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Abstract The US Corn Beltis a global hotspot of atmospheric ammonia (NH;), a gas known

to adversely impact the environment and human health. We combine hourly tall tower (100 m)
measurements and bi-weekly, spatially distributed, ground-based observations from the Ammonia
Monitoring Network with the US National Emissions Inventory (NEI) and WRF-Chem simulations to
constrain NH; emissions from April to September 2017-2019. We show that: (1) NH; emissions peaked
from May to July and were 1.6-1.7 times the annual NEI average; (2) average growing season NH;
emissions from agricultural lands were remarkably similar across years (3.27-3.64 nmol m~>s™"), yet
showed substantial episodic variability driven by meteorology and land management; (3) dry deposition
was 40% of gross emissions from agricultural lands and exceeded 100% of gross emissions in natural lands.
Our findings provide an important benchmark for evaluating future NH; emissions and mitigation efforts.

1. Introduction

As global demand for food, fiber, and biofuels rises, the upstream application of nitrogen fertilizer and
production of livestock have also increased. Coinciding with these increases, ammonia (NH;) emissions
have risen by 500% in the past century and are projected to increase by 50% between 2000 and 2050 (Bou-
wman et al., 2013; Warner et al., 2017; Yu et al., 2018). Atmospheric NH; has been associated with neg-
ative human health and environmental impacts, including eutrophication/acidification and biodiversity
loss (Galloway et al., 2008; Sebestyen et al., 2019; Sutton et al., 2013). Dry deposition of NH; emitted from
agricultural sources often drives these adverse impacts on natural ecosystems (Sheppard et al., 2011; Warner
et al., 2017). There is a need, therefore, for robust evaluation of NH; emissions and dry deposition within
agricultural regions.

In the United States (US), the Corn Belt is considered an NH; emission hotspot (Li et al., 2016; Paulot
et al., 2014; Warner et al., 2017), accounting for ~35% of US agricultural NH; emissions in 2014 (EPA, 2014).
Relatively few regional-scale studies have attempted to quantify US Corn Belt NH; emissions. Previous
efforts to constrain emissions in this region have utilized a number of different approaches (Gilliland
et al., 2003; Griffis et al., 2019; Paulot et al., 2014; Zhu et al., 2013); despite these efforts, regional NH; emis-
sion uncertainty still remains high (i.e., from 20% to >50%, see supporting information) in terms of both
the seasonality and magnitude. Further, few studies have attempted to quantify multiyear emissions and
deposition fluxes for this region (Li et al., 2016).

Many factors drive NH; emission uncertainties. Flux observations show that NH; emissions respond strong-
ly to environmental conditions including soil properties, air temperature, and canopy characteristics (Bash
et al., 2013; Shonkwiler & Ham, 2018; Walker et al., 2012). However, many inventories, including the US
National Emissions Inventory (NEI, https://www.epa.gov/air-emissions-inventories/), do not incorporate
the dynamics of local environmental conditions into emission estimates (Goebes et al., 2003). Errors can
also arise from uncertainties in the spatial distribution of emissions, local fertilizer/manure application
times, and emission factors (EFs). For example, one analysis estimated the EF of nitrogen solutions at 3.2%,
much smaller than the 8% used in the NEI (Balasubramanian et al., 2015, 2017). An additional understud-
ied source of uncertainty is the seasonal and interannual variability of NH; emissions, deposition, and
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atmospheric concentrations. Given the above issues, there is a continuing need to evaluate NH; emission
estimates with multiyear observations to help benchmark regional emissions.

One approach to reducing the uncertainty in NH; inventories is through high temporal resolution NH; ob-
servations. Most of the atmospheric physical/chemical processes affecting NH;, such as emission, aerosol
uptake, and deposition occur on hourly timescales (Ackerman et al., 2019; Dammers et al., 2019). Field
measurements of NH; can thus be used to constrain emissions on a local-to-regional scale (Bie et al., 2018;
Fu et al., 2017). High frequency NH; observations from tall towers have the potential to improve regional
NH; emission estimates due to their greater spatial footprint and higher temporal resolution than tradition-
al ground-based filter observations (Hu et al., 2019; Moravek et al., 2019). The large spatial footprint also
helps minimize aggregation error when comparing tall tower observations with modeled concentrations.
However, tall tower atmospheric NH; observations remain relatively rare in the US (Griffis et al., 2019; Te-
vlin et al., 2017) and elsewhere (Dammers et al., 2017).

The Corn Belt is estimated to have the highest nitrogen deposition rates in the US, with dry NH; deposition
accounting for approximately 50% of the total N deposition (Li et al., 2016). The interannual NH; variability
over this hotspot and the resulting impacts on atmospheric NHj; distributions and downwind deposition
remain poorly quantified (Heald et al., 2012; Li et al., 2016; Schifer] et al., 2016; Walker et al., 2012). Our
previous work evaluated regional NH; emissions in November of 2017 and 2018, and demonstrated that
multiyear tall tower NH; observations can provide valuable insights into NH; emissions and dry deposition
(Hu et al., 2019). Here, we combine three years of tall-tower data and ground-level NH; observations with
chemical transport model (WRF-Chem) simulations to: (1) constrain NH; emissions in the US Corn Belt
during the growing season (April to September) and their interannual variability; and (2) Investigate the
magnitude of NH; dry deposition downwind of agricultural regions. Such efforts are needed to constrain
NH; budgets and to provide an evaluation benchmark for future NH; mitigation efforts.

2. Materials and Methods
2.1. Tall Tower Site

The US Corn Belt is defined here as all or parts of Minnesota, Iowa, Illinois, Missouri, Ohio, Indiana, South
Dakota, Wisconsin, and Nebraska. In this region, the primary agricultural practice is corn-soybean rotation
(Green et al., 2017). Atmospheric NH; concentrations were measured at 100 and 56 m above ground level
at the KCMP tall tower (44.689°N, 93.073°W, tower base is 290 m above sea level), which is located near
the northern border of the US Corn Belt in Minnesota (Griffis et al., 2019; Figure 1a). According to the US
Department of Agriculture Cropland Data Layer data for 2019, land use within the tall tower main con-
centration footprint (i.e., ~100 km radius) consists of 42% cropland, 38% natural land (forests, pasture, and
grassland), and 20% developed lands or open water.

2.2. WRF-CHEM Modeling

We used the Weather Research and Forecasting with Chemistry (WRF-Chem, version 3.9.1.1) model to sim-
ulate NH; mixing ratios and other atmospheric chemical and physical parameters from April 1 to Septem-
ber 30 in years 2017-2019. Three nested spatial domains were used, with horizontal resolutions of 45, 15,
and 5 km following Hu et al. (2019). WRF-Chem employs the Carbon Bond Mechanism version Z (CBMZ
without DMS) and the MOSAIC gas-particle partitioning module (Zaveri et al., 2008). Annual anthropo-
genic emissions for years 2017-2019 were derived by scaling the NEI 2011 inventory according to EPA
annual emission trends between 2011 and 2017. Since the scaling data was unavailable for 2018 and 2019
when this study was conducted, the scaled 2017 emissions were used for all years. Monthly NH; emission
variations (which are not included in NEI) were incorporated based on the EDGAR (Emission Database for
Global Atmospheric Research, Olivier et al., 1994) htap v2 data set (Table S1) for the year of 2012, with the
normalized EDGAR seasonality applied to the annual NEI data to derive the monthly a priori emissions,
which are the same for each year. We have selected htap v2 because it provided more reasonable monthly
variations than the other EDGAR products and is also consistent with our previous work (Hu et al., 2019).
The uncertainties in the a priori NH; emissions and the influence of not accounting for bi-directional flux
in WRF-Chem are also discussed in the supporting information.
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2.3. NH; Mixing Ratio Observations

Tall tower NH; mixing ratios have been measured near-continuously at 100 m since March 2017 and contin-
ue as of December 11, 2020 (for details see Griffis et al., 2019). Air samples are pulled continuously down the
tower, subsampled, and measured using an off-axis cavity ring-down spectrometer (EAA-30-EP, Los Gatos
Research, San Jose, CA, USA). The measurement apparatus has a precision of 0.25 ppb over a 100 s aver-
aging period (Griffis et al., 2019). Hourly and daily average mixing ratio values were used for comparisons
with model results. In addition, bi-weekly ground-level NH; observations from six Atmospheric Ammonia
Network (AMoN) sites were used to evaluate NHj; spatial distributions simulated by WRF-Chem, which
represents the average NH; every 2 weeks. Seven AMoN sites are located within Domain 2 (Figure 1a), but
because 2 months of observations were unavailable for the IL37 site, it was not used in this study. Three of
the sites are located within Domain 3. The six sites represent distinct land uses including: remote forest/
grassland (MN18, WI07), urban (IN99), and agricultural (WI35, NE98, IL11) (Yu et al., 2018). Although Yu
et al. (2018) classified WI07 (a wetland site) as remote, ~37% of its surrounding area (i.e., within 50 km) is
occupied by agricultural fields (Figure S1). We therefore classify it as an agricultural site (Section 3.2).

2.4. Model Evaluation

Previous work has shown that the WRF-Chem configuration above can reasonably represent several key
diagnostic variables for our region of study including PM, s, 2 m air temperature (T,y,), relative humidity
(RH), wind speed (WS), and wind direction (WD) (Hu et al., 2019). Further details and statistics regarding
these variables and planetary boundary layer height (PBLH) observations and simulations are shown in the
supporting information (Figures S2-S4, Table S2).

3. Results and Discussion
3.1. Observed and Modeled Hourly NH; Mixing Ratios

Observed hourly NH; mixing ratios at 100 m are compared with WRF-Chem predictions in Figure S5. The
model generally captured the observed variability in NH; concentrations (with some notable exceptions
during May to June in 2018 and May to July in 2019), with the root mean square error (RMSE) of 3.68,
6.86, and 5.10 ppb and coefficient of determination (R of 0.30, 0.10, and 0.28 for 2017, 2018, and 2019,
respectively. These analyses demonstrate the ability of WRF-Chem to capture the influence of weather pat-
terns and atmospheric physical/chemical processes. We observed some episodic spikes in NH; mixing ratios
that were not captured by the model, possibly caused by the inability of the prescribed monthly emissions
to represent the true dynamics of changes in hourly emissions for some special conditions. Larger mod-
el-measurement discrepancies are seen during the months of May and June. When excluding these months,
the RMSE decreased to 2.24, 5.36, and 4.21 ppb and the R? increased to 0.34, 0.17, and 0.30 for 2017, 2018,
and 20109, respectively. For the daily averages, the R? increased to 0.53, 0.25, and 0.44, respectively, and the
RMSE decreased to 2.12, 4.46, and 3.71, indicating better performance at longer time scales. Overall, these
results point to a low model bias in the a priori emissions for these months as discussed later in Section 3.2.

Since the tall tower is located within a transition zone between an agricultural and nonagricultural region
(Figure 1a), changes in wind direction can be used to diagnose NHj; source contributions. To this end, NH;
wind direction roses were calculated using both observed and simulated NH; mixing ratios (Figure S6a-
S6f). The simulations show lower NH; mixing ratios for northerly winds, suggesting the relatively low NH;
emissions from the forested and developed areas north of the site. Higher NH; mixing ratios were simulat-
ed during southerly winds, showing the influence of higher NH; emissions from the agricultural regions
south of the site. In the tall tower NH; observations, similar wind direction trends were observed in 2017

Figure 1. (a) Land use categories for agricultural and forest area proportion within the study domain with the

tall tower location displayed with a blue “x.” AMoN sites are shown as black triangles; (b) model-measurement
comparisons of monthly mean NH; mixing ratios (shading is added to highlight large model—measurement
discrepancy in May and June); and time series averages across the six sites with shaded standard deviations for (c) 2017,
(d) 2018, and (e) 2019.
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(Figure S6a). Directional trends were less clear in the observations from 2018 to 2019 when much larger
NH; values occurred in the observations than simulations, indicating potential bias of the a priori NH;
emissions, that is, the on-road vehicle NH; emissions in north Saint-Paul-Minneapolis Metropolitan area.
Statistical distributions of both observed and simulated NH; mixing ratios (Figure S6g) show that most
hourly values fell between 1 and 3 ppb, with observations during 2018 and 2019 exhibiting a much higher
frequency of elevated NH; concentrations than predicted by WRF-Chem.

3.2. Bi-weekly and Monthly NH; Mixing Ratios

Comparisons between observed and simulated monthly mean NH; mixing ratios are shown in Figure 1b
and Table S3. The model results exhibit relatively little interannual variability, with the largest relative dif-
ference (44%) between April 2017 and 2018. Within the observations, greater monthly interannual varia-
tions were observed. Since the same a priori emissions are used in the model for a given month regardless of
year, simulated interannual differences are driven mainly by atmospheric physical/chemical processes and
weather patterns. As a result, the strong model underestimate of interannual NH; variability points to emis-
sion fluctuations as the primary driver of the observed interannual variability, assuming the model simulat-
ed physical/chemical processes have relatively small bias, which will be discussed in greater detail below.

AMOoN observations were compared with WRF-Chem predictions by averaging the model output over the
bi-weekly sampling intervals (Figures S7a-S7c). For each year, ~78 observations (13 observations for each
site) were used. These comparisons illustrate the general agreement of the WRF-Chem output with AMoN
data, which is slightly better than for the higher resolution tall tower data. This is because the high-fre-
quency variability in emissions and atmospheric physical/chemical dynamics is smoothed by averaging
over bi-weekly timescales. This suggests that WRF-Chem may be better able to capture the bi-weekly NH;
averages than the short-term variability. Simulations consistently overestimated NH; mixing ratios at WI07.
They were 59%, 40%, and 48% higher than observations for 2017, 2018, and 2019 respectively, but displayed
no consistent systematic bias for the other sites. As discussed earlier, WI07 is classified as a remote site, but
in fact is subject to significant agricultural influence with much higher NH; than the remote site MN18
(Figures S1 and S7). It is also located at the east boundary of the agricultural domain (Figure 1a). The per-
sistent model bias at this site suggests an a priori NH; emission overestimate or deposition underestimate
for this locale. Averaging over all AMoN sites, the simulations were biased low on average during May (48%
lower than the observations for the 3 years) and June (13% lower), very similar to the tall tower results
(Figures 1c-1e). Conversely, the simulations exhibited a high bias in August (44% higher) and September
(23% higher).

The WRF-Chem low NHj; bias during May and June could be driven by one or more of the following errors:
(1) overly strong simulated vertical mixing (or higher PBL overestimate); (2) overestimated NHj; loss to dry
deposition; (3) overestimated NHj; loss to aerosol uptake; and/or (4) underestimated NH; emissions. Fur-
ther, the model overestimate during August and September could similarly be explained by the converse of
any of these. Our first hypothesis is that the EDGAR seasonality scaling is incorrect.

As shown in Figure S3, the modeled PBL variations are generally consistent with observed hourly, diurnal,
and daily averages, with R> = 0.64 (P < 0.001), and relative bias around 10% for both periods for hourly
comparisons. Additionally, the relative accuracy of PM, s simulations also imply accurate PBL simulations
because PM, s concentrations are strongly affected by boundary layer height (Figure S4) (Liu et al., 2020).
This suggests that PBL errors are not driving the WRF-Chem NH; underestimates during May to June and
August to September. Although seasonal changes in canopy characteristics can influence deposition veloc-
ity, the simulated agricultural land NH; dry deposition velocities (hereafter V) in May to June were only
slightly higher (12%, 6%, 7% in 2017, 2018, and 2019) than in August to September (Table S4), suggesting
that deposition is not likely driving the May to June model underestimates and August to September over-
estimates. Lastly, the simulated and observed NH,NO; for the three EPA operated sites (https://ags.epa.gov/
api) (Figure S8), were similar and relatively low (generally less than 0.5 ug/m?, equal to 0.14 ppb NH; and
relatively small compared with atmospheric NH;) when compared with observed and simulated gaseous
NH; (Figure S5). We conclude, therefore, that the seasonal model bias in NHj is driven by errors in the a
priori emissions. This likely reflects an underrepresentation of the agriculture/fertilizer NH; source, since
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synthetic fertilizer is applied regionally during May and June with dynamic environmental factors, includ-
ing air temperature, driving volatilization rates. These findings align with that of Paulot et al. (2014) who
attributed a spring emission peak to corn fertilization; those of Zhang et al. (2012) who concluded that NH;
emissions were highest from May to July based on multiple observational constraints; and Zhu et al. (2013)
who concluded that US NH; emissions in spring were systematically underestimated when EDGAR season-
ality was applied to the NEI inventory.

3.3. Constraining Monthly NH; Emissions

We next apply the model-measurement comparisons to develop an observation-informed estimate of re-
gional NH; emissions. We adjusted the NH; emissions and investigated the relationship between NH; emis-
sions and ground-level NH; mixing ratios. An additional modeling case was conducted for June to August
and is defined as the “base case.” Here, we used the annual averaged emission from NEI (adjusted for the
year using the EPA emission trends), but did not use the EDGAR monthly trends as in the previous case.
The simulations from the base case are compared with the original simulated case, hereafter defined as
the seasonal case, which used scaled monthly emission factors (Tables S1 and S5). While the NH; mixing
ratio changes between these simulations exhibit some spatial heterogeneity (Figures S9-S11), when aver-
aged over the two main land use categories in the region (forests and agriculture), the fractional mixing
ratio changes were highly similar to the corresponding emission changes. Specifically, in the seasonal case,
averaged NH; mixing ratios increased over the base case by factors of 1.44 (June), 1.55 (July), and 1.32
(August) over agricultural regions and by factors of 1.39 (June), 1.54 (July), and 1.47 (August) over forested
regions. These values are all within 10% of the corresponding monthly emission scale factors of 1.47, 1.64,
and 1.35 (Table S1). As discussed below, the majority of NH; is in the gas phase during spring to fall period
in the Upper Midwest and deposition rates do not vary much temporally. This near-linear dependence of
ground-level NH; mixing ratios on emissions indicates that the model-measurement concentration ratios at
the AMoN sites can be used to estimate a posteriori NH; emissions at the landscape scale, and the value of
10% indicates potential uncertainty for derived NH; emissions.

To give more reliable uncertainty of derived NH; emissions, we need to consider other factors especially for
simulated NH; dry deposition or ammonium particles. Previous work by Li et al. (2016) compared simu-
lated V4 by two different methods across the US and found a 1.9-folder difference. However, our previous
flux-gradient based observations indicated that the dry deposition is 30%-40% of gross NH; emissions (Griff-
is et al., 2019), and is consistent with simulated values of 41% for agricultural areas in this study. Further,
as discussed later in Section 3.4, our simulated dry deposition in the Upper Midwest also showed high
consistency with the independent results from Li et al. (2016). As shown in Figure S8, the mass density of
both observed and simulated particles were < 0.5 ug/ m? for NH,NOj particles and <1 ug/ m? for (NH,),SO,,
which is equivalent to 0.1 and 0.3 ppb of gaseous NH;, respectively. If we assume the relative uncertainty in
NH,NO; and (NH,),SO, particles is as large as 50%, the resulting gaseous NHj; biases are <1% and <3% and
relatively small compared to the observed NH; mixing ratios (>6 ppb as shown in Figures S5 and S6). The
potential uncertainties caused by NHj particles within the agricultural NH; dominated region are within
the uncertainty (20%) for the retrieved NH; emissions. Further, Li et al. (2016) reported that the dry deposi-
tion of NH; was <5% of dry deposition for gaseous NH;. Their observations further support our conclusions
that the simulation of NH} particles has a very small influence on the constraint of NH; emissions. Even
with the good performance of the above mentioned NH; dry deposition and relatively low NHj particle
mass concentration for the study period, we attributed a value of 20% as the uncertainty of the derived NH;
emissions.

We derive the a posteriori emission scaling factors by regressing the model output against the AMoN
ground-level NH; observations. Least squares based regression slopes were calculated using 3 years of
growing season AMoN data, with the corresponding scaling factors derived as the inverse of the slope (Fig-
ure S12, Table S6) (Bie et al., 2018; Fu et al., 2017). The mean scaling factors were 1.05 + 0.21, 1.80 =+ 0.38,
1.21 £ 0.05, 0.97 £ 0.08, 0.70 £ 0.01, 0.85 + 0.03 for April, May, June, July, August, and September, re-
spectively. Note that the standard deviation among the averaged three years represents an uncertainty of
about 20%, which reflects the influence of interannual variations in emissions. For April and July, the mean
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’;‘?z:)l;:gl Factors for the a Priori and Posteriori Monthly Scaling Factors From April to September for 3 Years

April May June July August September

Regression slopes 2017 0.76 0.56 0.84 0.94 1.41 1.16

2018 1.24 0.44 0.86 1.15 1.44 1.13

2019 0.99 0.74 0.78 1.03 1.45 1.23
Inverse of slopes 1.05 (£0.21) 1.80 (£0.38) 1.21 (£0.05) 0.97 (£0.08) 0.70 (£0.01) 0.85 (£0.03)

Priori scaling factors 1.09 1.02 1.47 1.64 1.35 1.03
Posteriori scaling factors 1.14 (£0.2) 1.75 (£0.4) 1.76 (£0.3) 1.64 (+£0.3) 0.95 (+0.2) 0.88 (£0.2)
Posteriori NH; emission Agricultural 2.91 (0.6) 4.45 (+0.9) 4.47 (£0.9) 4.17 (£0.8) 2.41 (0.5) 2.23 (+0.4)
Forested 0.07 (£0.02) 0.11 (£0.03) 0.11 (£0.03) 0.10 (£0.03) 0.06 (£0.02) 0.05 (£0.02)

Note. The unit for emissions is nmol m

NH3 emissions.

~*s7'. A 20% uncertainty should be considered for the derived scaling factors, Posteriori scaling factors and Posteriori

scaling factors were close to 1, suggesting almost unbiased model simulations. While for May and June,
the results suggested a large model underestimate of both NH; emissions and mixing ratios, and a model
overestimate for August and September. The resulting a posteriori emission scaling factors with respect to
the base case simulation indicates an emission peak between May and June, with scaling factors reach-
ing 1.76 (Table 1). By applying the monthly a posteriori emission scaling factors to the a priori NEI NH;
emissions, we derived the posteriori NH; emissions. These results indicate that growing season averaged
NH; emissions for agricultural regions were 3.64 + 0.7, 3.46 + 0.7, and 3.27 + 0.7 nmol m~2s~! for 2017,
2018, and 2019, respectively, and also suggest significant monthly variations in NH; emissions-especially for
the agricultural areas. The posteriori emission rates for agricultural lands were low in April (2.91 + 0.6 nmol
m~s7"), much higher from May to July (4.17 + 0.8-4.47 + 0.9 nmol m~> s™"), and then lower for August
(2.41 + 0.5 nmol m>s™") and September (2.23 + 0.4 nmol m™~>s™"). The posteriori emission peaks in May to
June and the a priori emissions peak in July. A recent inversion study in China also found that the agricul-
tural NH; emissions peak in May to June for Northeast and Northwest China, which has a similar climate
as our study area (Kong et al., 2019).

3.4. Interannual Variability of NH; Dry Deposition

The majority of the US Corn Belt is contained within model Domain 2 and is dominated by agricultural
lands (63%), which are concentrated in the southwest. Natural forests and grasslands occupy 21% of the re-
maining area within Domain 2. Since the study domain contains agricultural and natural land types, it can
be used to investigate the influence of agricultural NH; emissions on NH; deposition to natural vegetation.
Here, we investigate deposition using the posteriori case described above and applied the posteriori scaling
factors to calibrate simulated NH; mixing ratio and dry deposition from the a priori cases (Figure 2). Overall,
the relative standard deviation of NH; dry deposition is relatively low in the US Corn Belt, with the largest
values near emission sources, indicating small interannual variations of NH; dry deposition (Figures 2a
and S13). These values are generally smaller than 10% for agricultural lands, slightly smaller than forests/
grasslands (i.e., 10%-30%) especially near the Great Lakes.

Land use partitioned spatial distributions of the net NH; flux were also determined for 2017-2019 for the
posteriori case (Figure 2b). Here, net NH; sink and NHj; source regions are clearly established. These regions
are closely associated with land use. We attributed >97% of these differences to NH; emissions, rather than
differences in V4 between agricultural and forest lands. Interestingly, sink regions near transition zones, like
that observed in north-central Minnesota, experience larger depositional fluxes than sink regions further
from sources. To further examine the differences between these land uses, NH; mixing ratios, Vy, dry depo-
sition, and NHj mixing ratios were averaged by land use, month, and year (Figures 2c-2f).

Because the dry deposition simulation is the product of NH; mixing ratio and deposition velocity, we first
examine the averaged posteriori NH; mixing ratios from the growing season for agricultural lands, which
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were 6.87 + 1.4, 6.76 + 1.4, and 6.48 + 1.3 ppb for 2017, 2018, and 2019, and were 0.58 + 0.12, 0.71 £ 0.14,
and 0.60 = 0.12 ppb for forested lands. These results indicate small interannual variations between these
3 years, while there is remarkable monthly variations observed in May with the highest NH; mixing ratios
in 2018 for agricultural lands. This was also evident in both the tall tower and ground-level NH; observa-
tions (Figures 1b and 1d). Domain averaged surface temperature in May was 12.7°C for 2017, 15.2°C for
2018 and 11.6°C for 2019. These higher temperatures would cause higher NH; emissions through increases
in surface volatilization and lower deposition velocities (Sutton et al., 2013; Zhang et al., 2018), which likely
contributed to the higher ambient NH; mixing ratios in 2018. Larger NH; emissions and NH; mixing ratios
are projected with future air temperature increasing by > 1°C in 2050 for this region (Griffis et al., 2017,
2019). The relatively lower NH; emissions in May 2019 compared to the other 2 years can be attributed to
the delayed crop planting caused by wetter and cooler conditions (Yin et al., 2020). Further, the higher NH;
emissions in June 2019 compared to the previous 2 years suggests a shift of fertilizer application to a later
date.

In the posteriori results, NH; mixing ratios were the highest in May and June, when fertilizer application
and higher surface temperatures induced increases in NH; volatilization. The largest relative standard de-
viations in the mixing ratios occurred in May (Figure 2c). Simulated NH; mixing ratios for agricultural re-
gions decreased in August and September. These decreases can be partially attributed to time elapsed since
fertilizer application. As observed in Griffis et al. (2019), tall tower flux-gradients revealed a first peak in
spring (most pronounced in May) and a second peak during fall (pronounced in November). This is consist-
ent with the model analyses found here, with spring NH; emission increasing in May and lasting for three
months, while the a priori NH; emissions began to peak in June. This 1-month time-shift helps to explain
the overestimation of NH; emissions in August and September.

The simulated results for NH; mixing ratio, dry deposition velocity and flux in Figures 2c-2e indicate that
NH; dry deposition flux was primarily controlled by NH; mixing ratio variations, rather than Vg, at both
monthly and annual scales. To evaluate the NH; dry deposition flux for forested and agricultural lands,
monthly fluxes were calculated for the posteriori case (displayed in red triangles and dots) and also for the
a priori (Figures 2c-2f displayed in bars). For the posteriori case, the results were 1.44 + 0.3 nmol m>s™" in
2017,1.42 0.3 nmol m~>s™" in 2018, and 1.43 + 0.3 nmol m™~>s™" in 2019 for agricultural lands. Significant
differences were evident between the posteriori and a priori cases. Our results are consistent with previous
studies during the growing season in the Upper Midwest (Figure 2e, in red bars). Li et al. (2016) combined
multiple observations with a land surface model and reported a growing season averaged dry deposition
flux of 1.62 nmol m™2 s™". This favorable comparison further supports the use of the monthly posteriori
NH; emissions for these agricultural lands. For forested lands, the dry deposition was 0.10 % 0.01 nmol m™
s7'in 2017, 0.11 + 0.02 nmol m~> s~ in 2018, and 0.11 + 0.02 nmol m™ s~ in 2019. This deposition was
slightly (~10%) higher than its emissions with relatively small annual variations. Interestingly, the relative
variation in the spatial distribution of deposition for forested regions is larger than for agricultural regions,
as illustrated in Figure 2a. This further supports that deposition in this region is more sensitive to atmos-
pheric transport processes, because agricultural NH; sources can be transported to forested lands though

long-distance transport.

4. Conclusions

Three years of tall tower hourly NH; mixing ratios and AMoN ground-level bi-weekly observations were
used in combination with WRF-Chem to constrain NH; fluxes in the US Corn Belt. We evaluated the
monthly and annual variations of NH; mixing ratios, emissions and dry deposition, and investigated the
transport of NH; from agricultural lands to natural vegetation. The comparison between tall tower obser-
vations and model results indicate that a priori emissions were biased low for the months of May and June
and biased high in August and September. Posteriori scaling factors of 1.6-1.7 should be applied for May and
June to more accurately account for NH; emissions when using NEI 2011. During these months, synthet-

Figure 2. (a) Spatial distribution of the relative standard deviation of the NH; dry deposition flux for 2017 to 2019, (b) Spatial distribution of net NH; flux (i.e.,
emission minus dry deposition) for growing season averaged over 3 years, (c) NH; mixing ratios, (d) deposition velocity, V, (e) NH; dry deposition, and (f) NH}
corresponding to agricultural and natural forest areas for the years 2017-2019. Note that the posteriori results are displayed in red triangles and dots.
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ic fertilizer is widely applied to agricultural lands, suggesting this remains a significantly underestimated
source in existing inventories. High NH; mixing ratios observed in May 2018 compared to other months was
attributed to abnormal higher NH; emissions that were induced by a 2.5°C-3.6°C higher air temperature.
This agricultural region acts as a net NH; source, with adjacent forested lands acting as a substantial net
NH; sink. Forested lands received more NH; (~10%) from deposition compared to its emissions. This was
caused by transportation from upwind agricultural sources. We estimate that the averaged agricultural NH;
emissions and dry deposition were 3.45 + 0.7 and 1.43 + 0.3 nmol m™>s™, respectively for the 2017-2019
growing seasons.
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