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Abstract We use the adjoint of a global 3-D chemical transport model (GEOS-Chem) to optimize

ammonia (NH3) emissions in the U.S., European Union, and China by inversion of 2005–2008 network

data for NH+
4
wet deposition fluxes. Optimized emissions are derived on a 2◦ × 2.5◦ grid for individual

months and years. Error characterization in the optimization includes model errors in precipitation. Annual

optimized emissions are 2.8 Tg NH3−N a−1 for the contiguous U.S., 3.1 Tg NH3−N a−1 for the European

Union, and 8.4 Tg NH3−N a−1 for China. Comparisons to previous inventories for the U.S. and European

Union show consistency (∼±15%) in annual totals but some large spatial and seasonal differences. We

develop a new global bottom-up inventory of NH3 emissions (Magnitude And Seasonality of Agricultural

Emissions model for NH3 (MASAGE_NH3)) to interpret the results of the adjoint optimization. MASAGE_NH3

provides information on the magnitude and seasonality of NH3 emissions from individual crop and livestock

sources on a 0.5◦ × 0.5◦ grid. We find that U.S. emissions peak in the spring in the Midwest due to corn

fertilization and in the summer elsewhere due to manure. The seasonality of European emissions is more

homogeneous with a well-defined maximum in spring associated with manure and mineral fertilizer

application. There is some evidence for the effect of European regulations of NH3 emissions, notably a

large fall decrease in northern Europe. Emissions in China peak in summer because of the summertime

application of fertilizer for double cropping.

1. Introduction

Industrial production of ammonia (NH3) by the Haber-Bosch process has played a major role in the three-

fold global increase of food production from 1950 to 2000 [Mosier et al., 2004]. NH3-based fertilizers enable

higher crop yields as N is a limiting nutrient. However, inefficiencies in the agricultural system result in large

losses of N to the environment [Erisman et al., 2008] including NH3 emissions to the atmosphere [Houlton

et al., 2012]. Agricultural activities are by far the largest global source of NH3 to the atmosphere [Bouwman

et al., 1997].

Atmospheric NH3 has undesirable consequences. It contributes to aerosol formation with implications for

air quality [Pope III et al., 2002, 2009; Aneja et al., 2009] and climate change [Adams et al., 2001;Martin et al.,

2004]. Its transport and eventual deposition to nonagricultural ecosystems can affect carbon fixation [Pinder

et al., 2012], eutrophication [Stevens et al., 2004; Grizzetti, 2011], and biodiversity [Sala et al., 2000; Bobbink

et al., 2010; Dise, 2011]. Brink and van Grinsven [2011] estimate an annual cost of 18–140 billion US$ for NH3

emissions in the European Union, mostly from increased mortality associated with aerosols. Without large

changes in the present food system, the projected global increase in food demand (70% by 2050, Conforti

[2011]) will be accompanied by greater NH3 emissions [Erisman et al., 2008].

Global agricultural emissions of NH3 have proven challenging to estimate with the spatial and temporal

resolution required for atmospheric models. Detailed models of the nitrogen flow in agricultural systems

have been developed for livestock operations [Pinder et al., 2004a, 2004b; Li et al., 2012] and mineral fertil-

izer [Cooter et al., 2012]. These models require a detailed knowledge of local environmental conditions and

farming practices that is generally not available. Global “bottom-up” NH3 emission inventories rely on source

specific emission factors, which account for regional practices [Klimont and Brink, 2004; Faulkner and Shaw,
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2008]. Recent evaluations of the U.S. National Emission Inventory (NEI) compiled by the U.S. Environmen-

tal Protection Agency (EPA, http://www.epa.gov/ttn/chief/net/2005inventory.html) show good agreement

with observations on the national scale [Zhang et al., 2012] but large discrepancies on regional scale [Fisher

et al., 2011;Walker et al., 2012; Nowak et al., 2012; Heald et al., 2012]. Uncertainties in NH3 emissions con-

tribute to large errors in simulated ammonium nitrate [Pye et al., 2009; Heald et al., 2012], which makes up an

important fraction of the aerosol [Zhang et al., 2007].

An alternate approach to constrain emissions is by inverse modeling of atmospheric observations. In this

“top-down” approach, a chemical transport model (CTM) is used to relate emissions to the atmospheric

variables being observed. CTM emissions assembled in a vector � are optimized by minimizing a �2 cost

function  with contributions from the mismatch between observations and the model and from the mis-

match between bottom-up (“a priori”) and optimized emissions. The optimal emissions are obtained by

solving the cost function minimization problem ∇
�
 = 0. This can be done analytically by constructing the

Jacobian of the CTM. Gilliland et al. [2003, 2006] used this approach to constrain the magnitude and season-

ality of U.S. national NH3 emissions with the Community Multiscale Air Quality CTM and the dense network

of NH+
4
wet deposition data in the United States. The cost of the analytical approach increases rapidly as the

dimension of � increases, and this effectively limits the resolution of the optimization. The limitation can

be circumvented by using an adjoint methods that solves ∇
�
 = 0 iteratively [Henze et al., 2007]. Adjoint

methods allow to take full advantage of large ensembles of atmospheric data, as the resolution of the opti-

mized emissions is limited solely by the information content of the data and by the horizontal resolution of

the CTM. Zhu et al. [2013] used the adjoint of the GEOS-Chem CTM [Henze et al., 2007] to constrain NH3 emis-

sions in the contiguous U.S. by inversion of NH3 observations from the Tropospheric Emission Spectrometer

(TES) on board the Aura satellite [Shephard et al., 2011].

Here we use the adjoint of the global GEOS-Chem CTM to optimize NH3 emissions in the U.S., European

Union, and China by inversion of 2005–2008 NH+
4
wet deposition flux data from regional acid deposition

monitoring networks. The NH+
4
wet deposition flux is an attractive constraint for NH3 emissions because

both gaseous NH3 and aerosol NH+
4
are efficiently scavenged by precipitation. CTM precipitation fields are a

source of errors [Pinder et al., 2006] and we introduce here an approach to correct for it.

Inverse modeling can constrain the spatial and temporal distribution of emissions but offers no direct infor-

mation on the underlying processes. In order to interpret the results and advance our understanding of

NH3 emissions, we also develop as part of this work a new global bottom-up emission inventory called the

Magnitude And Seasonality of Agricultural Emissions for NH3 (MASAGE_NH3) model. MASAGE_NH3 pro-

vides gridded (0.5◦ × 0.5◦) seasonally resolved emission estimates informed by worldwide data on regional

agricultural activities.

2. Bottom-Up Emission Inventories
2.1. A Priori Emission Inventories

Table 1 summarizes the global emissions of NH3 used as a priori values for the inversion. Annual anthro-

pogenic emissions are from the Global Emissions Inventory Activity (GEIA) [Bouwman et al., 1997],

superseded by regional inventories for the U.S. (EPA NEI05 for 2005, http://www.epa.gov/ttnchie1/net/

2005inventory.html), Europe (European Monitoring and Evaluation Programme (EMEP) [Tørseth et al., 2012]),

East Asia [Streets et al., 2003], and Canada (Climate Analysis Center, http://www.ec.gc.ca/pdb/cac/cachomee.

cfm). Over 80% of total emissions in each region is from anthropogenic sources (almost entirely agriculture).

Natural sources of NH3 include soil, vegetation, wild animals, and the ocean and are taken from the GEIA

inventory [Bouwman et al., 1997]. Fire emissions are calculated using the Global Fire Emissions Database

version 2 (GFED2) with monthly resolution [Randerson et al., 2006]. Our a priori anthropogenic emissions in

Europe, Asia, and the U.S. have annual resolution. Anthropogenic NH3 emissions are distributed monthly

following Friedrich and Reis [2004] for Europe, Fisher et al. [2011] for Asia, and Park et al. [2004] in the United

States. These seasonalities are derived independently of the annual bottom-up estimates, which can lead

to inconsistencies. For instance, in the U.S., the NEI05 NH3 emissions for August are extrapolated to other

months using an exponential temperature dependence [Aneja et al., 2000; Park et al., 2004]. Unlike in recent

versions of the U.S. NEI (ftp://ftp.epa.gov/EmisInventory/2011v6/v1platform), there is no diurnal or daily

variation in NH emissions. This results in differences between the seasonality and the magnitude of NH3 3

emissions in the original NEI05 and in GEOS-Chem. In particular, U.S. annual anthropogenic NH3 emissions
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Table 1. Estimated NH3 Emissionsa

Contiguous U.S. European Union China Worldb

This work

A prioric 2.6 3.7 11.1 58

Optimizedd 2.8 3.1 8.4 54

MASAGE_NH3e 2.7 3.0 8.4 54

EDGAR v4.2f 2.9 4.2 8.8 35

National inventories 3.1g 3.1h

Other estimates 2.8–3.2i 8.1–11j 44–83k

aTgNH3–N a−1 , where NH3–N refers to nitrogen in the form of ammonia. Val-

ues are for years 2005–2008, except for other estimates.
bOptimization of global emissions is driven solely by observations over

Canada, the U.S., the European Union, and East Asia.
cSee section 2.1.
dFrom the adjoint inversion of NH+

4
wet deposition flux data.

eNew global bottom-up inventory (see section 2.2 and Appendix).
fGlobal bottom-up inventory [European Commission, 2011] does not include

natural emissions, which are estimated to account for 20% of global emissions

[Bouwman et al., 1997].
gNational Emission Inventory from the U.S. Environmental Protection Agency

does not include natural emissions.
hEMEP does not include natural emissions.
iPinder et al. [2006], Gilliland et al. [2006], and Zhang et al. [2012].
jStreets et al. [2003] and Huang et al. [2012].
kSchlesinger and Hartley [1992], Bouwman et al. [1997], Holland et al. [1999],

and Galloway et al. [2004].

in the U.S. are 35% (2.0 TgNH3–N a−1) lower in GEOS-Chem than in the original NEI05. Here and elsewhere

TgNH3–N a−1 refers to TgN as NH3.

2.2. New Bottom-Up Inventory of Agricultural Emissions (MASAGE_NH3 Model)

The different NH3 emission inventories currently implemented in GEOS-Chem do not distinguish between

the different anthropogenic sources of NH3. These information are important to interpret the changes in the

spatial and temporal distribution suggested by our top-down emission estimates (see section 3). This moti-

vated us to develop a new global bottom-up inventory of NH3 emissions. We focus on agricultural emissions,

which dominate on a global scale, and adopt nonagricultural emissions from previous work by Lamarque

et al. [2010] for other anthropogenic emissions, Randerson et al. [2006] for open fires, and Bouwman et al.

[1997] for natural emissions. Natural emissions are reduced by 50% over the U.S. (0.27 TgNH3–N a−1) and

European Union (0.2 TgNH3–N a−1 (EU27)) based on evidence that the Bouwman et al. [1997] inventory is

too high for these sources [Battye and Barrows, 2004; Simpson et al., 1999].

Our Magnitude And Seasonality of Agricultural Emissions model for NH3 (MASAGE_NH3) is produced on a

0.5◦ × 0.5◦ horizontal grid. Details on the methodology are in the Appendix. The magnitude of annual NH3

emissions from mineral fertilizer is calculated by combining the Monthly Irrigated and Rainfed Crop Areas

(MIRCA) inventory of crop acreages (0.5◦ × 0.5◦, Portmann et al. [2010]), crop- and country-specific fertilizer

application rates [Heffer, 2009; FAOSTAT, 2009] and fertilizer-, crop-, and application-specific emission factors

[Bouwman et al., 2002b]. Emissions are assumed to take place in the same month as fertilizer application

[Plöchl, 2001]. Three application periods are considered: at planting, after harvest, and at the peak of the

crop nutrient demand. Depending on the crop, these different stages are either calculated following the

approach of Bondeau et al. [2007] or taken from a global survey [Sacks et al., 2010]. The magnitude of annual

NH3 emissions from manure management is calculated by combining the global distribution of livestock

(0.5◦ × 0.5◦,Wint and Robinson [2007]) with region- and livestock-specific annual emission factors [Bouwman

et al., 1997; Faulkner and Shaw, 2008; Velthof et al., 2012]. Emissions are divided between housing, storage,

andmanure application. We follow Gyldenkærne et al. [2005] to represent the effect of temperature and wind

speed on NH3 emissions from manure and mineral fertilizer application. The MASAGE_NH3 model is driven

here by the GEOS-5 meteorology with a spatial resolution of 2◦ × 2.5◦ and a temporal resolution of 3 h.

Table 2 compares the annual emissions predicted by the MASAGE_NH3 model with previous bottom-up

inventories, and Table A1 provides further detail on MASAGE_NH3 emissions. At the continental scale, we
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Table 2. MASAGE_NH3 Inventory of Agricultural NH3 Emissionsa

Mineral Fertilizer Manure Total Agriculture

World 9.4 24 34

(10–12b , 24c ) (16–27b , 8.6c ) (27–38b , 33c )

Contiguous U.S. 0.5 1.7 2.2

(1.6c , 0.7d ) (2.1b , 1.0c, 1.7e ) (2.6c , 2.7e )

European Union 0.6 2.0 2.6

(2.2c, 0.5f ) (1.9c , 2.4f ) (4.1c , 2.9g )

China 3.0 4.8 7.8

(6.8c, 2.6h , 5.5i ) (1.9c , 4.4h, 4.1i ) (8.7c , 7h , 9.6i )

aTg NH3–N a−1. MASAGE_NH3 values are for 2005–2008. Previous literature estimates are

in parentheses.
bBeusen et al. [2008] (for 2000).
cEDGAR v4.2 (2005–2008).
dGoebes et al. [2003] (for 1995).
eU.S. EPA [2006] (for 2002).
fGreenhouse Gas and Air Pollution Interactions and Synergies (GAINS) model (http://gains.iiasa.

ac.at/ for 2005, United Nations Environment Programme scenario, [Klimont and Brink, 2004]).
gEMEP (http://www.ceip.at for 2005).
hHuang et al. [2012] (for 2006).
iStreets et al. [2003] (for 2000).

find manure emissions to be larger than fertilizer emissions. This differs from Emission Database for Global

Atmospheric Research (EDGAR v4.2.) European emissions are consistent with the detailed EMEP inventory

and 40% lower than EDGAR v4.2. Fertilizer accounts for a larger fraction of agricultural emissions in China

than in the U.S. and European Union. This reflects elevated fertilizer application rates, the extensive use of

ammonium bicarbonate that has large NH3 loss [Huang et al., 2012], and lower cattle and dairy production

relative to pork and poultry. Emission per inhabitant is similar in China (6.3 kgNH3–Na−1 capita−1), European

Union (7.3 kgNH3–Na−1 capita−1), and the U.S. (8.4 kgNH3–Na−1 capita−1).

3. Top-Down Emission Estimates
3.1. Observations

We use monthly observed wet deposition fluxes of NH+
4
for 2005–2008 from the U.S. National Atmospheric

Deposition Program (NADP, ∼250 sites), the Canadian Air and Precipitation Monitoring Network (CAPMoN,

∼25 sites, 2005–2007), the nonurban sites from the Acid Deposition Monitoring Network in East Asia (EANET,

∼30 sites) and the European Monitoring and Evaluation Programme (EMEP, ∼70 sites). We use monthly wet

deposition to limit the influence of model error in the timing of precipitation. These sites measure both

precipitation and NH+
4
concentrations, from which NH+

4
wet deposition fluxes can be calculated.

We map the data onto the 2◦ × 2.5◦ horizontal grid of GEOS-Chem in order to compare model and observa-

tions. Variability in precipitation over the 2◦ × 2.5◦ grid can cause error in this mapping. Here we follow the

methodology described by Latysh and Wetherbee [2012] and used by NADP. Observed NH+
4
concentrations

are first interpolated onto the grid of a high-resolution precipitation data set using inverse distance weight-

ing. The resulting wet deposition fluxes are then averaged on the 2◦ × 2.5◦ grid. We use high-resolution

precipitation observations from PRISM (Parameter-elevation Regression on Independent Slopes Model) over

the U.S. [Di Luzio et al., 2008], E-OBS over Europe [Haylock et al., 2008], and APHRODITE (Asian Precipitation -

Highly-Resolved Observational Data Integration Towards Evaluation of water resources) over East Asia in

2005–2007 [Yatagai et al., 2012]. We directly average the wet deposition flux data from CAPMoN and from

EANET (2008) as we are not aware of independent high-resolution precipitation data sets. Because of the

sparse coverage of the CAPMoN network, we use it solely as a supplement to the NADP data for constraining

U.S. emissions.

3.2. GEOS-Chem CTM

We use the GEOS-Chem global 3-D chemical transport model v8.2.1 (www.geos-chem.org, Park et al. [2004])

to relate NH3 emissions to NH+
4
wet deposition fluxes. The model is driven by assimilated meteorological

data from the NASA Goddard Earth Observing System (GEOS-5) with horizontal resolution of 0.5◦ × 0.67◦
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and 72 vertical levels. The three lowest levels are centered at 58, 18, and 320 m above the surface. We

degrade the horizontal resolution to 2◦ × 2.5◦ for use in GEOS-Chem.

Gas-aerosol fractionation of NHx ≡ NH3(gas)+NH
+
4
(aerosol) originating from NH3 emissions depends on

the local atmospheric concentrations of sulfuric acid (H2SO4) and total inorganic nitrate (NO3T ≡ HNO3 +

NO−
3
(aerosol)) originating from SO2 and NOx emissions. In the presence of H2SO4, NH3 can partition to the

aerosol phase by forming ammonium bisulfate (NH4HSO4) and ammonium sulfate ((NH4)2SO4). If excess

NH3 remains, it can further neutralize HNO3 and form ammonium nitrate aerosol (NH4NO3). The thermo-

dynamic equilibrium that controls NHx gas-aerosol partitioning is simulated with the Regional Particulate

Model Aerosol Reacting System (RPMARES) model [Binkowski and Roselle, 2003]. Atmospheric oxidation

of NH3 is slow [Sander et al., 2011] and is not considered, such that NHx is entirely removed by wet and

dry deposition.

Wet deposition in GEOS-Chem is as described by Liu et al. [2001] andWang et al. [2011] for aerosols and by

Amos et al. [2012] for gases. The scheme accounts for scavenging in convective updrafts as well as in-cloud

and below-cloud scavenging from large-scale precipitation. Gaseous NH3 is scavenged by warm clouds and

rain on the basis of its solubility in water. It has a retention coefficient of 5% for riming in mixed clouds, and

is not scavenged by cold (ice) clouds. Aerosol NH+
4
is fully incorporated in cloud droplets and ice crystals.

Extensive comparisons to observations in the GEOS-Chem literature indicate that the model provides an

overall unbiased representation of scavenging, as shown, for example, by combined simulation of sulfate

aerosol concentrations and wet deposition fluxes [Zhang et al., 2012], or simulation of 210Pb and 7Be aerosol

lifetimes [Amos et al., 2012; Barrett et al., 2012].

Dry deposition is calculated using a standard resistance-in-series model [Wesely, 1989;Wang et al., 1998]

applied to a surface-type data base from Olson [1992]. The annual mean daytime dry deposition velocities

of NH3 and NH+
4
in the contiguous U.S. are 0.65 cm s−1 and 0.15 cm s−1, respectively [Zhang et al., 2012].

Simulated total wet and dry deposition fluxes of NHx in the contiguous U.S. are 1.3 and 1.0 TgNH3–N a−1,

respectively [Zhang et al., 2012].

Simulation of NHx in GEOS-Chem is generally conducted as part of a standard detailed simulation of

oxidant-aerosol chemistry to obtain the H2SO4 and NO3T fields needed to compute NHx gas-aerosol parti-

tioning [Park et al., 2004; Zhang et al., 2012]. This would incur considerable computational expense in our

case, as the adjoint optimization is iterative. Here we use archived 3-D concentration fields of SO2−
4

and

NO3T with half-hour resolution from a standard simulation similar to Zhang et al. [2012]. In this manner we

can reproduce the NHx fields from the standard simulation in a simulation using NH3 and NH+
4
as the only

transported species, and we can rapidly diagnose the sensitivity of NHx wet deposition fluxes to change

in NH3 emissions. Some error is induced by not resolving the effect of changing NH3 emissions on the life-

time of NO3T. For a global reduction of NH3 emissions by 30%, we find that NO3T decreases by less than 5%

over Europe and the United States. Zhang et al. [2012] evaluated simulated SO2−
4

and NO3T over the U.S. and

found good agreement with observations. Similarly, comparison of GEOS-Chem spring SO2−
4

wet deposition

fluxes to observations in Europe and Asia indicate no consistent biases [Fisher et al., 2011]. The lower com-

putational expense afforded by our simplification enables us to carry the adjoint optimization over a 4 year

time period (2005–2008) and improves the robustness of the optimized emissions.

3.3. Adjoint Model-Based Inversion

We seek scaling factors to the monthly a priori emissions on the 2◦ × 2.5◦ GEOS-Chem grid that are

most consistent with the observed wet deposition NH+
4
fluxes, accounting for errors in both model and

observations by Bayesian optimization. This is accomplished by minimizing the least squares scalar cost

function ( )

 =
1

2
(��sim − �obs)

T
�
−1
obs

(��sim − �obs) +
1

2
�
T
�
−1
a
� (1)

where �obs and �sim designate the ensemble of observed monthly wet deposition fluxes of NH+
4
and the col-

located model values, �obs is the error covariance matrix of the observation system, �a is the error covariance

matrix of the a priori NH3 emissions,� is the precipitation correction matrix discussed below, and � is a vec-

tor of log-normal scaling factors on the 2◦ × 2.5◦ grid with elements �i = ln(Ei∕Ea,i), where Ei and Ea,i are

the corresponding optimized and a priori NH3 emissions for grid square i. Optimizing the logarithm of emis-

sions (with corresponding assumption of log-normally distributed errors) accommodates the requirement

of positivity [Tarantola, 2005]. Minimization of  by solving ∇� provides a best (optimized) estimate of Ei.
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Figure 1. Error correlation between the monthly NH+
4
wet deposi-

tion flux (fi) and monthly surface precipitation (pi), as derived from

GEOS-Chem simulations from July 2005 to July 2006 using two differ-

ent assimilated meteorological data fields (GEOS-5 and GEOS-4) for the

same meteorological year. Each point represents monthly data for a

2◦ × 2.5◦ GEOS-Chem grid square. Only land grid squares with NH+
4

wet deposition fluxes greater than 0.017 kgNha−1 month−1 are consid-

ered. The ratio of monthly GEOS-5 to GEOS-4 NH+
4
wet deposition flux

is plotted against the corresponding ratio of precipitation amounts. The

regression line and correlation are shown in the inset.

Gilliland et al. [2006] and Pinder et al.

[2006] showed that model errors in pre-

cipitation could propagate to errors

in the simulated NH+
4
wet deposition

fluxes, affecting the results of the inver-

sion. Here we estimate this effect by

conducting GEOS-Chem simulations

with two different driving meteorolog-

ical data sets, GEOS-4 and GEOS-5, for

the same meteorological year. These

two data sets are both produced by the

NASA Global Modeling and Assimila-

tion Office but use different underlying

general circulation models, including dif-

ferent convective schemes and different

meteorological data assimilation meth-

ods. We keep emissions identical in both

simulations such that differences in sim-

ulated NH+
4
wet deposition flux are solely

caused by differences in meteorology.

Figure 1 shows the relationship between

pGEOS5,i∕pGEOS4,i and fGEOS5,i∕fGEOS4,i, where

pi is the monthly surface precipitation for

an individual grid square i. It describes

the error correlation between f and p,

and the regression line provides a param-

eterized relationship between error in precipitation and error in the NH+
4
wet deposition flux. We use this

relationship to account for the difference between observed and simulated precipitation, such that

Figure 2. Effect of precipitation correction (equation (2)) on the adjoint

optimization of NH3 emissions on the 2◦ × 2.5◦ GEOS-Chem grid, as

diagnosed by a paired model test. In this test, “true” emissions were

defined as the global inventory of Table 1, and prior emissions were

taken to be biased low globally by 30% (dashed line). Pseudo NADP

observations based on the true emission were generated using the

GEOS-4 meteorological fields, and the adjoint optimization of emissions

based on these observations was driven by the GEOS-5 meteorological

fields, with and without the precipitation correction. Each symbol rep-

resents July emissions for a U.S. grid square. Regression slope (m) and

correlation coefficient (r) are indicated for each optimization. The solid

line is the 1:1 line.

� = (mi,j) is a diagonal matrix with

elements

mi,i =

(

pobs,i

psim,i

)0.6

(2)

where pobs,i is the monthly observed

surface precipitation and psim,i is the

corresponding model value. Only obser-

vations with 0.25 <
pobs,i

psim,i
< 4 are

considered in order to limit the effect of

this correction.

We evaluate the effect of the precipi-

tation correction on the optimization

using pseudo NADP observations gen-

erated using a GEOS-Chem simulation

driven by GEOS-4 meteorological data.

Here � is optimized using the adjoint of

GEOS-Chem driven by GEOS-5 meteo-

rological data. Figure 2 shows that the

precipitation correction from equation

(2) has a large effect on the optimized

emissions. In this test we find that our

precipitation correction (equation (2))

removes the bias, although this reflects

in part the use of the same pair of mod-

els to generate the correction statistics

and carry out the pseudo-inversion.
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Figure 3. Monthly NH+
4
wet deposition fluxes for 2006 over the U.S. measured

at NADP sites (circles) and simulated by GEOS-Chem (left) before optimiza-

tion of NH3 emissions and (right) after optimization. In Figure 3 (right), NADP

observations are multiplied by�−� to account for the precipitation difference

between model and observations as given by (2). Purple circles indicate NADP

sites where the model precipitation deviates from observations by more than

a factor of 4 and are therefore not used in the inversion. We also show for each

panel the correlation coefficient (r) between model and observations, and

the change in the mean absolute bias between observed and simulated NH+
4

wet deposition.

�obs includes three components:

the measurement error, the rep-

resentation error, and the CTM

error.Wetherbee et al. [2005] give

a relative measurement error of

16% for the NADP network, sim-

ilar to the 15–25% error for the

EMEP network [Hjellbrekke and

Fjaeraa, 2008]. We use a measure-

ment error of 16% for all networks

and an absolute error of 0.03 mg

N L−1 [Wetherbee et al., 2005]. The

representation error describes

the inconsistency between the

local nature of the measurement

at a given site and the 2◦ × 2.5◦

spatial average simulated by the

model. We derive it as �r∕
√

N with

N the number of observations in

a 2◦ × 2.5◦ grid square and �r the

variability of NH+
4
concentration

within that grid square. We esti-

mate �r = 30% from the observed

subgrid variability in the NADP

data for 2◦ × 2.5◦ grid squares with

more than four observing stations.

Finally, the CTM error encom-

passes contributions from errors

in model physics, chemistry, and

numerics. We estimate it by com-

paring the NH+
4
wet deposition

fluxes simulated using GEOS-4 and

GEOS-5 after taking into account

the precipitation effect (according to equation (2)). The resulting model error is estimated to be (0.2 kg N

ha −1 a−1 ± 20%) and can be visualized as the noise about the regression line in Figure 1.

Errors in the representation of dry deposition in GEOS-Chem, including the effect of bidirectional exchange

[Personne et al., 2009;Massad et al., 2010; Bash et al., 2013], can affect the results of the inversion. Regions

where dry deposition largely dominates deposition (e.g., the arid U.S. Southwest) will not be discussed in

this study, as they are poorly constrained by our inversion. Bidirectional exchange of NH3 extends the effec-

tive footprint of the source-receptor relationship for NH+
4
deposition but a proper representation would

require tracking of nitrogen in the soil from deposition to reemission. We assume here that most of the

observed variability in NH+
4
wet deposition is driven by primary NH3 emissions rather than reemissions.

The structure of the a priori error covariance matrix is best estimated by propagation of errors in the

bottom-up inventory but we do not have this information available. Previous studies [Hutchings et al., 2001;

Pinder et al., 2004b, 2011; Skjøth et al., 2011] have shown that agricultural emission types often vary on

scales much smaller than our 2◦ × 2.5◦ grid. However, the approaches used to estimate NH3 emissions

would likely lead to spatial correlations in the errors. We do not consider those here as the error structure is

unknown. Hence, �a is diagonal, similar to previous inversions of NH3 emissions [Henze et al., 2009; Zhu et

al., 2013]. Having nondiagonal terms in the �a matrix would potentially increase the overall uncertainties in

the inversion.

Recent studies have shown that current NH3 emission inventories have large errors in parts of the U.S.,

including Colorado [Heald et al., 2012], California [Nowak et al., 2012;Walker et al., 2012; Zhu et al., 2013],

and the U.S. Midwest [Fisher et al., 2011; Zhang et al., 2012]. Here we assume a factor of 3 uncertainty for the

U.S. and Europe on the 2◦ × 2.5◦ grid, similar to Zhu et al. [2013]. In China, Huang et al. [2012] found large
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Figure 4. Annual NH3 emissions in the contiguous U.S., Europe, and East Asia. The a priori emissions in (top) GEOS-Chem,

(middle) the optimized emissions from the adjoint inversion, and (bottom) the emissions from the MASAGE_NH3

inventory. Values are averages for the 2005–2008 period. Asian emissions are divided by two to fit on the color scale.

disagreement regarding the magnitude of NH3 at the national scale, and we therefore assume a factor of 6

uncertainty on the 2◦ × 2.5◦ grid there. To test the sensitivity to these assumed errors, we also conducted

an inversion with a factor of 5 uncertainty over the U.S. and Europe and a factor of 9 uncertainty over China.

Total annual optimized emissions change by less than 2% in each region. The a priori thus plays little role in

the inversion.

The adjoint optimization minimizes  iteratively using the quasi-Newton L-BFGS-B optimization routine

[Byrd et al., 1994; Zhu et al., 1997; Henze et al., 2009], with ∇� calculated numerically using the adjoint of

the GEOS-Chem model (version 31) [Henze et al., 2007; Paulot et al., 2013]. For computational reasons, we

conduct the inversion month by month, optimizing � in the month considered and the week proceeding

it. We find that 20 iterations are sufficient in all cases to achieve convergence, as defined by change in  of

less than 1% from one iteration to the next. Depending on the month,  is reduced between 33% and 84%,

and ∇
�
 is reduced by 98% or more, similar to previous adjoint model-based inversion [Henze et al., 2009;

Zhu et al., 2013].

4. Results andDiscussion
4.1. United States

Figure 3 compares modeled and observed NH+
4
wet deposition fluxes over the contiguous U.S. before

(Figure 3, left) and after (Figure 3, right) optimization. Observations are multiplied by�−� (see equation

(2)) in Figure 3 (right) to account for differences between simulated and observed precipitation. Observed

NH+
4
wet deposition is maximum in spring and summer and peaks in the Midwest. After optimization,

the correlation (r) between model and observation improves for all months and the mean absolute bias

between observed and simulated NH+
4
is reduced by up to 60%. Optimized annual emissions of NH3 over

the contiguous U.S. are 2.8 Tg NH3–N a−1, not significantly different from the a priori or from previous esti-

mates (Table 1). However, the spatial and seasonal distributions (Figures 4 and 5) show large differences. We

elaborate on these differences below.
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Figure 5. Estimates of total NH3 emissions in the contiguous U.S.

and their seasonal variation. Our optimized estimate from the

adjoint inversion of NH+
4
wet deposition fluxes is compared to the

MASAGE_NH3 bottom-up inventory (this work) and to previous

estimates from the literature including bottom-up inventories (Park

et al. [2004], Pinder et al. [2006], Cooter et al. [2012], and NEI08

(http://www.epa.gov/ttnchie1/net/2008inventory.html)) and inverse

analyses (Gilliland et al. [2006], Zhang et al. [2012], and Zhu et al.

[2013]). The 2005–2008 interannual variability of our monthly

optimized NH3 emissions is indicated by red bars (one standard

deviation). The GEOS-Chem a priori is based on Park et al. [2004].

Figure 4 shows the spatial distribution of

optimized U.S. NH3 emissions. Emissions are

largest in major food production regions

including the Midwest (corn), northern

Texas and Kansas (beef cattle), southern

Idaho (dairy cattle), North Carolina (hogs),

and the California Central Valley (vegeta-

bles, dairy, and beef cattle). In California,

optimized winter emissions are 2 to 4 times

greater than the a priori, consistent with

recent studies, showing a large underesti-

mate of NH3 emissions in this region [Nowak

et al., 2012;Walker et al., 2012; Zhu et al.,

2013].

Also shown in Figure 4 is the distribution

of NH3 emissions calculated with the

MASAGE_NH3 bottom-up inventory.

This inventory captures some important

geographical patterns of the optimized

emissions and helps to explain the correc-

tions relative to the a priori. For instance, the

a priori underestimate in Texas and Kansas is

explained in the MASAGE_NH3 inventory as

reflecting larger emission factors for concen-

trated animal feeding operations [Hristov et al., 2011]. The a priori underestimate in the Midwest, previously

noted in GEOS-Chem simulations [Fisher et al., 2011; Zhang et al., 2012], is explained here by NH3 emissions

Figure 6. Seasonality of NH3 emissions in different regions of the United States. The optimized emission inventory from

the adjoint inversion (red lines) is compared to the MASAGE_NH3 bottom-up inventory (stacked histogram). The a pri-

ori estimate for the inversion based on EPA NEI05 with seasonality from Park et al. [2004] is also shown (blue line) and

the EPA NEI08 emissions (green line). The 2005–2008 interannual variability of the monthly optimized NH3 emissions is

indicated by the thin red bar (one standard deviation). Note the differences in scale between panels.
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Figure 7. Seasonal variations of gaseous NH3 concentrations in surface air for the U.S. regions shown in Figure 6. Twenty

four hour observations from the AMoN sites are averaged monthly from 2007 to 2012. The number of sites in each region

is given in parentheses. Simulated NH3 using a priori or optimized emissions and sampled at the same sites is averaged.

Simulated NH3 is averaged monthly from 2005 to 2008. The interannual variability is indicated by the vertical bars (one

standard deviation). Measurements were converted to ppbv from ¯gm−3 assuming standard ambient temperature and

pressure (T = 298.15 K and P=105 Pa).

associated with fertilizer application. However, the MASAGE_NH3 inventory does not capture well the large

emissions in southern Idaho, where the dominant source of NH3 is dairy cattle.

Figure 5 compares the average seasonality of the optimized and MASAGE NH3 emissions over the contigu-

ous U.S. with previously published estimates from bottom-up inventories (Park et al. [2004], Pinder et al.

[2006], Cooter et al. [2012], and NEI08) and inverse analyses (Gilliland et al. [2006], Henze et al. [2009], Zhang

et al. [2012], and Zhu et al. [2013]). Also shown in Figure 5 is the 2005–2008 interannual variability of our

optimized emissions. This reflects not only true variability but also changes in data availability. It is relatively

small (10%) and does not affect seasonality.

The annual emission in the contiguous U.S. averaged across all estimates is 2.8 ± 0.2 TgNH3 − N a−1 (2�). All

studies find that NH3 emissions are minimum in winter. They diverge regarding the timing of the seasonal

maximum. Several studies based on bottom-up [Park et al., 2004; Cooter et al., 2012] or top-down constraints

[Henze et al., 2009; Zhang et al., 2012; Zhu et al., 2013] find a summer peak reflecting a dominant influ-

ence of livestock housing emissions. Other bottom-up inventories [Goebes et al., 2003; Pinder et al., 2006]

imply an April–June peak more consistent with our work (MASAGE_NH3 and optimized) and reflecting an

important contribution from mineral fertilizer and manure application in spring. The NEI08 inventory fea-

tures both a spring and summer peak. The top-down inventory of Gilliland et al. [2006] based on ammonium

wet deposition fluxes features a very large April-May maximum and a prominent secondary maximum in

October-November, but the authors point out that this could partly be due to biases in their model precipi-

tation. The high summer emissions inferred from optimization of TES satellite data for NH3 at 1330 local time

could be caused by the lack of diurnal cycle in GEOS-Chem NH3 emissions or to biases in NO3T [Zhu et al.,

2013]. Zhu et al. [2013] found that these TES-optimized emissions cannot be reconciled with observed wet

deposition from NADP and surface air NH3 concentrations from the Ammonia Monitoring Network (AMoN)

[Puchalski et al., 2011].

Figure 6 further analyzes NH3 emission seasonality in different regions of the United States. Emissions in the

Midwest and upper Midwest peak in April, whereas they peak in May-June in the rest of the United States.

The MASAGE_NH3 model (Figure 6, bars) indicates that this heterogeneity stems from differences in the

seasonalities of manure and fertilizer emissions. Heald et al. [2012] also noted the need to treat separately

manure and fertilizer sources of NH3 to capture the seasonality of NH3 emissions in Colorado and Wyoming.
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Figure 8. Same as Figure 3 but for Europe with observations from the

EMEP network.

In the Southeast and Central U.S. (as

defined in Figure 6), the MASAGE_NH3

inventory indicates that emissions are

dominated by manure from cattle. Fertil-

izer emissions are spread over a longer

time period than in the upper Midwest

reflecting the different planting dates for

cotton, corn, and winter wheat. In the

Atlantic region, MASAGE_NH3 underes-

timates summer emissions, which are

dominated by hog manure in the model.

In the Northeast, the MASAGE_NH3 inven-

tory is consistent with the optimized

emissions and lower emissions than the a

priori, which is based on NEI05. The over-

estimate of emissions in NEI05 could be

associated with the use of biofuels for res-

idential heating, mobile sources, and the

abandonment of agriculture [Drummond

and Loveland, 2010].

In the Midwest, the seasonality is dom-

inated by fertilizer application at corn

planting, although manure emissions

(mostly from hog and beef manure) dom-

inate the annual total. The MASAGE_NH3

model seasonal peak lags by 1 month

suggesting different fertilizer application

dates. Timing and magnitude of the spring

peak are consistent with the NEI08 inven-

tory. However, our optimized emissions

are 50% lower than the NEI08 inventory

in summer.

Figure 7 compares observed and simu-

lated surface air NH3 concentrations at

AMoN sites [Puchalski et al., 2011], provid-

ing an independent test of the inversion.

Observations are aggregated follow-

ing the regions shown in Figure 6. After

optimization, GEOS-Chem better cap-

tures the seasonality and magnitude

of the observations in the Northeast

and Southeast regions, consistent with

an overestimate of NH3 emissions in

both regions in the NEI05 inventory. In

the Midwest and upper Midwest, the

optimized model captures the spring

enhancement in the AMoN data but

underestimates NH3 summertime con-

centrations. This discrepancy in the

summertime could reflect in part the

absence of bidirectional exchange of

NH3 between the surface and the atmosphere in the model, which results in an underestimate of the life-

time of atmospheric NH3 [Wichink Kruit et al., 2012]. In the Atlantic and Central regions, the optimized

model is too low and in particular does not capture the high values in the Central region in winter. Some
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Figure 9. Same as Figure 6 but for Europe.

caution is needed in interpreting these comparisons, because the AMoN data are 24 h averages and

the model does not properly capture the nighttime stratification if only because of the coarse vertical

grid. This would result in positive or negative bias depending on whether NH3 deposition or emissions

dominate locally.

4.2. European Union

Figure 8 compares simulated and observed NH+
4
wet deposition fluxes in Europe. Unlike in the U.S., there is

a clear spring maximum with much lower summer values. After optimization, the correlation improves in

particular in the winter and the mean absolute bias between observed and simulated NH+
4
wet deposition

is reduced by 15% to 40%. The adjoint optimization decreases annual total NH3 emissions in the European

Union by 17% relative to the GEOS-Chem a priori (Table 1), to a value within 5% of the EMEP inventory.

The MASAGE_NH3 inventory is also consistent with this decrease. Since the GEOS-Chem a priori for anthro-

pogenic sources is based on EMEP, this discrepancy may reflect an overestimate of natural sources also

included in the a priori.

Figure 4 shows that the adjoint optimization reduces emissions throughout Europe. The largest decrease is

in the Benelux, Denmark, and Germany. Under the Gothenburg protocol (http://www.unece.org/env/lrtap/

multi_h1.html), Denmark, Belgium, and Netherlands committed to decreasing their NH3 emissions to 40% of

their 1990 levels by 2010. The optimization suggests that efforts to curb NH3 emissions have been successful

in this region. This was primarily achieved via a reduction in livestock number, lower fertilizer application,

and improved management of manure [Indicator Reporting on the Integration of Environmental Concerns into

Agriculture Policy, 2005].

Unlike other European countries, Spain did not commit to a reduction of its emissions under the Gothen-

burg protocol and we find no decrease of NH3 emissions in this region relative to the a priori. MASAGE_NH3

underestimates NH3 emissions there and this may by driven by hog farming, the largest NH3 source in

the region. Rebolledo et al. [2013] used an emission factor of 6.9 kg(NH3) head
−1 a−1 for hogs, while the

MASAGE_NH3 emission factor derived from GAINS is 4.3 kg(NH3)head
−1 a−1.

Figure 9 shows the seasonality of the optimized NH3 emissions in different European countries. This season-

ality is spatially more homogeneous than in the U.S., which may reflect diversified food production systems

(crop+livestock) at the national scale. Similar to the a priori seasonality [Friedrich and Reis, 2004], the opti-

mized emissions in the European Union peak in April, whereas national U.S. emissions peak in May (Figure 9).

MASAGE_NH3 suggests that this difference is driven by different manure management practices, which

result in a greater fractional contribution of manure application in the European Union. Optimized emissions

are particularly reduced relative to the a priori (EMEP) in Benelux, Denmark, and Germany in the fall. This

reduction is consistent with regulation prohibiting farmers from spreading manure outside of the growing

PAULOT ET AL. ©2014. American Geophysical Union. All Rights Reserved. 4354

http://www.unece.org/env/lrtap/multi_h1.html
http://www.unece.org/env/lrtap/multi_h1.html


Journal of Geophysical Research: Atmospheres 10.1002/2013JD021130

Figure 10. Same as Figure 3 but for East Asia with observations from the

EANET network.

season to reduce N losses [Skjøth et

al., 2008]. The seasonality of emis-

sions in the United Kingdom is

excessively muted by MASAGE_NH3.

We find that this is caused by fer-

tilizer application to winter wheat

in January-March in the model trig-

gered by mild winter temperatures.

Such early applications are incon-

sistent with observations (http://

www.ukagriculture.com/production_

cycles/wheat_production_cycle.cfm).

4.3. China

Figure 10 shows observed and sim-

ulated NH+
4
wet deposition in East

Asia. We focus our analysis on China,

where NH3 emissions have doubled

since 1980 according to Liu et al.

[2013]. The magnitude of Chinese

NH3 emissions is almost twice as

large as the combined emissions

of the European Union and the U.S.

(Table 1), as reflected by the high

observed NH+
4
deposition fluxes in

the region (Figure 10) [Liu et al., 2013].

Our optimized emission in China

is 8.4 TgNH3–N a−1, which is 25%

lower than the recent inventories

of Streets et al. [2003] and Liu et al.

[2013] but similar to that of [Huang

et al. 2012].

Figure 11 shows the seasonality of

emissions in China. Our optimized

emissions peak in June-July, sim-

ilar to previous estimates [Streets

et al., 2003; Huang et al., 2012].

Observations from the TES satellite

also support a summer maximum

of NH3 emissions in China

[Shephard et al., 2011]. This differ-

ence with the seasonality of NH3

emissions in the U.S. and the

European Union may reflect differ-

ent fertilizer application practices.

In particular, corn, which accounts

for 16% of fertilizer usage in China

[Heffer, 2009], is often planted in sum-

mer after winter wheat is harvested

[Huang et al., 2012]. Optimized emis-

sions differ most from the a priori in

summer (June emissions are reduced

by 40%). The contrast between winter
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Figure 11. Seasonality of NH3 emissions in China. The optimized

emission inventory from the adjoint inversion is compared to our

MASAGE_NH3 bottom-up inventory and to two bottom-up inventories

[Streets et al., 2003; Huang et al., 2012]. The GEOS-Chem a priori is based

on the Streets et al. [2003] inventory but uses a different seasonality

[Fisher et al., 2011].

and summer is reduced but remains

greater than calculated by [Huang

et al. 2012].

The MASAGE_NH3 inventory needs

to be adjusted to capture the season-

ality of Chinese emissions. We force

corn to be planted after winter wheat

harvest to account for double crop-

ping and we reduce fertilizer emissions

by 25%. Huang et al. [2012] showed

that a detailed treatment of fertilizer

emissions factors (�c in equation (A1))

decreases estimated Chinese emissions

from mineral fertilizer by more than

50% compared to Streets et al. [2003].

MASAGE_NH3 fertilizer emissions are

15% greater than the estimate of Huang

et al. [2012]. Other uncertainties include

the magnitude and seasonality of fertil-

izer application to fruit and vegetable

crops, pasture, and forests, which is estimated to account for 40% of mineral fertilizer consumption in China

[Heffer, 2009].

5. Conclusions

We used the adjoint of the GEOS-Chem chemical transport model to optimize NH3 emissions in the U.S.,

European Union, and China by inversion of 2005–2008 monitoring network data for NH+
4
wet deposition

fluxes from NADP (U.S.), CAPMoN (Canada), EMEP (Europe), and EANET (Asia). We compared the optimized

results from the adjoint inversion to standard emission inventories (NEI, EMEP, Streets et al. [2003]) used as a

priori in GEOS-Chem. We also developed a new bottom-up emission inventory, MASAGE_NH3, which incor-

porates sector-resolved information for agricultural activities on a global scale. We used this inventory to

interpret the optimized estimates of NH3 emissions from the adjoint inversion in terms of the underlying

processes.

Wet deposition fluxes are closely related to emissions by mass balance, and the monitoring networks pro-

vide high-density data to constrain adjoint inversions at least for the U.S. and Europe. Model biases in

precipitation can be a source of error, since there is competition between wet and dry deposition (40% of

NH3 deposition to the contiguous U.S. in GEOS-Chem is by dry deposition). Here we estimated and corrected

for this error by conducting GEOS-Chem simulations for the same meteorological year but with different

assimilated meteorological fields. A drawback of the adjoint method is that error statistics on the solution

are not generated as part of the inversion, unlike for an analytical inversion; but such error statistics tend

to be too small in any case [Arellano and Hess, 2006] due to the assumptions of random errors and repre-

sentative sampling of the error distribution functions. An ensemble of inversions can provide a better error

characterization [Heald et al., 2004] but was not computationally practical here.

U.S. optimized emissions are 2.8 TgNH3–N a−1. We show that annual total U.S. emissions agree within 10%

for a range of bottom-up and top-down emissions in the literature. However, regional and seasonal distri-

butions show greater differences. Based on MASAGE_NH3, we find that the distribution of emissions follows

that of fertilizer-intensive agriculture (in particular corn) and of animal feeding operations. Seasonality is

consistent with fertilizer emissions peaking in spring and manure emissions peaking in summer. This con-

trast explains the different seasonality of the Midwest (peak at corn planting in spring) and the rest of the

United States. Previous GEOS-Chem studies underestimated NH3 emissions in the Midwest, and we show

that this reflects inadequate accounting of fertilizer emissions.

Optimized emissions in the European Union are 3.1 TgNH3–N a−1, consistent with the EMEP inventory. Sea-

sonality of emissions is more homogeneous across the European Union than in the U.S., which we attribute

to diversified food production at the national level. Unlike in the U.S., the seasonality of emissions in the
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Europe Union has a consistent spring peak that we attribute to different manure management practices. Our

optimized emissions in fall are much lower than the a priori for north-central Europe and we attribute this to

new regulations to reduce NH3 emissions by restricting manure spreading. Unlike other European countries,

Spain did not commit to an emission reduction under the Gothenburg protocol and our work suggests that

Spanish emissions have not been reduced.

In China, our optimized NH3 emission is 8.4 TgNH3–N a−1. This is similar to a recent bottom-up inventory

by Huang et al. [2012] but 25% lower than the inventory of Streets et al. [2003]. Unlike in the U.S. and Euro-

pean Union, emissions peak in summer even though fertilizer application accounts for a larger fraction of

Chinese agricultural emissions (40–60%). We attribute this seasonality to double cropping, resulting in the

application of mineral fertilizer and manure to corn in summer.

The MASAGE_NH3 global inventory of NH3 emissions reproduces the major features of our adjoint opti-

mization, including spatial and seasonal variability. It provides global information for a range of agricultural

processes (see Table A1), which could be included in chemical transport models. MASAGE_NH3 may also be

used to calculate the seasonality of agricultural NH3 emissions, when only annual totals are provided such

as for future NH3 emissions from the Representative Concentration Pathways.

Global agricultural emissions of NH3 are estimated to be 34 TgNH3–N a−1 (63% of the total NH3 emissions).

MASAGE_NH3 suggests that ∼60% of anthropogenic NH3 emissions are outside of the European Union,

China, and the U.S., which warrants further evaluations of this inventory.

Appendix A: Description of theMASAGE_NH3Model

We present here a global process-based inventory of NH3 emissions called MASAGE_NH3 (Magnitude and

Seasonality of Agricultural Emissions for NH3, https://fpaulot.bitbucket.org/MASAGE/). This inventory is con-

structed on a 0.5◦ × 0.5◦ horizontal grid and focuses on providing improved sector-resolved estimates for

agricultural emissions. We use MASAGE_NH3 in the text to interpret the seasonal and spatial patterns of

NH3 emissions suggested by our inversion. Portions of the MASAGE model (e.g., crop model and livestock

distribution) can be readily used to investigate other agricultural emissions (e.g., methane and N2O).

A1. Mineral Fertilizer Emissions

NH3 emission from fertilizer application depends on the crop-dependent application rate (e.g., soybean

requires much less N input than corn), the application technique (broadcast and injection result in very

different emissions), and physical parameters (temperature and wind speed).

In each grid square, NH3 emissions frommineral fertilizer application (EF) at time t are given by

EF(t) =
∑

c

�cΓcAc�c(t) (A1)

where Ac is the area occupied by crop c from the Monthly Irrigated and Rainfed Crop Areas (MIRCA) data

set (0.5◦ × 0.5◦, Portmann et al. [2010]), Γc is the country-specific fertilizer application rate, �c is the annual

NH3 emission factor, and �c is the crop-specific application function (see A2). Γc is calculated annually using

annual fertilizer consumption [FAOSTAT, 2009], harvested area, and crop-specific fertilizer application rate

over the 2006–2007 period (International Fertilizer industry Association (IFA), Heffer [2009]). �c is calcu-

lated following Bouwman et al. [2002b] and includes the effect of fertilizer type (updated annually from

country-specific consumption (IFA)), soil pH and cation exchange capacity (from International Soil Refer-

ence and Information Centre – World Soil Information), application techniques, and crop type. We neglect

the effect of latitude, a proxy for temperature as it is represented through C(t) (see (A3)). Ac varies annu-

ally according to national statistics [FAOSTAT, 2009]. Based on the specificity of the MIRCA and IFA data

sets, the following crops are treated independently: wheat, winter wheat, rice, rice (double cropping), corn,

other cereals (barley and millet), other winter cereals (barley and millet), tropical cereals (sorghum and mil-

let), soybean, oil palm, rapeseed, groundnuts, cotton, sugar cane, temperate roots (sugar beet), fruits and

vegetables, tropical roots (cassava), pulses, and other perennial crops.

Plot experiments show that most NH3 emissions from fertilizer take place within a few days of application

[Plöchl, 2001]. Following Skjøth et al. [2004] and Gyldenkærne et al. [2005], we assume that NH3 emission from
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fertilizer can be represented by a Gaussian:

�c(t) = NC(t)

3
∑

a=1

�a,c

�a,c

√

2�
e
−

(

t−	a,c

�a,c

)2

(A2)

where �a,c is the crop-specific fraction of fertilizer applied at each stage (a), 	a,c is the crop-specific optimal

application date, �a,c is the deviation around this date [Gyldenkærne et al., 2005], N is a normalization factor

defined below, and C accounts for the effect of temperature (TC , the air temperature at 2m in ◦C) and wind

speed (w, wind speed at 10m inms−1) [Søgaard et al., 2002]:

C(t) = 1.02TC × 1.04w (A3)

Three application stages (a) are considered: (1) at planting, (2) at the peak of nutrient demand (referred

to as “at growth” hereafter), and (3) after harvest. We assume �1,c = 9 days and �2,c = �3,c = 16 days

[Gyldenkærne et al., 2005; Skjøth et al., 2004] for most crops (see exceptions below). Planting dates (	1,c) are

determined using a temperature and/or precipitation threshold as used in the Lund-Potsdam-Jena man-

aged Land model [Bondeau et al., 2007]. When planting dates are fixed (e.g., soybean) or not defined (e.g.,

cotton), we use a global survey of planting dates [Sacks et al., 2010], when possible, and Moderate Resolu-

tion Imaging Spectroradiometer (MODIS) green-up dates averaged from 2001 to 2004 otherwise [Ganguly

et al., 2010; Hudman et al., 2012]. Growth application (	2,c) and harvest (	3,c) dates are determined using

accumulated growing degree days (GDD) since planting [McMaster and Wilhelm, 1997]

GDD =
max(Tmin, Tb) +max(min(TH, Tmax), Tb)

2
− Tb (A4)

where Tmax and Tmin are the maximum and minimum daily temperature, respectively, TH = 303 K (except for

tropical crops for which no upper limit is considered), and Tb is the crop-specific base temperature, below

which no growth is observed. Harvest can be triggered by crop maturity [Bondeau et al., 2007] or hard frost

(defined as an average 24 h temperature lower than −2◦C). Fertilizers are applied after harvest when soil

temperature drops below 10◦C [Goebes et al., 2003]. When no harvesting date can be calculated or when no

threshold is reported [Bondeau et al., 2007], we use a global survey of harvesting dates [Sacks et al., 2010],

when possible, and MODIS brown-down dates averaged from 2001 to 2004 otherwise. For fruits and vegeta-

bles, planting, harvesting, and growth application are defined as the start, end, and middle of the growing

season as defined by MODIS green-up and brown-down dates. For the crops that rely on MODIS cropping

dates (fruits and vegetables, oil palm, sugar cane, and other perennial crops), we use �1,c = �3,c = 30 days

and �2,c = 60 days to reflect the uncertainty in cropping practices. N is defined such that

N =
∫ 2008

2005

∑

Ω

∑

c �cΓcAcdt

∫ 2008

2005

∑

Ω

∑

c �cΓcAc�c(t)dt
(A5)

where Ω designates the ensemble of GEOS-Chem grid squares. This normalization allows for interan-

nual variability in meteorology to affect NH3 emissions while imposing a multiyear total from the fertilizer

application rate.

A large source of uncertainty lies in the fraction �a,c of fertilizer applied at each stage. In the U.S., Goebes et

al. [2003] reported that fertilization of soybean in Illinois takes place mostly in the month preceding plant-

ing and in the fall. Pinder et al. [2004b] report significant manure application in the spring and fall. However,

in parts of Europe (e.g., Denmark), most of the application of fertilizer and manure takes place in spring and

during the growing season [Gyldenkærne et al., 2005; Skjøth et al., 2008]. In the absence of global data sets

of fertilization practices, the following assumptions are made. For wheat, corn, temperate roots, and other

cereals, we assume that 60% of fertilizer is applied at planting, 20% at growth, and 20% at harvest. For crops

that require vernalization (winter wheat, winter cereals, and rapeseed), we assume that 10% of fertilizer is

applied at planting, 70% at growth, and 20% at harvest. For fruits and vegetables, we assume 20% appli-

cation at planting, 60% at growth, and 20% at harvest. For all other crops, we assume that 80% of fertilizer

is applied at planting and 20% at harvest. A more realistic treatment would require accounting for crop

nutrient demand [Cooter et al., 2012] and differences in regional practices.
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Figure A1. MASAGE_NH3 emissions of NH3 from fertilizer.

The crop model used by MASAGE_NH3 does not account for double cropping. This leads to erroneous plant-

ing dates [Portmann et al., 2010], especially in Asia, where this practice is common. For instance, in the winter

wheat-summer corn rotation, corn is seeded in June [Huang et al., 2012], rather than in April as simulated

by the crop model. To account for this delay, we assume that all corn in China is planted when wheat is har-

vested. Fertilizer application techniques is a critical uncertainty in our model. For instance, Bouwman et al.

[2002a] found that NH3 emissions following fertilizer injection are 50% lower than following fertilizer broad-

casting. The default assumption in MASAGE_NH3 is that fertilization is through broadcasting, except for

anhydrous ammonia and nitrogen solution, which are injected. Early evaluation of MASAGE_NH3 with the

adjoint optimization results led to some further adjustments: NH3 emissions from fertilizer application in

China are reduced by 25% and NH3 emissions from fertilizer application to U.S. corn are reduced by 40%.

Figure A1 shows the MASAGE_NH3 seasonal distribution of NH3 emissions from fertilizer application,

and Table A1 shows the emissions associated with different crop categories. Emissions peak in spring

throughout the Northern Hemisphere, reflecting the dominant fertilizer application at crop planting.

Table A1 shows the emissions associated with the different crop categories used by MASAGE_NH3. The

largest emitting crops are corn in the U.S., and wheat (including winter wheat) in the European Union, China,

and the rest of the world.

A2. Manure Emissions

NH3 emissions frommanure depend on the nitrogen content of the feed and on manure management prac-

tices at the housing, storage, and land application stages. In each grid square, NH3 emissions from manure

(EM) at time t are given by the following:

EM(t) =
∑

l

�lDl

[


h,lΓh,l�h,l(t) + 
s,lΓs,l�s,l(t) + 
a,lΓa,l(P�pC(t) + (1 − P)
∑

c

�c�c(t))

]

(A6)

where l is a livestock category (Table A1), Dl is the animal density (0.5◦ × 0.5◦), �l , �c, and �p are the live-

stock, crop, and pasture NH3 emission factors, 
h,l , 
s,l , and 
a,l are the fractions of emissions associated with

housing, storage, and manure application, P is the fraction of manure applied to pasture, �h,l and �s,l are the

dependences of housing and storage emissions on temperature and wind speed [Gyldenkærne et al., 2005],

and Γh,l , Γs,l , and Γa,l are normalization factors defined below. Dl is taken from the FAO-gridded livestock

of the world [Wint and Robinson, 2007] and adjusted annually according to country-specific FAO statistics

[FAOSTAT, 2009]. P is taken as the fraction of pasture in each grid cell [Ramankutty et al., 2008]. The timing

of manure application to cropland is assumed to be the same as that of mineral fertilizer application (see

section A1). Manure is applied to pasture throughout the year. �l are taken from Faulkner and Shaw [2008]

for the U.S. and Canada, Velthof et al. [2012] for the Benelux, Denmark, and Germany, the GAINS model for

other European countries and East Asia (including China), and Bouwman et al. [2002b] for the rest of the

world. �l represent “country-average” management practices and do not capture regional variations. This is

an important limitation for large countries such as the U.S. or China. For each of these regions, Γh,l is defined

such that

Γh,l =
∫ 2008

2005

∑

ΩR
�lDl
h,ldt

∫ 2008

2005

∑

ΩR
�lDl
h,l�h,l(t)dt

(A7)

whereΩR designates the ensemble of grid squares in region R. Γs,l and Γa,l are defined similar to Γh,l .
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Table A1. NH3 Emissions in GEOS-Chem Including MASAGE_NH3 for Agriculturea

Contiguous U.S. European Union China World

Anthropogenic 2425 2725 7920 35295

Agricultureb 2180 2595 7810 33970

Crops

Cotton 20 0 180 700

Corn 200 80 735 1790

Fruits and Vegetables 15 25 505 815

Groundnuts 0 0 50 85

Oil Palm 0 0 0 125

Other Cerealc 10 45 5 125

Other Cereal (Winter)c 15 90 30 335

Other Cropsd 95 95 185 980

Pulses 0 0 15 45

Rapeseed 0 30 60 155

Early Rice 5 0 145 555

Late Rice 0 0 150 325

Soybeans 5 0 45 85

Sugar Cane 5 0 60 455

Temperate Roots 5 25 305 480

Tropical Cereals 0 0 0 90

Tropical Roots 0 0 25 160

Wheat 40 25 105 435

Winter Wheat 55 195 425 1630

Manure

Beef 755 495 850 10080

Buffalo 0 30 195 1520

Dairy 370 530 35 3280

Goat 0 10 135 695

Poultry 280 300 1335 3985

Pork 295 525 2125 4075

Sheep 5 85 115 960

Biofuele 20 35 90 800

Other anthropogenicf 225 95 25 525

Natural

Open firesg 50 25 40 5540

Other naturalh 265 195 405 13655

Total 2740 2945 8365 54490

aGgNH3–Na−1. Values are for 2005–2008 except for biofuel and other anthro-

pogenic sources (2000).
bFrom MASAGE_NH3 (this work).
cBarley and rye [Portmann et al., 2010].
dInclude forestry, pasture, and ornamentals [Heffer, 2009].
eResidential (33%) + agricultural waste (67%) in 2000 from the Atmospheric

Chemistry and Climate Model Intercomparison Project (ACCMIP) [Lamarque et al.,

2010].
fTransportation (73%), industry (23%), and energy (4%) in 2000 from ACCMIP

[Lamarque et al., 2010].
gFrom GFED2 [Randerson et al., 2006].
hFrom GEIA [Bouwman et al., 1997], mostly from oceanic sources.

Dairy cattle produces significantly more NH3 than beef cattle because of greater protein intake. The FAO

livestock inventory does not distinguish between dairy and beef cattle. To estimate the fraction of dairy

cattle in each grid box, we use a previous global-gridded inventory of dairy and beef cattle [Lerner et al.,

1988], which is superseded in the U.S. by the 2007 agricultural census (http://quickstats.nass.usda.gov/)

and by the Statistical Office of the European Communities (EUROSTAT) in the European Union

(http://epp.eurostat.ec.europa.eu). In the U.S., dairy emission factors (�dairy) are taken from Pinder et al.

[2004a, 2004b].

NH3 emission factors associated with beef can span a very large range depending on breeding prac-

tices. Faulkner and Shaw [2008] suggest �beef = 7.4 kgNH3–N head−1 a−1 for cow–calf systems and
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Figure A2. MASAGE_NH3 emissions of NH3 from manure.

10.7 kgNH3–N head−1 a−1 for feedyards. However, much higher emission factors have been measured at

concentrated animal feeding operations (CAFO), which may reflect different manure management practices

[Todd et al., 2008; Hristov et al., 2011]. MASAGE_NH3 does not currently use information on management

practices. To account for increased emissions from feed lots, such as CAFO, we assume that the emission

factor of beef is linearly related to the animal density (D), which is very high at CAFO.

�beef(kgNH3–N head−1 a−1) =

{

7.4 Dbeef < 15 head km−2

0.25D(beef) + 3.65 Dbeef ≥ 15 head km−2 (A8)

Figure A2 shows the global distribution of NH3 from manure in different season. Globally, beef is the largest

source of NH3 from manure (and also the largest anthropogenic source) but dairy cattle and pork are the

largest sources of NH3 in Europe and China, respectively (Table A1).
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