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[1] Nitrous oxide (N2O) is an important gas for climate and for stratospheric chemistry,
with a lifetime exceeding 100 years. Global concentrations have increased steadily since
the 18th century, apparently due to human-associated emissions, principally from the
application of nitrogen fertilizers. However, quantitative studies of agricultural emissions
at large spatial scales are lacking, inhibited by the difficulty of measuring small
enhancements in atmospheric concentration. Here we derive regional emission rates for
N2O in the agricultural heartland of California based on analysis of in-situ airborne
atmospheric observations collected using a new quantum cascade laser spectrometer. The
data were obtained on board the NOAA WP-3 research aircraft during the CalNex
(California Research at the Nexus of Air Quality and Climate Change) program in late
spring 2010. We coupled the WRF (weather research and forecasting) model, a meso-scale
meteorology model, with the STILT (stochastic time-inverted Lagrangian transport) model,
a Lagrangian particle dispersion model, to link our in-situ airborne observations to surface
emissions. We then used a variety of statistical methods to identify source areas and to
optimize emission rates. Our results are consistent with the view that fertilizer application
is the largest source of N2O in the Central Valley. The spatial distribution of surface
emissions, based on California land use and activity maps, was very different than
indicated in the leading emission inventory (EDGAR 4.0). Our estimated total emission
flux of N2O for California in May and June was 3 – 4 times larger than the annual mean
given for the state by EDGAR and other inventories, indicating a strong seasonal variation.
We estimated the statewide total annual emissions of N2O to be 0.042 � 0.011 Tg N/year,
roughly equivalent to inventory values if we account for seasonal variations using
observations obtained in the midwestern United States. This state total N2O emission is
20.5 Tg CO2 equivalent (100 year global warming potential = 310 CO2 eq/g N2O),
accounting for approximately 4% of the state total greenhouse gas emissions.
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1. Introduction

[2] Atmospheric nitrous oxide (N2O) is the third most
important long-lived anthropogenic greenhouse gas (GHG)
and a major component of stratospheric chemical cycles
[Ravishankara et al., 2009]. Global atmospheric concentra-
tions of N2O have increased from a preindustrial value of
275 ppb (nmol/mol) to ~325 ppb presently and continue to
increase by 0.2–0.3%/year [Denman et al., 2007]. Total
annual global N2O emissions are calculated to be 18.8 Tg
N/year in 2006 [Syakila and Kroeze, 2011] based on ob-
served rates of increase and computed loss rates in the strato-
sphere. About 60% of emissions are from natural processes
(e.g., microbial nitrification and denitrification of natural
soils and coastal ocean upwelling), and the remaining 40%
come from processes associated with human activity, includ-
ing energy production, industry, biomass burning, direct
agricultural emissions from fertilized soils and animal
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manure, and indirect agricultural emissions from nitrogen
use (such as atmospheric deposition, leaching and runoff,
and human sewage). Agricultural activities are believed to
be the main cause of the atmospheric N2O increase.
Anthropogenic N2O emissions will likely rise in the future,
owing to the need to increase agricultural production to
accommodate the future population.
[3] Development of effective N2O regulation strategies

must be based on accurate emission estimates at regional
and global scales. Current bottom-up estimates of global
agricultural N2O emissions are uncertain, ranging from 4.3
to 5.8 Tg N/year [Crutzen et al., 2007; Davidson, 2009;
Syakila and Kroeze, 2011]. This uncertainty mostly arises
from deficiencies in constraints on the specific emission fac-
tors that are applied to large-scale human activities [Montzka
et al., 2011]. For “top-down” approaches based on atmo-
spheric observations, data scarcity and transport model
inaccuracies are the primary limiting factors. Because of
the long lifetime of N2O (~122 years) [Volk et al., 1997]
and its diffuse spatial distribution of sources, regional
enhancements of N2O associated with agricultural sources
are only ~1% of background concentrations. The relatively
small signal enhancements and low signal-to-noise ratio
add to the uncertainties in top-down assessments of
N2O emissions.
[4] The Central Valley of California is one of the most

productive regions of industrialized agriculture on Earth.
Synthetic and organic fertilizer application, animal manure
management, wastewater treatment, and crop residual man-
agement may all contribute substantially to anthropogenic
N2O emissions in this area. The California Global Warming
Solutions Act (Assembly Bill 32, 2006) requires the state to
cap its GHG emissions at 1990 levels by year 2020, and the
Legislature instructed the California Energy Commission
and the Air Resources Board to update the state’s GHG in-
ventories every 5 years. Few N2O measurements have been
available for emission inventory validations in California.
Wunch et al. [2009] studied atmospheric column concentra-
tion of N2O over the South Coast Air Basin and found larger
emissions from urban Los Angeles than the EDGAR and
California GHG Inventories. Data from a tower in Walnut
Grove, California, during April 2010 indicated N2O emissions
in adjacent areas of central California that were roughly
three times those estimated by the EDGAR inventories
[Jeong et al., 2012].
[5] We report here intensive N2O measurements during

the 2010 California Research at the Nexus of Air Quality
and Climate Change Campaign (CalNex). These data
provide a unique opportunity to assess regional N2O
emissions using the top-down approach. The National
Oceanic and Atmospheric Administration (NOAA) WP-3
research aircraft (hereafter referred to as P-3) extensively
sampled the atmosphere above the Central Valley in May
and June and surveyed Los Angeles and other California
cities. The Harvard/Aerodyne Dual Quantum Cascade Laser
Spectrometer (QCLS-DUAL, owned by the National Center
for Atmospheric Research) was deployed on the P-3. It
measured real-time 1Hz atmospheric N2O concentrations
with 1 s precision of 0.09 ppb and 0.3 ppb accuracy [Jimenez
et al., 2005; Kort et al., 2011]. CalNex represents the first
time an airborne sensor of this capability has been deployed
for measurements in a major agricultural region.

[6] The top-down approach presented here utilizes observa-
tions from the research flights that sampled most intensively
over the Central Valley in May and June 2010 coupled with
atmospheric model simulations to obtain emission strengths,
spatial distributions of sources, and temporal variations over
the CalNex period.

2. CalNex Observations

[7] CalNex airborne measurements provided comprehen-
sive sampling of a wide variety of N2O sources in California.
Six flights successfully covered rice paddies, croplands, and
dairy farms in the Central Valley, one each focusing on the
northern (Sacramento Valley), middle (Northern San Joaquin
Valley), and southern (Southern San Joaquin Valley) parts of
the Central Valley separately, in May and again in June 2010.
Other CalNex flights sampled in and around the South Coast
Air Basin, a densely populated urban region including
Los Angeles and surrounding suburbs. The present study
addresses N2O sources in natural and agricultural lands.
Hence, the Los Angeles flights are not simulated here, but
we do represent in our source models urban emissions that
can be advected to the Central Valley.
[8] Figure 1 shows flight tracks and N2O observations

from the six Central Valley agricultural flights, projected
onto the California county map. Those flights occurred in
late spring and early summer, the critical time period of
N2O emissions for the year [Miller et al., 2012], associated
with peak rates for soil microbial metabolism. The activities
of nitrifying and denitrifying microorganisms are expected
to peak during the CalNex period because of increasing soil
temperature, application of fertilizer to young crops, tillage
of the soil, and irrigation [Szukics et al., 2010]. The P-3
cruised over the Central Valley in a reversing rectangular
(“boustrophedonic”) pattern, flying mostly within the
boundary layer (below 500m) to capture local emission
sources and occasionally ascending to the free troposphere
to measure the background concentrations in the region.
Significant enhancements in N2O concentrations were com-
monly observed. In many places, N2O concentrations corre-
lated with concentrations of CH4, CO, and CO2, although
the enhancement ratios were variable, highlighting the het-
erogeneity in N2O sources. A few locations had increases
as high as 3 ppb, as on June 18 when the P-3 flew over the
dairy farming region in the Northern San Joaquin Valley.
All these flights were conducted during daytime except the
one on May 24, which sampled during the late afternoon
to nighttime transition period. Smaller N2O signals were
observed on this flight compared to the others because of
trapping of emissions in the shallow nocturnal boundary
layer, inaccessible to the plane.
[9] Real-time 1Hz observations were aggregated based on

observed spatial correlations to reduce the influence of atmo-
spheric variability associated with turbulent eddies, which are
not resolved in the transport model. The horizontal correlation
length was determined to be ~8km using exponential semi-
variogram analysis [Gerbig et al., 2003; Kitanidis, 1997],
corresponding to roughly 0.05� in latitude and 0.06� in longi-
tude within the Central Valley. The vertical correlation
length was difficult to determine because of the limited
number of vertical profiles and hour-of-day effects, and hence,
this parameter was set to the size of large turbulent eddies
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(around 200m) observed within the boundary layer. We
block-average data based on P-3 sampling locations and times
within each grid defined by the horizontal and vertical correla-
tion lengths. This aggregated dataset serves as the receptor
points for comparison with model results.

3. Model Simulation

[10] We employed a top-down modeling approach cou-
pled to a stepwise multiple linear regression (SMLR) to sim-
ulate the observed N2O signals and estimate regional N2O
emissions. The method requires three essential inputs: (1) a
meteorology field to drive a Lagrangian particle dispersion
model (LPDM) that links observed atmospheric concentra-
tions at the receptor points to upwind region surface emis-
sions; (2) observation-based N2O boundary conditions to
provide the modeled background concentrations of air enter-
ing the Central Valley from the remote Pacific Ocean; and
(3) spatial distributions and temporal changes of California’s
N2O emission sources, to be coupled with the transport. A
discussion of these three inputs and the statistical optimiza-
tion methods used follows.

3.1. WRF-STILT LPDM Transport Model

[11] We coupled the weather research and forecasting
meteorology to the stochastic time-inverted Lagrangian
transport model (WRF-STILT) [Lin et al., 2003; Gerbig
et al., 2003] in order to trace air parcels backward in time
from our receptor points. The WRF model output used here
was compiled specifically for CalNex by Angevine et al.
[2012]. STILT uses the time-averaged horizontal and verti-
cal wind fields to compute tracer mass fluxes, and planetary
boundary layer heights (PBLH) to determine the surface
influence for each time step along the particle trajectories.
STILT represents the influence of turbulent motions using
a Markov chain parameterized from the turbulent kinetic
energy and Lagrangian time scales generated by WRF.
[12] We obtained results for STILT using two distinctly

configured WRF outputs, GM4/GM12 and EM4N [Angevine
et al., 2012] (see Table 1), to test sensitivity of our results to
WRF implementation. They differ primarily in the initial
conditions and in the selection of land surface model. The
GM4/GM12 runs (hereafter referred to as WRF 9) received
initial meteorological fields from the U.S. National Centers
for Environmental Prediction (NCEP) Global Forecast System
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Figure 1. Central Valley N2O profile. The bottom plots cover the same study areas (in gray) as the above
ones, but a month later.

Table 1. Primary Configurations of Two WRF Runs Used in This Studya

Name Initialization PBL Scheme Grid Spacing (km) WRF Version Vertical Levels Land Surface Model, Data

GM4(WRF 9) NCEP-GFS MYJ 4 3.2.1 40 Slab, USGS
EM4N(WRF 23) ECMWF-ERA MYJ 4 3.3 60 Noah UCM MODIS

aThis table is adapted from Angevine et al. [2012]. See text for more details and difference discussions.
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(GFS) analyses, while the EM4N run (hereafter referred to as
WRF 23) was initialized from the European Center for
Medium-Range Weather Forecasts Interim Reanalysis
(ERA-Interim). The latter initialization scheme has a deeper
and moister boundary layer, especially over the ocean, com-
pared to the former. WRF 9 employed the simple five-layer
thermal diffusion land surface model (“slab”) with U.S.
Geological Survey (USGS) land use data. WRF 23 employed
the Noah land surface model with newer MODIS land use/
cover data and a single-layer urban canopy model (UCM).
WRF 23 displayed smaller bias errors for PBLH compared
to WRF 9, reflecting a PBL too cool, moist, and shallow in
WRF 9. Other configuration settings such as WRF version,
number of vertical levels, and one-way (WRF 9) or two-way
(WRF 23) nesting did not make significant differences
between the twoWRF outputs. Both outputs modestly overes-
timated horizontal wind speeds.
[13] The WRF-STILT model simulates the N2O concen-

tration at a receptor point by adding the enhancements from
surface emissions to the background concentration, at each
STILT time step. The N2O enhancement (in ppb) at the
receptor location is obtained by summing the product
of the footprint (in ppb/(mmol/m2 s)) and surface flux
(in mmol/(m2 s)) at each grid cell. At the beginning of each
receptor run, 500 particles were released from the receptor
point at the same time and they traveled upwind, backward
in time. The surface emissions were assumed to be well
mixed within a volume (“mixed column”), set to be 50%
of the PBL height from the WRF output (results are insensi-
tive to the selection of 50% of PBLH for input of surface
emissions) [see Gerbig et al., 2003]. Whenever released
particles go below this height, the concentration of N2O
is increased to account for surface emissions in the
corresponding grid cell. The influence from a particular
upwind surface grid cell at the receptor point is quantified
by tallying the total amount of time each particle spends
in a finite volume over a time step [Lin et al., 2003].
We impose a N2O boundary condition at the western edge
of the meteorology model domain. STILT trajectories
were run 10 days back in time to ensure that all 500
particles exited the WRF domain over the remote Pacific.
Depending on the ending latitude and altitude, each parti-
cle was assigned a background concentration from the
N2O western boundary. The background concentration
for each receptor point was the average value from all
500 released particles.

3.2. N2O Remote Boundary

[14] Near surface sources, N2O enhancements are usually
≤1% relative to the background concentrations. Negative
excursions that may be associated with stratospheric air
mixed down into the lower atmosphere are on the same
order. In order for the model to capture these small changes
and to accurately constrain surface fluxes, N2O concentra-
tions in the upwind remote boundary should be estimated
with an accuracy of ~0.1 ppb.
[15] We use the NOAA Earth System Research Labora-

tory’s North American lateral boundary condition data as
the CalNex N2O background. The background is the N2O
concentration in air traveling across the Pacific before reach-
ing the North America continent. The NOAA dataset gives
the time, latitude, and altitude variation of N2O

concentrations in the air entering North America from the
remote Pacific. This boundary curtain is an empirical prod-
uct derived from smoothed data obtained by aircraft and at
Pacific Ocean sites, assuming that vertical gradients of
N2O with respect to marine boundary layer observations
on average vary with season but are constant from year to
year and can be extended through time by adding the annual
increments. The receptor background concentrations derived
from the NOAA boundary were systematically lower than
the CalNex data in the free troposphere, reflecting small cal-
ibration biases. Therefore, we raised the NOAA boundary
by the mean offset (1.6 ppb) to match free tropospheric
observations above 2 km for each flight in CalNex, after fil-
tering by STILT 10 day backward trajectories to ensure no
surface influence. We also excluded periods of low N2O
air intrusions from the stratosphere by using CalNex O3

observations [Langford et al., 2012].

3.3. Emission Inventories

[16] We assess four bottom-up emission estimates over
California: (1) Emission Database for Global Atmospheric
Research (EDGAR), version 3.2 Fast Track 2000 (hereafter
referred to as EDGAR2000); (2) EDGARversion 4.0 (hereafter
referred to as EDGAR 4); (3) Global Emission Inventory
Activity (GEIA); and (4) Dynamic Land Ecosystem Model
(DLEM) [Tian et al., 2010].
[17] EDGAR 2000 and GEIA are global emission invento-

ries with 1� � 1� spatial resolution. The EDGAR inventories
cover all anthropogenic source categories of N2O, including
fossil fuel/biofuel/ industrial production, transformation and
consumption, agricultural activities, biomass burning, and
waste handling. EDGAR 4 is an updated version with spatial
resolution of 0.1� � 0.1�. Global N2O emissions from
EDGAR 4 are 25% lower than those from EDGAR 2000,
resulting largely from a change in the Intergovernmental
Panel on Climate Change emission factor for direct soil
sources (dropped from 0.0125 to 0.01 kg N2O/kgN). The
GEIA inventory includes both natural (such as soil and
ocean emissions) and anthropogenic sources (such as agri-
cultural waste burning, animal excreta, biofuel and fossil
fuel burning, postforest clearing enhances, and industrial
emissions). Previous studies using the top-down approach
to constrain North American N2O emission sources in early
summer found the EDGAR 2000 emissions to be signifi-
cantly too low, by almost a factor of 3 [Kort et al., 2008;
Kort et al., 2010]. Miller et al. [2012] suggested monthly
adjustments for the EDGAR and GEIA inventories based
on the analysis of an ensemble of tall tower data over the
central United States in 2008. The largest corrections for
all three inventories appeared in the month of June, with
the seasonal correction of nearly an order of magnitude in
the case of EDGAR 4.
[18] The DLEM is a process-oriented biogeochemical

model simulating land surface emissions of N2O, among
other species. DLEM couples major biogeochemical and
hydrological cycles with vegetation dynamics and meteoro-
logical data to make daily estimates of carbon/nitrogen/
water fluxes and pool sizes in terrestrial ecosystems [Tian
et al., 2010]. The DLEM 2008 North America data have
daily N2O emission with 0.25� � 0.25� spatial resolution
covering the entire United States.
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3.4. Auxiliary Maps

[19] We found that the above emission inventories do not
appear to provide good spatial representations of surface
emissions as seen by the measurements (see section 4.2).
We therefore employed a variety of land use and agricultural
activity maps to provide independent information on the
spatial patterns and source strengths of California N2O emis-
sions. The auxiliary maps include (1) California land use
maps; (2) California dairy farm density, urban, highway,
interstate, and airport maps; (3) California county-based
livestock and crop data; (4) global cropland/pasture maps
and fertilizer/manure application rate maps; and (5) Califor-
nia county-based fertilizer tonnage reports (data sources:
California Department of Water Resources (CDWR); Cal-
Nex project website (http://www.esrl.noaa.gov/csd/calnex);
National Agricultural Statistics Service; Potter et al., 2010;
Ramankutty and Foley [1999]; and California Department
of Food and Agriculture). The CDWR land use dataset par-
titions agricultural land into over 70 crop categories and land
types including semi-agricultural, urban, native, and unclas-
sified areas. Those categories (summarized in Table 2) cover
in great detail the major terrestrial sources for N2O, both nat-
ural and anthropogenic. Maps are available in geographic
information system shapefiles with reported spatial resolu-
tion of 1m and accuracy of 15m.
[20] All auxiliary maps are gridded or regridded to 0.1� �

0.1� resolution in order to couple with the STILT footprint
maps. The gridded maps contain information on area cover-
age (e.g. CDWR maps), number density (e.g. number of
cows), activity strength (e.g. fertilizer application rate), or
index per grid cell (e.g. line sources such as highways and
interstates) for each potential source. Gridding for point/line
sources degrades their spatial resolution but still preserves
the overall distribution pattern. One disadvantage of these
maps is that there exist no associated emission factors or rate
information. Hence, we derive emission rates for each of
several selected major land categories for CalNex flight
observations under the assumption that the emission rate is
the same for individual source type throughout California
at a given time. In reality, however, N2O emissions may be
heterogeneous and condition specific. Climatological fac-
tors, especially soil water content, can also influence soil
emissions. Considering the particular time period and the
location of this study, spatial variations in soil moisture will
mostly reflect differences in irrigation (and hence the land
use) more than variations in regional climate. Because of
the aggregation provided by atmospheric transport and the
wide areas that we sampled, our estimates of emission rates
are expected to be representative of emissions associated
with the land uses at the locations in California that contrib-
ute most to our observed atmospheric enhancements.

3.5. Statistical Optimization

[21] We used SMLR to assess the relationships between
observed concentrations and sources of N2O. In SMLR,
the explanatory variables are the modeled contributions
either from the subcategories of the EDGAR and GEIA
emission inventories or from the modeled land source/
human activity influences defined by the auxiliary spatial
datasets. The observed values in SMLR are the N2O
enhancements, calculated by subtracting the modeled back-
ground from the flight observations. We select major source
types in a forward stepwise way based on the Akaike’s
Information Criteria (AIC) [Akaike, 1974] and use nonnega-
tive least squares to constrain the regression coefficients to
be nonnegative [Lawson and Hanson, 1987]. Stepwise AIC
for variable selection was shown mathematically to lead to
the same method as partial F test [Yamashita et al., 2007].
The AIC statistics tests the significance of each variable and
adds a penalty for the increasing number of variables in the
model to prevent overfitting. Rates of soil uptake of N2O are
expected to be insignificant [Syaklia and Kroeze, 2011], so
we do not allow negative variable contributions in the regres-
sion. This method is performed iteratively until all remaining
predictors are considered insignificant (F limit< 4).

4. Results and Discussion

4.1. Transport Model Evaluation

[22] Constraints on source strength and associated uncer-
tainties are sensitive to different aspects of the transport
model, and these sensitivities must be considered on a case
by case basis [Nehrkorn et al., 2010; Lauvaux et al.,
2009]. We evaluated WRF-STILT model outputs by check-
ing WRF PBLH against P-3 in-situ observations and by
comparing STILT footprints derived from the two different
WRF outputs. In this study, STILT uses the PBLH parame-
ter directly from WRF to calculate footprints. We find the
modeled WRF PBLH to be generally representative of the
in-situ PBLH, which is determined from 90 vertical flight
profiles during the daytime and over land by referencing to
a suit of meteorological parameters and tracer gases measured
on the P-3. Mean PBLH differences from the Central Valley
flights (model - in situ) are -101.9� 262.1m (1 standard
deviation) for WRF 23 and -169.4� 341.7m for WRF 9.
This bias (-13% on average) may contribute to errors in the
retrieved emission fluxes. But lacking a true ensemble of
WRF-STILT models, one cannot give quantitative error bars
for this. Some minor issues in WRF PBLH cannot be
neglected, such as the nighttime and coastal low values, vari-
ability over small regions, and slightly different performance
between the Los Angeles region and the Central Valley
region. These issues all contribute to errors in simulation of

Table 2. California Land Use Classes and Subclasses from CDWR

Class Subclass

Agriculture Grain and hay crops Truck, nursery, and berry crops
Deciduous fruits and nuts Citrus and subtropical

Rice Field crops Pasture Vineyards

Semi-agriculture Farmsteads, livestock feed lot operations, dairies and poultry farms
Urban Residential Commercial Industrial Landscape Vacant
Native Vegetation Riparian vegetation

Water surface Barren and wasteland
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the transport model and are difficult to quantify. Horizontal
and vertical winds are another important WRF input to STILT
trajectory simulations. WRF outputs modestly overestimated
horizontal wind speed [Angevine et al., 2012], which may
result in slightly low footprints around the receptor locations
and extended footprint areas. The combined impacts of these
meteorological variables on the transport model show up in
the calculated footprint maps.
[23] We compare the footprint maps from WRF 9 and

WRF 23 runs, and they show similar spatial patterns for
the surface influences, with inferred sensitivity of WRF 23
footprints slightly larger within the Central Valley for most
of the flights (Figure 2). The larger footprint from WRF 23
is in accordance with its deeper PBLH in the Central Valley
[Angevine et al., 2012]. We set STILT to output footprint
maps at 0.1� � 0.1� spatial resolution in order to distinguish
land sources and to be coupled to EDGAR 4.
[24] The mean footprint maps revealed strong local influ-

ences from the Central Valley, which allow us to constrain
agricultural area N2O emissions of California. The resem-
blance in both magnitude and spatial pattern of the mean
footprints from the two WRF runs builds our confidence in
the reliability of the transport model results. Meanwhile,
the modest discrepancies between the N2O enhancements
inferred from these two footprints allow a straightforward
estimation of the meteorology-introduced uncertainties on
our final results.

4.2. N2O Emission Inventory Evaluation

[25] We evaluated the EDGAR 4, EDGAR 2000, GEIA,
and DLEM inventories for California by coupling them to
WRF-STILT and comparing modeled concentrations to
observations during the Central Valley flights. All of the
inventories indicate widespread N2O emissions within the

Central Valley and predict a very heterogeneous source
distribution across the state (Figure 3). EDGAR 2000
and GEIA indicate strong urban emissions from the San
Francisco Bay area and the South Coast Air Basin. With
100 times increased spatial resolution, EDGAR 4 appears
to single out the northern part of the San Joaquin Valley,
the Silicon Valley, and the costal part of the Los Angeles
region among the strongest N2O source regions, with emis-
sion rates as high as 1 nmol/(m2 s). DLEM only simulates
soil and agricultural sources and does not show industrial
emissions in San Francisco and Los Angeles areas. It shows
high emissions in the southern San Joaquin Valley, likely
due to manure management of dairy farms that are concen-
trated in that area.
[26] Inventories that provide one value throughout the year

(i.e. EDGAR and GEIA) all underestimate the California N2O
emissions that we observed in May and June. Figure 4 shows
an example of the model data mismatch on the May 12th
flight. The measurements (in black) exhibit surface N2O
enhancements on the order of 2 ppb and free tropospheric/
mountain air as low as 325 ppb. The simulated N2O signal
concentrations (in orange) using the WRF 9 meteorology
and the EDGAR 4 inventory are considerably low and poorly
correlated with the observations, indicating both a mismatch
of the spatial distribution of emissions and underestimation
of the magnitudes. Similar results are found for EDGAR 4,
EDGAR 2000, GEIA, and DLEM inventories for all six
Central Valley flights.
[27] Source optimizations are conducted on the EDGAR 4

inventory subcategories using the SMLR method. We test
the significance of contributions upon the subcategories
and find that the agricultural management, road transporta-
tion, and livestock categories make the largest contribution
to the observed N2O enhancements (for both WRF 9 and

−12 −120−124 −119

35

42
41

36
−120−125

37

42

−119−124

35

40

May 11

−124 −119

36

42

May 12

−125 −120

43

38
May 24 June 14 June 16 June 18

0

2

4

6

8

10

12

unit: ppb/(umol/m2s)

unit: ppb/(umol/m2s)

a) WRF 9

b) WRF 23 - WRF 9

< −4

−2

0

2

> 4

Figure 2. (a) Mean footprint maps averaged for all receptors for each Central Valley flight, calculated
from WRF 9 coupled with STILT. (b) Mean footprint differences between WRF 23 and WRF 9. These
WRF footprint differences, if coupled to the EDGAR 4 emission inventory, result in the mean differences
of simulated N2O for each flight of no more than 0.13 ppb.

XIANG ET AL.: CALIFORNIA N2O EMISSIONS

2814



WRF 23). The optimized results, however, still miss most of
the high N2O events in both time and magnitude. This indi-
cates that EDGAR 4 underestimates emission strengths and
has incorrect spatial distributions of sources in California.
Conclusions for EDGAR 2000 and GEIA are similar: The
poor correlations with the time series of observations are
not markedly improved by the SMLR optimization of emis-
sions categories, indicating likely erroneous representations
of the spatial patterns in all of these inventories.

4.3. Model Optimization Using California Land Use
and Activity Maps

[28] In order to improve the model representation of
observations and to infer more accurate N2O regional emis-
sions from flight observations, we incorporate the auxiliary
maps described above as predictor variables in our optimiza-
tion statistics. California land use maps are coupled to foot-
print maps, and associated influences summed up to give the
total influences of certain land use types at the receptors.
Source types that contribute to the enhanced CalNex signals
were selected using SMLR. The resulting regression coeffi-
cients represent the emission factors/rates for each land type.
The regression intercept represents an estimate of the N2O
concentration enhancements transported over land from out-
side California, which may be compared to our boundary

values. The scaled auxiliary spatial datasets sum to produce
an estimated N2O source map for California.
[29] Model data comparisons are improved by the use of

auxiliary land use maps compared to emission inventories,
as indicated by the red line in Figure 4. California land use
maps of truck crop (noted as T in CDWR), rice (R), cows,
native water (NW), and urban commercial (UC) are selected
by the AIC as the top contributing sources to the flight
observations. From Figure 4, the optimized model now cap-
tures the peak signal positions most of the time, with errors
up to 25% in magnitude for some events. Besides the
transport model error, this magnitude mismatch might also
suggest nonuniform flux rates for the same land type or tem-
poral variability in the sources. In particular, N2O fluxes can
spike rapidly after rainfall and fertilizer application [Dobbie
and Smith, 2003]. This type of enhancement cannot be
captured by the optimization because the data cannot con-
strain so many degrees of freedom. The model shown here
explained 54% (R2) of the observed variance, with the resid-
ual attributed to undefined temporal events and uncontrolled
factors, such as environmentally sensitive emission rates and
meteorological uncertainties.
[30] The categorical contributions to N2O signals are shown

in the lower plot of Figure 4. The crop category (T+R) pro-
vides the most variability and contributes up to 1.4 ppb N2O
to the measured signals, suggesting that fertilizer application
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Figure 3. Emission inventory maps over California. DLEM map is the 2month average of daily output
for May and June in 2008.
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and agricultural management are the biggest N2O source in the
Northern San Joaquin Valley. The general emissions rate for
crops is 0.02 mmol/(m2 s), which is within the literature
reported range of 10�4 and 0.12 mmol/(m2 s) [Yanai et al.,
2003; Turner et al., 2008]. The second contributing source is
native water (NW), resulting from leaching and runoff of fer-
tilizers, as well as aquatic microbial processes [Seitzinger
and Kroeze, 1998, and references therein]. Crop and native
water categories together contributed over 80% of the simu-
lated N2O signal. We checked our model performance (the
coupled surface fluxes andWRF-STILT) on the regional scale
by plotting vertical profiles of N2O for a total of three P-3 flight
profiles in the Northern San Joaquin Valley (Figure 5); these
data were not used in the SMLR. The good agreement of the
model vertical gradient with observations demonstrates the
overall ability of the model and the source optimization frame-
work. The model over the Walnut Grove Tower captures the
vertical distribution very well, though with a positive bias.
This is likely a boundary condition issue, where the adjusted
NOAA boundary misrepresents the upwind N2O concentra-
tions of the corresponding receptors.

4.4. California N2O Emissions

4.4.1. Major Sources
[31] Major N2O emission sources in California are domi-

nated by fertilizer application, leaching, and runoff, inferred
from CalNex Central Valley flight observations. We con-
ducted the same SMLR statistical optimizations for each of
the six agricultural flights and also for combined flight
observations using the two WRF meteorological fields.
The resulting major land use categories and the associated
model data correlation coefficients are summarized in

Table 3. Our optimized results for each flight are very sim-
ilar for the two WRF models. Poor model representations
for a few flights can be attributed to meteorological model
errors, for example, the case of low nighttime PBLH from
WRF for May 24th flight or low coastal PBLH for the June
18th flight.
[32] There may be additional important transient N2O

emissions that we do not account for explicitly, such as the
flooding of rice field and the coastal ocean upwelling. Miss-
ing short-term emission sources could be the reason for poor
model optimization results for June 14 and 18. The June
14th flight was a revisit to the rice fields in the Sacramento
Valley, and significant N2O enhancements were observed
from this flight compared to the May 11th flight (see
Figure 1). MODIS satellite images reveal extensive flooding
in this area at the end of May, and rice planting and growth
afterward in June [Peischl et al., 2012]. The enhanced N2O
signals seen by the P-3 might be attributed to stimulation
of nitrogen cycle processes by inundation and fertilizer ap-
plication during rice planting. This possibility is supported
by the simultaneously observed CH4 enhancement observed
by QCLS-DUAL on the P-3, which is coemitted from the
flooded rice fields [Cai et al., 1997; Khalil et al., 1998].
Coastal ocean upwelling of N2O-rich water can also be a sig-
nificant source to the June 18th flight measurements (see
Figure 2) and possibly to the overall atmospheric boundary.
Nevison et al. [2004] suggested that coastal upwelling could
contribute up to 2 ppb N2O, comparable to the values we
observed in CalNex during some coastal flights. We tested
this effect by including the California coastal area (within
100 km offshore) as a land use category in the SMLR analy-
sis. Results show that coastal ocean upwelling could explain
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on average 0.2 ppb (WRF 9) and 0.3 ppb (WRF 23) of the
observed N2O signal on June 18, but the effect was rela-
tively small overall.

4.4.2. Emission Maps and Statewide Total Emissions
[33] We estimated California N2O emission maps for the

months of May and June separately, derived from the CalNex

Table 3. Land Use/Cover Categories Identified as Significant N2O Sources to CalNex Agricultural Flight Observations, Derived from
Two WRF Outputs

Flight
Meteorology

(WRF) Land Use/Cover R2 b

R2 (Single Scaling)

EDGAR4 GEIA

May 11 Sacramento Valley 9 fertilizera, G, V, UC, C 0.43 0.003 0.02
23 fertilizer, NR, V, UR 0.49 0.02 0.01

May 12 Northern San Joaquin Valley 9 T, R, cow, NW, UC 0.54 0.14 0.07
23 T, R, cow, NW, interstates 0.53 0.19 0.11

May 24 Southern San Joaquin Valley 9 NW, interstates 0.16 0.008 0.07
23 R, S 0.10 0.003 0.005

June 14 Sacramento Valley 9 NR, UL, NW, R, G, V 0.36 0.16 0.06
23 F, NR, UI7 0.26 0.06 0.07

June 16 Southern San Joaquin Valley 9 V, UR, cow, UL, C 0.57 0.28 0.26
23 V, UR 0.57 0.39 0.33

June 18 Northern San Joaquin Valley 9 urban, ocean upwelling 0.26 0.21 0.26
23 urban, ocean upwelling 0.25 0.22 0.26

May Flights(5/11, 12, and 24) 9 R, G, cow, manure, interstates 0.31 0.17 0.15
23 T, R, cow, interstates 0.38 0.12 0.13

June Flights(6/14, 16, and 18) 9 V, R, cow, urban, UL, C 0.34 0.13 0.10
23 V, NV, railroads 0.29 0.23 0.19

All Flights(5/11, 12, 24, and 6/14, 16, 18) 9 UL, cow, R, C, V, interstates 0.33 0.16 0.10
23 cow, NW, interstates, UL, R 0.29 0.25 0.22

aFertilizer, global fertilizer application map [Potter et al., 2010]; G, grain and hay crops (CDWR); V, vineyards (CDWR); UC, urban commercial
(CDWR); C, citrus and subtropical (CDWR); NR, native riparian vegetation (CDWR); UR, urban residential (CDWR); T, truck, nursery and berry crops
(CDWR); R, rice (CDWR); cow, California cow map (CalNex website); NW, native water surface (CDWR); interstates, California interstates map (CalNex
website); S, semi-agricultural and incidental to agriculture (CDWR); UL, urban landscape (CDWR); F, field crops (CDWR); UI7, the oil refineries subcat-
egory of urban industrial (CDWR); urban: California urban map (CalNex website).

bAll correlations in this column are significant with P<< 0.001.
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airborne observations. We choose flights with better model
representation of the observations in each month, which are
on May 12 and June 16 (Table 3), to construct these maps.
The selected land use maps (first multiplied with the derived
coefficients) are summed up at each grid cell to give the total
flux map. For each flight, we plotted the optimized mean flux
map from WRF 9 and WRF 23 outputs within the influential
areas, shown in Figure 6. These constructed maps are com-
pared to EDGAR 4, which has the highest spatial resolution
among current N2O inventories, and the differences are also
plotted in Figure 6.
[34] The N2O flux maps from this study show quite differ-

ent spatial patterns versus the EDGAR 4 inventory and also
show variation between the May and June flight dates. The
modeled maps capture spatially extensive sources from
the Central Valley, as well as grid cell scale sources near
the mountains in the north. The model indicates concentrated
high emissions in the Northern San Joaquin Valley in mid-
May, which are absent in June. The Sacramento Valley and
the Southern San Joaquin Valley have more sporadically dis-
tributed sources in mid-June. This suggests that the peak crop
N2O emissions in California are in May, earlier than the Great
Plains and the Midwest agricultural area [Miller et al., 2012],
as might be expected from the longer-growing season in
California. The concentrated N2O sources in the northern

Central Valley from the May 12th model have emission
rates over 4 nmol/(m2 s) higher than those from EDGAR 4.
The modeled June 16th map shows that the northern Central
Valley has passed its growing peak but still maintains broad
emissions at around 1 nmol/(m2 s), close to the EDGAR 4
values. This emission transition feature does not show up
in EDGAR or GEIA because of the lack of seasonality in
these inventories.
[35] If we assume the same source contributions and apply

these optimization results from the flight footprint areas to
all of California, statewide N2O emissions in May (based
on all three May flights) would be 0.0096 Tg N using
WRF 23 and 0.0110 Tg N using WRF 9, and in June (based
on all three June flights) would be 0.0060 Tg N using WRF
23 and 0.0059 Tg N using WRF 9. The 95% confidence
intervals for these budget estimations are (0.0086, 0.0106),
(0.0092, 0.0127), (0.0052, 0.0068), and (0.0053, 0.0065)
Tg N, respectively, obtained from bootstrapping the linear
regressions under each case. The uncertainties from meteo-
rology (up to 22% based on WRF 23 and 9 comparisons)
and from the statistics (up to 15% based on bootstrap results)
together contribute ~27% errors to the estimated emissions,
which are modest compared to the increase between
EDGAR 4 and our optimized results in May and June.
To estimate the annual budget, we extrapolate the derived
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Figure 6. California N2O emissions maps, inferred fromMay 12th flight and June 16th flight. Upper plots:
Model-derived flux maps (absolute scale) within the footprint area. White areas had no influences on the
aircraft observations; they do not mean zero surface fluxes. Values less than 0.1 nmol/(m2 s) are displayed
in gray. Lower plots: N2O flux difference maps between model and EDGAR 4 within the footprint area.
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May and June emissions by using the seasonal variations of
N2O emissions observed in the midwest United States
[Miller et al., 2012] as a rough approximation to those in
California, since we do not have observations covering the
rest of the year. The average emissions in May and June
are 2.3 times as high as the annual mean in that study. Our
derived 2month statewide budget is then scaled to an annual
emission of 0.042� 0.011 Tg N, larger than the total given
by EDGAR 2000, EDGAR 4, GEIA, and the California
2009 GHG emission inventories by factors of 1.14, 1.62,
1.62, and 1.31, respectively. This value is about 30% lower
than the total for DLEM (Table 4). Note that the underlying
spatial distributions in EDGAR, GEIA, and DLEM appear
to be significantly in error for May and June, and the real
spatial patterns may be expected to vary by season. Our
estimated total emission values could be better constrained
by conducting observations over multiple seasons and by
better characterizing urban emission sources from CalNex
urban flight analysis.

5. Conclusions

[36] This study provides high-resolution top-down N2O
source constraints for California. We find that existing
regional and global N2O inventories underestimate terrestrial
fluxes and predict incorrect spatial distributions during the
crop-growing season. We present a top-down estimate of
emissions by optimizing our model data framework using
land use maps and activity categories to provide an adaptive
spatial representation of sources with low dimensionality.
Our results suggest strong seasonal variations of total emis-
sion flux for N2O in California during the peak agricultural
growing season, with fluxes 3–4 times larger than the sea-
sonally invariant values given by EDGAR and other inven-
tories. The extrapolated annual California N2O emission is
0.042 � 0.011 Tg N, roughly 1–2 times the annual totals
given by EDGAR, GEIA, and the California 2009 GHG
Emission Inventory. To further characterize the seasonality
and the strength of the California N2O sources, long-term
monitoring of N2O concentrations is needed with greater
spatial coverage. Our study supports the view that agricul-
tural activities provide large sources of N2O in California
and that future N2O mitigation strategies in California
should focus on this sector.
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