarios, so in total three sets of 1000 MC
runs were generated.

3.3 Quantification of the uncertainty contribution

The INTEGRATOR model includes a large number of model
inputs, which hampers the quantification of the uncertainty
contribution of individual parameters. Therefore, we decided
to quantify the contribution of model inputs to the uncer-
tainty in model outputs for groups of model inputs affect-
ing certain model outputs, such as N excretion, N emission,
N uptake, etc. We grouped the INTEGRATOR inputs into
six groups for which we analysed the uncertainty separately
(see column “Group” in Table 4). For each individual model

Furthermore, as with the CV, we used three scenarios (Optiinput the uncertainty contribution to the total output uncer-
mistic (O), Reference (R) and Pessimistic (P)) to investigatetainty was estimated. This was accomplished by a MC sim-
the robustness of the assigned correlations. The values of th@ation considering only the model input group uncertain for

Biogeosciences, 9, 4573588 2012 www.biogeosciences.net/9/4573/2012/
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4.1.2 Spatial distribution of uncertainty at NCU level

Nrosw- F""{j:l """ Janmoo o o
Meor R Bk Figures 4 and 5 depict the spatial variability of the area-
NOm o i weighted average N (#0, NHz and NQ) emissions (Fig. 4)
Noxem = |'I¢ H
NHaor - boe e [T} ---- o ar_ld_N losses to groundwater and to surface water (Flg. 5)
oL : : . : : within the EU27 at NCU level for the year 2000. The fig-
0 5 10 15 20 25 ures show the mean values and the relative uncertainty ex-
(kg N ha Ty pressed as a CV. The results show that N fluxes are highly

correlated with agricultural intensity. High fluxes occur in
Fig. 3. Boxplots with 95 % prediction interval and outliers of the areas with a high intensity of animal husbandry, such as the
area-weighted average (per NCU»® emission (NOem), NOx Po Valley, northern Germany, the Netherlands and Bretagne,
emission (NQ em), NHz emission (NH ey, N leaching to ground-  and hilly regions such as the Alps in southern Germany and
water (Ne gw) and N runoff to surface water blsw) for the EU27  northern Spain (see e.g. Leip et al., 2011a). Compared to
for the year 2000. other outputs, NB emissions show a smaller spatial vari-

ation. NH; emissions are related to livestock manure pro-

which the contribution was to be estimated. The other SixducUon and manure application, which are provided at FSS-

groups were considered certain by using their default vaIueNUTS level, whereas D and NQ fluxes and N leaching

. nd runoff fluxes also are largely influenced by the underly-
as stored in _th_e INTEGRATOR database. Hence_z, the modemg environmental conditions such as soil type and hydrolog-
was run again in six separate rounds, and each time only ON&_ | conditions. which are linked to the NCU level

of thg Six groups was made uncgrtam. The uncerpamty CON" The variation in the uncertainty of the® and NQ emis-
tribution was based on a comparison of the resulting output

. . ion among the NCUs is relatively small, and varies mostl
variances of each model input group. The analysed mode? g y y

. ) . 2 X ._between 20 and 40%. The uncertainty at country level is
inputs (51 in total) and their statistical properties and s;patlalIOWer enerally below 20% for both 40 and NQ (Ta-
levels are given in Table 4. ' 9 y

ble 6).
The spatial variation of the uncertainty of Mldmission at

4 Results NCU level is somewhat larger and apparently distributed into
two classes, either less than 20 % or between 20 and 40 %. It

4.1 Uncertainty in model outputs seems that areas with a higher uncertainty are areas where
most of the NH emission is caused by grazing and manure

4.1.1 Uncertainty at EU27 and country level application, such as in Spain and Ireland.

Contrary to the gaseous emissions (Fig. 4), N runoff to sur-

Results at EU27 level show larger uncertainties for N leach-5.e water and especially N leaching to groundwater show
ing to groundwater and N runoff to surface water (relative 5 rg|atively large spatial variation (Fig. 5). In large parts of

errors of~ 19 %), and smaller uncertainties for the emission central and Northern Europe, but also in parts of the UK,
of N20O, NO and Nh; (relative errors o~ 12%) (Fig. 3 |rejand, France, Spain and Italy the uncertainty at NCU level
and Table 5). o of N leaching to groundwater is even larger than 100 %. For
The larger uncertainties in N runoff to surface water and N rynoff to surface water there are fewer areas with an uncer-
leaching to groundwater are caused by the larger number Ofinty of more than 100 %. Large uncertainties in N leaching
uncertain model inputs affecting excretion, emission, nitro-y, groundwater generally occur in countries with a relatively
gen input, nitrogen uptake and leaching and runoff, whereag,rge area of sandy soils, for which the uncertainty is large
the uncertainties in PO, NO, and NH are affected by fewer  compared to clay and peat soils, as sandy soils generally re-
uncertain model inputs, i.e. excretion and emission (see Taggjye higher N inputs and are more susceptible to leaching
ble 4). o _ _ (not shown). Moreover, the large variation in the uncertainty
The uncertainties can vary considerably among countrie§or leaching and runoff is mostly due to the leaching fraction
(Table 6). Some countries have large uncertainties for all outs g runoff fractions, which are related to soil type, texture
puts, e.g. Austria, whereas other countries have relatively, g organic matter.
high uncertainties for only one output, e.g. Denmark for N jhcertainties increase when going from EU27 level to
leaching to groundwater. As shown in Table 5, the uncertain—coumry level to NCU level, as shown in Table 7. This table
ties in the average emissions and leaching fluxes at Europeaghows that the uncertainties (expressed as CV) for the out-

level are notic_:eably smqller than those at country_level. Theputs at NCU level are- 3 times greater, and at country level
average relative uncertainty fopR at country levelis 16 % . 1 35 times greater than the uncertainties at EU27 level.
(Table 6), whereas at EU27 level it decreases to 12 % (Ta-

ble 5).
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Table 4. Statistical properties and spatial levels of uncertain model inputs.

Model input? Spatiaf Level Distrib®  CV* o2, oRuTs  PROUNTRY

Livestock excretion data

Animal numbers, dairy cattle (head) NAT N L P P

Animal numbers, other cattle (head) NAT N L P P M
Animal numbers, pigs and poultry (head) NAT N L P P M
Animal numbers, other animals (head) NAT N L P P M
N excretion rates, dairy cattle (kg N head NUT N M P H M

N excretion rates, other cattle (kg N hedgl NUT N M P H M

N excretion rates, pigs and poultry (kg N hedal NUT N M P H M

N excretion rates, other animals (horses, sheep and goats and other animals) (kg N head NUT N M P L L
Housing fractions, dairy cattle (=) NUT N M P M L
Housing fractions, other cattle (-) NUT N M P M L
Fraction of excreted amount stored as liquid manure in the housing system, cattle (-) NUT N M P H M
Fraction of excreted amount stored as liquid manure in the housing system, pigs and poultry (-) NUT N M P H M
Livestock emission data

NH3 emission fraction from housing systems (-) NUT N M P H M
NH3 emission fraction from manure storage systems (-) NUT N M P H M
N>O emission fraction from housing systems (liquid) (-) NUT L M P H M
N>O emission fraction from manure storage systems (liquid) (-) NUT L M P H M
NO emission fraction from housing systems (liquid) (-) NUT L M P H M
NO emission fraction from manure storage systems (liquid) (=) NUT L M P H M
N>O emission fraction from housing systems (solid) (-) NUT L H P H M
N>O emission fraction from manure storage systems (solid) (-) NUT L H P H M
NO emission fraction from housing systems (solid) (—) NUT L H P H M
NO emission fraction from manure storage systems (solid) (-) NUT L H P H M
Nitrogen input data

Allocation fraction for arable and grassland in the manure and N input assessment procedure (-) NUT N M P M L
Weighing factor for grassland and fodder in the manure and N input assessment procedure (-) NUT N M P M L
Areas of intensively and extensively managed grassland (8xea Areagrass- Areant) (-) NUT N M P M L
National fertilizer N inputs (ton N country) NAT N L P P M

N deposition data (kg N hal) NCU N M M L L

N fixation, arable (arable + fodder) (kg N 'h&) NCU N H M L L

N fixation, grass (int +ext) (kg N hal) NCU N H M L L

N fixation, legume (kg N hal) NCU N M M L L

m Availability fraction of N deposition compared to N fertilizer (—) GEN N M P P P
Availability fraction of organic N in animal manure (either applied or excreted by grazing) in crop residues GEN N M P P P
and from soil mineralized N compared to N fertilizer () for arable land and grassland (-)

N leaching fractions from stored manure (-) NUT N H P H M
Nitrogen uptake/immobilization data

Yields, arable (ton FW hal) NCU N M H M L
Yields, fodder (ton FW hal) NCU N M H M L
Yields, grass intensive (ton FW h&) NCU N M H H M
Yields, grass extensive (ton FWhh) NCU N M H M M
Maximum N content in the harvested crops, arable (g N (kg F4/) NCU N M M L L
Maximum N content in the harvested crops, fodder (g N (kg Fly) NCU N M M M L
Maximum N content in the harvested crops, grass intensive (g N (kg'FW) NCU N M M M L
Maximum N content in the harvested crops, grass extensive (g N (kg Ew) NCU N M H H M

N index (=) NCU N M M L L
Uptake efficiency fraction (-) NCU N L M M L
Ratio between minimum and maximum N uptake (-) NCU N M M M L
Soil C/N ratio (kg C (kg NJ'1) NCU N M M M L

Soil emission data

NH3 emission factors from soil inputs for all manure types (-) NCU N M M M L
N0 emission fractions from soil inpufs(-) NCU N M L L L
Ratio between NQand NyO emission fraction$ (-) NCU L 075 M L L
Leaching and runoff data

N leaching fractions from the soil (-) NCU N M M M L
Surface runoff fractions (-) NCU N M M M L
Sub-surface runoff fractions (-) NCU N M M M L

1Givenin groups of model inputs for which the uncertainty contribution has been quarﬁimﬁU: NCU level, NUT: FSSNUTS level, NAT: country level and GEN: EU27

level.3 N: Normal, L: Log-normal. The given statistical moments are given as naturally log-transformed values. In case of lognormal distributions values, refer to the CV on the
original scale, being approximately equal to the SD on the log transformed (e-log)’s8ale Table 15 See Table 3 We assigned the uncertainty to each applicable emission
factor, related to the different N sources, i.e. deposition, fixation, animal manure, fertilizer, mineralisation and crop rebiddNEEGRATOR, N soil emissions were derived

as a fraction of the PO soil emissions. The CV of this fraction was based on the dataset from Stehfest and Bouwman (2006). For this parameter weQigddrGle O

scenario, CV for the R scenario and 1.5 for the P scenario.
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Fig. 4. The mean (left) and CV (right) of the area-weighted averag® NNHz and NG, emission (in kg N hal yr—l) per NCU for the
year 2000.

www.biogeosciences.net/9/4573/2012/ Biogeosciences, 9, #4583-2012



4582 J. Kros et al.: Uncertainty in nitrogen fluxes in Europe
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Fig. 5. The mean (left) and CV (right) of the area-weighted averagegkbundwater (top) and fy surface water (bottom) (in kg N ha
yr—1) per NCU for the year 2000.

4.2 Uncertainty contribution of various inputs inputs (48 % and 57 % resp.), N leaching parameters (26 %
and 17 % resp.) and crop uptake (13 % and 16 % resp.).
Uncertainty in the NO emission is mainly caused by uncer- .
tainty in N inputs and crop uptake parameters (each grough3 Robustness analysis
contribute> 20 %) and to a lesser extend to the uncertainty in . .
. -y . : .~ The results of the robustness analysis are presented in Ta-
housing emission (19 %), excretion (10 %) and soil emission S .
. : ._ble 8. Results show that the uncertainty in N losses to air
parameters (2 %) (Fig. 6). The same is true for the NO emls—(N O emission, NQ emission, NH emission) or water (N
sion, but the uncertainty contribution of the soil emission pa- 2 ' '

rameters (5%) is somewhat larger and the contribution Otleachmg to groundwater and N runoff to surface water) for

0,
housing emission parameters is smaller (4 %). Fog Biis- the EU27, expressed as CV, range from 4 to 6% for the

. S - . Optimistic scenario, from 12 to 19 % for the Reference sce-
sions, the largest uncertainties originated from the excretion

. 0 N X
parameters (51 %), followed by the uncertainty in N inputs nario and from 19 to 30 % for the Pessimistic scenario. The

(20%). As with the NO and NO emissions, the uncertainty maximum values of the Optimistic and.PeSS|m|st|c scenar-
o . o . > ios range from 12 to 55 %. The uncertainty due to the three
contributions of the housing emission (14 %) and soil emis-

o 0
sion parameters (2 %) are rather small. The uncertainty in l\[obustness scenarios is about 50 % (pVTable 8).
leaching and N runoff is mainly caused by uncertainty in N
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Table 5. Overall uncertainty at EU27 level, expressed as mean andanalysis with respect to the assigned uncertainties. Yet, future
percentiles (kg N hal yr=1) and CV in N,O emission (NOem), research should address the improvement of the parameteri-
NOx emission (NQem), NHz emission (Nk em), N leaching to  zation of uncertainty distributions and their (spatial) corre-

groundwater (¥ gw) and N runoff to surface water (hlsw) forthe  |ations, but this requires that appropriate data become avail-

year 2000. able. Other aspects that were not included in the uncertainty
Model guantification deserve attention too, such as uncertainty due
output  Mean SD P05 P50 P95 oV to model structure, and uncertglnty in categorical input data,
such as land use maps and soil maps.
kg N halyr-1 (SD/Mean)
N2O em 19 02 16 19 23 012 5.2 Plausibility of the uncertainty quantification
NOx em 1.0 01 0.9 1.0 1.2 0.11
NHzem 151 16 125 150 17.7 0.11 Leaching fluxes to groundwater and runoff fluxes to surface
Nie gw 69 13 50 67 93 0.19 water have the largest relative (CV) and absolute (SD) uncer-
Nro sw 104 19 79 102 137 0.18 tainties. NH emission has the smallest relative uncertainty
(CV), but the largest absolute uncertainty (SD). In general
Uncertainty the results show that the further in the calculation chain, and
Contribution (%) the more uncertain processes are involved, the larger the un-
100 mExcretion certainty in the outputs. Furthermore, results confirm that un-
%7 E':"“‘_ o certainties and spatial variation in model outputs are partly
jz e cancelled out due to spatial aggregation.
BSoil emission Regarding NO emissions, earlier studies show compara-

60 1 mSoil leaching

ble uncertainties. Nol et al. (2010) estimated an average N
w0 L || s emission at landscape scale of 20.5 kgONN ha 1 yr—! and

- a standard deviation of 10.7 kgp®-N ha 1yr—1, implying

30 — —
N I | a relative uncertainty of 52 %. This is clearly larger than the
10 —:E.: uncertainty at the EU27 level from this study (12 %), but also
larger than uncertainties from this study at NCU level (26—
44%). The reason for the larger uncertainty might be that
Nol et al. (2010) also included uncertainty on detailed man-
Fig. 6. Relative uncertainty contributions of individual model input agement information, which is lacking in our study. Due to
groups (CV in %) to NO emission, Ni emission, N leaching to  the different nature and character of the agricultural sources,
groundwater and N runoff to surface water for the EU27 for the yearamong regions and countries, as well as by the limited num-
2000. ber and uneven spread of the measurements concerning re-
lated emission parameters, the uncertainty in local scale esti-

) mates of NO emissions can be rather large (Oenema et al.,
The robustness analysis shows that the mean N Iosse§003)_

also depend on the scenario. The mean values increase wWhenay the national scale De Vries et al. (2003) estimated the
shifting from the Optimistic to the Pessimistic scenario. ThiS ncertainty of modelled N fluxes from agriculture for the
is due to non-linearities and the lognormal distribution of Netherlands. At national level they quantified a relative un-
some of' the uncertain model inputs, which causes a shift tobertainty of 24% for NO, 16 % for NO and 16 % for the
wards higher values. NH3 emissions, and 47 % for the leaching and runoff to
ground- and surface water. Except for plkhese uncertain-
ties are 20 to 50 % larger than found in our study for the
Netherlands (see Table 6). Since De Vries et al. (2003) ig-
5.1 Limitations of the study nored spatial correlation by assuming a perfect correlation
between the uncertainties of their spatial units, it is likely
We have used a methodology allowing inclusion of different that De Vries et al. (2003) overestimated the uncertainty in
degrees of spatial correlation in uncertain model inputs. Thethe national N fluxes.
parameterization, i.e. both the quantification of the statisti- From a global scale uncertainty analysis, Beusen et
cal properties and the linkage of model inputs to the spatiakl. (2008) calculated a range of 27-38 (with a mean of
levels and groups, is difficult because much of the required32) Tgyr! for the global NH-N emission from agricultural
information is lacking. Nevertheless, we tried to incorporate systems, i.e. a relative uncertainty of 11 %, which is slightly
most of the uncertainties and their correlations. It is evidentlower than the 16 % from this study. In addition, Van Gi-
that all assumptions made influence the results. In order tgiswijk et al. (2004) performed an uncertainty assessment
compensate for these shortcomings, we included a robustnessr the total atmospheric emissions of Blidsing a Tier 1

50 +

0

wa0ozZN |
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5 Discussion
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Table 6.Overall uncertainty expressed as CV (SD/Mean) and Mean (in kton—ﬂl)yn the area-weighted average® emission (MOem),
NOyx emission (NQ em), NH3 emission (NH g, N leaching to groundwater (Ngw) and N runoff to surface water (dlsw) per country
for the year 2000.

Country NoOem NOxem NHgzem Nie gw Nro sw

Mean CV Mean CV Mean CV Mean CV Mean Ccv

Austria 7 0.3 3 031 50 0.34 27 0.74 27 0.68
Belgium 9 0.18 4 0.16 72 0.17 20 0.32 39 0.23
Bulgaria 4 0.17 2 015 27 0.13 18 0.21 9 024
Czech Republic 8 0.15 4 0.14 51 0.15 41 0.29 51 0.27
Denmark 6 0.19 3 0.16 63 0.18 20 0.41 70 0.25
Estonia 1 0.2 1 0.22 5 0.17 4 0.27 6 0.24
Finland 3 0.19 1 0.19 10 0.14 13 0.34 22 0.32
France 80 0.14 43 0.13 516 0.13 203 0.19 279 0.19
Germany 48 0.16 26 0.14 529 0.14 210 0.28 376 0.25
Greece 5 021 3 0.2 30 0.16 38 0.29 35 0.28
Hungary 8 0.15 5 0.16 57 0.18 40 0.22 30 0.23
Ireland 25 0.17 14 0.16 86 0.19 22 0.26 38 0.22
Italy 27 0.14 17 0.13 323 0.14 159 0.22 258 0.19
Latvia 2 014 1 014 9 0.15 6 0.28 11 0.2
Lithuania 5 0.15 2 0.14 34 0.23 24 0.35 52 0.26
Luxembourg 1 0.26 0 0.26 3 0.18 2 0.38 1 0.36
Netherlands 12 0.19 7 0.17 131 0.16 31 041 95 0.26
Poland 24 0.21 10 0.16 244 0.2 114 0.35 247 0.3
Portugal 5 0.2 3 0.2 47 0.15 43 0.22 45 0.2
Romania 11 0.15 5 011 100 0.14 52 0.17 39 0.17
Slovakia 2 0.15 1 014 23 0.15 14 0.2 15 0.2
Slovenia 2 0.2 1 0.19 14 0.14 5 0.22 4 0.21
Spain 16 0.16 12 0.15 206 0.15 119 0.24 128 0.24
Sweden 4 0.19 1 017 26 0.16 16 0.29 24 0.25
United Kingdom 54 0.14 27 0.13 237 0.15 98 0.21 133 0.2
Eu271 199 0.16 40 0.15 2941 0.16 1341 0.26 2039 0.23

1 Refers to the area weighted average of the CV and Mean at country level.

Table 7. Uncertainty (expressed as CV) for outputs at EU27 level, at country and NCU levels. Shown are the area-weighted average CV of

N20 emission (NOem), NOx emission (NQ em), NH3 emission (NH en), N leaching to groundwater (dgw) and N runoff to surface
water (No sw) for the EU27 for the year 2000.

Level N2Oem NOxem NHzem Nie gw Nro sw
(CV=SD/Mean)
EU27 0.12 0.11 0.11 0.19 0.18

Country 0.16(0.14-0.3%) 0.15(0.11-0.31) 0.16(0.13-0.34) 0.26(0.17-0.74) 0.23(0.17-0.68)
NCU 0.35(0.26-0.44) 0.37(0.37-0.45) 0.26(0.18-0.39) 0.58(0.38-0.88)  0.49(0.36-0.58)

1 The minimum and maximum value of the CV per country are brackét@tie minimum and maximum value of the averaged NCU value
per country are bracketed.

approach applied at the national scale. In their study, upscalNUTS regions, which may result in uncertainties close to
ing and spatial correlation were thus not relevant. They foundhose of Van Gijlswijk et al. (2004) (Tier 1) and De Vries
an uncertainty of 17 % in the national total Wie¢mission et al. (2003) (perfect correlation).

based on a national scale MC analysis, which is almost equal Another national scale study was performed for the USA
to the 16 % from this study. In cases of hEmission, we as- by Del Grosso et al. (2010), who estimated soj(Nemis-
signed the (housing) emission and excretion data to the FSSsion from major commaodity crops at 201 Gg N in 2007, with
NUTS level and used a high correlation between the FSSa 95 % confidence interval of 133-304 GgN. This implies
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Table 8. Effect of optimistic and pessimistic scenarios on the overall mean (in kg‘Ni pua_l) and CV in the EU27-averagel emission,
NOx emission, NH emission, N\, groundwater and N surface water for the year 2000.

Model output Mean cv CYp
Opt Ref Pes Opt Ref Pes

N2Oem 1.8 1.9 2.0 0.04 0.12 0.19 0.53

NOxem 1.0 1.0 1.1 0.04 0.11 o0.18 0.52

NH3zem 15.0 151 154 0.04 0.11 0.16 0.48

Nie gw 62 69 75 006 019 0.30 0.54

Nro sw 96 104 114 0.06 0.18 0.28 0.52

1 Calculated as the CV of CVs for the three scenarios.

an uncertainty range of about35 % to +50 % or a relative The analysis presented in our paper was limited to input
uncertainty of 42 % at the national level. The relative uncer-uncertainty and ignored uncertainty due to model structure.
tainty tended to be larger at the regional level, particularly However, model structural uncertainties can be large because
in regions with low emissions. The national level uncertainty these include the many assumptions and simplifications that
for the USA is clearly larger than the 17 % from this study any modelling exercise makes (see e.g. Del Grosso et al.,
for the EU27 level. However, the study from Del Grosso et 2010; Refsgaard et al., 2006; van der Sluijs, 2007). Possi-
al. (2010) also included model structure uncertainty, whichbilities for better insight in model structure uncertainty are to
contributed 83 % to the total uncertainty. The remaining 17 %put more emphasis on the inter-comparison of results from
was due to uncertainty in model input data, implying a rel- independently developed models (Leip et al., 2011b) and by
ative uncertainty of 7% (0.1¥ 42 %). This is smaller than using a validation with independent observations.

the 12 % from our study. The difference might be caused by

the fact that the Del Grosso study is confined to soil emis-5.3 Contribution of different sources to the uncertainty
sion, whereas this study also included housing emissions.

Moreover, the model structure uncertainty of Del Grosso etThe uncertainty of most of the considered outputs is mainly
al. (2010) also included parameter uncertainty, which wasinfluenced by the uncertainty in model inputs that influence
considered part of the model input uncertainty in this study. the N soil input such as the allocation of animal manure and

For the EU25, Schulze et al. (2009) estimated an uncerfertilizer use. Notable is the relatively large contribution due
tainty in total NbO emission from agriculture of 50 %, which to N uptake (10-30%), whereas the contribution of emis-
was based on the IPCC guidelines 2006 (IPCC, 2006) whilesion factors (for housing and soil) both fop® and NH is
assuming a perfect spatial correlation. Based on the resultgather small (0-20 %). Apparently, their contribution is over-
of this study and other studies discussed here, it is likelyruled by other uncertainties in the N cycle. This implies that
that Schulze et al. (2009) overestimated the uncertainty in thenore emphasis on collecting reliable N uptake data can be
N20 emission. Moreover, Leip (2010) thoroughly discussedmore helpful to reduce the uncertainty in the considered N
the uncertainty of BO emission estimates in GHG invento- fluxes for EU27, rather than putting more effort into improv-
ries and demonstrated the importance of correlation, if uncering emission factors. However, this low contribution of the
tainties are combined for the whole of Europe. He concludedemission factors is partly due to the choices made on the spa-
that the uncertainty estimates tend to be underestimated fafal correlation (cf. Table 4), which might be disputed. A ro-
the activity data and overestimated for the emission factorspustness analysis of the uncertainty analysis could be recom-
Berdanier and Conant (2012) showed that improved regionaiended as well. For N leaching, the uncertainty contribution
emission factors will reduce uncertainty by up to 65% for of the leaching parameters is larger compared to the gaseous
estimates of regional and globab@® emissions from crop N emissions parameters. Improving N leaching and runoff
land. fractions should therefore receive more attention.

The plausibility of the INTEGRATOR results was exam-  The uncertainty contribution was based on a comparison
ined by De Vries et al. (2011b) by comparing the computedof the resulting output variances, which has some disadvan-
mean values against estimates by three other models with diftages, as the addressed uncertainty is only based on the inputs
ferent complexity and data requirements. They found thathat are considered uncertain. The other inputs have fixed
the estimated overall variation at EU27 level is small for reference values that are not necessarily true values. In ad-
the emissions of ammonia and nitrous oxide, but large for Ndition, the correlations between the uncertain and the fixed
leaching and runoff. At smaller spatial level, however, largeinputs are ignored. Although these disadvantages cannot be
differences in N output fluxes were found. completely avoided, there are techniques developed to tackle

the problem more thoroughly (see e.g. Jansen et al., 2000;
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