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Abstract

Determination of the amount of reactive nitrogen (Nr) deposition in excess of the ecosystem
critical load (CL) requires an estimate of total deposition. Because the CL exceedance is used to
inform policy decisions, uncertainty in both the CL and the exceedance itself must be understood.
In this paper we review the state of the science with respect to the sources of uncertainty in total
Nr deposition budgets used for CLs assessments in North America and put forth recommendations
for research and monitoring to improve deposition measurements and models. In the absence of
methods to rigorously quantify uncertainty in total Nr deposition, a simple weighted deposition
uncertainty metric (WDUM) is introduced as a tool for scientists and decision makers to use in
assessing CL exceedances. Maps of the WDUM applied to National Atmospheric Deposition
Program (NADP) Total Deposition (TDep) estimates show greater uncertainty in areas of the U.S.
where dry deposition makes a larger contribution to the deposition budget, particularly ammonia
(NH3) in agricultural areas and oxidized nitrogen (NOX) in urban areas. Organic N deposition is
an important source of uncertainty over much of the U.S. Our analysis illustrates how the WDUM
can be used to assess spatial patterns of deposition uncertainty and inform actions to improve
deposition budgets for CL assessments at the local scale.

1 Introduction

Reactive nitrogen (Nr) additions can lead to detrimental effects in terrestrial and aquatic
ecosystems through a combination of eutrophication and acidification responses. As
awareness of these impacts increased in the mid-to-late 20t century, the Clean Air Act and
subsequent amendments were passed to reduce Nr emissions and their impact to human
health and the environment in the U.S. Additionally, because Nr can be transported across
borders, Nr deposition is included in agreements such as the International Convention on
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Long-Range Transhoundary Air Pollution and the U.S.-Canada Air Quality Agreement.
These policies rely on accurate estimates of Nr deposition from direct measurements,
models, and manipulation of background deposition through fertilization to understand how
much Nr leads to an ecosystem change.

The “guantitative estimate of an exposure ... below which significant harmful effects on
specified sensitive elements of the environment do not occur according to present
knowledge” is known as the critical load (CL) (Nilsson and Grennfelt, 1988). CLs have been
developed in the U.S. for a range of ecosystem impacts including terrestrial and aquatic
acidification, forest-tree health, NO3™ leaching, changes in plant community composition,
and changes in lichen communities (Clark et al., 2018). Exceedance of the CL occurs when
the amount of Nr deposited is greater than the threshold designated for change to occur. The
uncertainty of both the Nr deposition estimates and ecosystem responses need to be
understood to evaluate risk to the ecosystem. Consideration of uncertainty in determining
whether a CL is used in a management or policy response is currently based on an
assessment of reliability (Bobbink et al., 2003; Pardo et al., 2011). CLs are categorized as
Reliable (highest confidence), Fairly Reliable, or Expert Judgement (lowest confidence)
based on the number and comparability of studies in which a particular ecosystem response
was determined. An estimate of uncertainty in the deposition amount is specifically needed
to assess uncertainty in the CL exceedance and would also facilitate a more direct
consideration of deposition as a component of uncertainty in the CL itself.

Estimates of Nr deposition used in North American ecosystem assessments are typically
derived from chemical transport models (CTMs) (Ellis et al., 2013; Lee et al., 2016; Simkin
et al., 2016; Clark et al., 2018; Makar et al., 2018) or by measurement-model fusion (MMF)
techniques (Schwede and Lear, 2014; Nanus et al., 2017; McDonnell et al., 2018; U.S. EPA,
2019). CTMs must accurately simulate the fundamental processes that govern the
composition of the atmosphere, including emissions, transport, chemical transformations,
and ultimately wet and dry deposition. Though the underlying fusion procedures and spatial
interpolations contain some error, MMF estimates of deposition are considered more
accurate than CTMs due to incorporation of measurement data. In addition to uncertainties
in the deposition estimates themselves, downscaling from CTM grids to specific ecosystems
is another important source of uncertainty in CL assessments (Paulot et al., 2018; Schwede
etal., 2018).

While some aspects of these uncertainties have been quantified in the context of CL
exceedances (Williams et al., 2017), estimates of the total uncertainty of CTM and MMF
derived total deposition budgets are not yet available. These deposition budgets are often
accepted as the best data available for predicting ecosystem risk and are subsequently
applied without an accompanying estimate of uncertainty. However, knowledge of
uncertainty in the deposition estimate is important because it can help to inform whether a
policy or management action is warranted. Figure 1 uses data for the CL for a decrease in
species richness with increasing Nr to illustrate how uncertainty in deposition estimates may
influence whether or not a CL is exceeded (Simkin et al., 2016). In this example, 12.4% of
all locations are within + 2 kg ha=1 yr~1 of exceedance (red, orange, yellow, and green points
in Figure 1) when compared to total Nr deposition estimated using the National Atmospheric
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Deposition Program (NADP) Total Deposition (TDep) MMF approach (Schwede and Lear,
2014). Negative values indicate “near-exceedance” sites that are not currently assumed to be
at risk but would be if deposition is underpredicted (i.e., yellow and green points).
Alternatively, positive values indicate sites currently deemed at risk that would not be if
deposition were overestimated (i.e. orange and red points). The wide range of deposition (6
-16 kg ha=1 yr=1) in which these near-exceedances occur highlights that resolving
uncertainty is important at both high and low levels of deposition.

The potential of misunderstanding exceedances has policy and management implications
regarding the perceived risk to ecosystems from current and future deposition. During the
New Source Review process (U.S. Forest Service., 2011), Class I national parks and
wilderness areas are assessed for potential adverse effects from new emissions. If deposition
is over or under predicted, then the assessment for the Prevention of Significant
Deterioration may be inaccurate (U.S. Forest Service., 2011). Additionally, land managers
use exceedances to develop resource management strategies to achieve CLs. Knowledge of
whether the uncertainty of the exceedance is considered low or high can increase the
effectiveness of policy, planning, and permit review and inform the level of confidence with
which actions can be taken. For example, at a location where the CL exceedance is large and
uncertainty in the deposition estimate is considered low, a land manager may be more
confident that implementing a strategy to meet the CL is appropriate and will be effective.
Conversely, knowledge that deposition at a near-exceedance location is considered highly
uncertain would be beneficial in developing research and monitoring strategies to improve
deposition estimates and reduce uncertainties so that a policy for achieving the CL could be
more confidently implemented in the future. Knowledge of the relative uncertainties of the
components of the Nr deposition budget would help prioritize research and monitoring to
address the most important and uncertain species, processes, and pathways (i.e., wet versus
dry). Until rigorous quantitative estimates of uncertainty in total deposition are available, a
simpler metric of uncertainty would be helpful for assessment of CL exceedances.

In this paper we briefly review the state of the science with respect to the sources of
uncertainty in total Nr deposition budgets used for CL assessments. In the absence of
methods to quantify these cumulative uncertainties in an absolute sense, a simple uncertainty
metric for total Nr deposition is introduced. This metric is used to illustrate how
understanding uncertainty in total Nr deposition budgets will assist in prioritizing future
research and facilitate more informed management decisions. We then outline several
recommendations for data synthesis, new measurements, and comparisons and
improvements to models that will improve the accuracy and spatial representativeness of Nr
deposition budgets and allow more rigorous estimates of uncertainty in the future.

2 Measurements and modeling platforms used in North American Nr

deposition budgets

2.1 Measurement networks

The key monitoring networks supporting North American Nr deposition assessments
(Supplemental Figure S1) are the NADP/National Trends Network (NTN), NADP/
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Atmospheric Integrated Research Monitoring Network (AIRMoN), the Clean Air Status and
Trends Network (CASTNET) and the Canadian Air and Precipitation Monitoring Network
(CAPMOoN). The NADP/NTN network (http://nadp.slh.wisc.edu/NTN/) spans the
contiguous US (CONUS) and extends into Canada, Puerto Rico, Mexico, and Alaska. It
currently has 257 sites and the program dates back to 1978. The sites collect wet-only
deposition samples and aggregate precipitation totals. The samples are collected weekly and
sent to the NADP central analytical laboratory for analysis of dissolved inorganic N (NH4*
and NOg3"7), along with sulfate, chloride, bromide, and base cations. The NADP/AIRMoN
network (http://nadp.slh.wisc.edu/AIRMoN/) includes 7 sites and has been operating since
1992. These sites collect daily wet-only deposition samples that are also analyzed at the
NADP laboratory. The precipitation-chemistry component of the CAPMoN (https://
www.canada.ca/en/environment-climate-change/services/air-pollution/monitoring-networks-
data/canadian-air-precipitation.html) network provides daily wet-only samples of dissolved
inorganic N concentrations in precipitation, along with sulfate, chloride, and base cations.
The network currently has 29 sites and dates back to 1983.

CASTNET (https://www.epa.gov/castnet) and CAPMoN both collect integrated ambient air
concentrations of gases and particles using an open-face filterpack. The same arrangement
of filters are used in both CAPMoN and CASTNET, but CASTNET filters are exposed for a
week-long period at low flow rates (1.5 and 3.0 L min~1 for Eastern and Western sites,
respectively) while CAPMoN uses a higher flow rate (17.5 L min~1) and 24-h collection.
There is no explicit particle size cut in either network, thus fine and coarse mode particles
are collected. CASTNET currently comprises 95 rural sites dating back to 1988. CAPMoN,
in addition to the precipitation chemistry sites mentioned above, operates 18 ambient air
sites dating back to 1983. Other air monitoring networks measuring atmospheric Nr are
briefly described in Supplemental Material (Section S1.1).

2.2 Modeling platforms

2.2.1 Chemical transport models—In North America, the Community Multi-scale
Air Quality Model (CMAQ), Global Environmental Multiscale model — Modeling Air
quality and CHemistry (GEM-MACH), and the Comprehensive Air Quality Model with
Extensions (CAMX) are the primary regional CTMs used to provide gridded deposition for
CLs and other deposition assessments. For example, CMAQ deposition values are used in
the TDep MMF procedure (Schwede and Lear, 2014) and to assess long term trends in
deposition over the U.S. (Zhang et al., 2018b). Wet and dry Nr deposition fluxes have been
output from different versions of GEM-MACH, both across North America at a 10-km
horizontal resolution (Moran et al., 2017) and in regional studies at higher resolution (Makar
et al., 2018). GEM-MACH deposition is also used in the Atmospheric Deposition Analysis
Generated by optimal Interpolation from Observations/Analyse du Dépdt Atmosphérique
Généré par Interpolation optimale des Observations (ADAGIO) MMF procedure. The
CAMXx model has recently been used to examine the contribution of various sources to Nr
deposition in the Greater Yellowstone area (Zhang et al., 2018a) and Rocky Mountain
National Park (Thompson et al., 2015). Features of these models relevant to uncertainty in
deposition assessments, including emissions, chemistry modules, land use, and deposition
schemes, are briefly described in Supplemental Material (Section S1.2.1).
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2.2.2 Measurement-model fusion—In an effort to reduce uncertainties and biases
associated with CTM predictions, MMF approaches are increasingly being used to estimate
total Nr deposition (Schwede and Lear, 2014; Nanus et al., 2017; McDonnell et al., 2018;
U.S. EPA, 2019; World Meteorological Organization, 2017). In MMF, CTM output is
combined with wet deposition and air concentrations from network measurements. While
the methods of combining the fields can be similar to those used in data assimilation, the
model is not re-forecast from the adjusted fields as is typical for data assimilation
applications. TDep and ADAGIO are two examples of MMF used in North America.

The TDep MMF approach (Supplemental Figure S2) combines spatially interpolated
CASTNET monitoring data with CMAQ deposition velocities to estimate dry deposition of
HNO3, NO3™, and NH,*. The CASTNET monitoring data is also used to bias adjust the
CMAQ dry deposition estimates as the measured data is considered more accurate and to
avoid large step functions between the measured and modeled data. The measured and
CMAQ modeled dry deposition datasets are combined based on inverse distance weighting
(IDW) of the measured versus modeled value as a function of distance from the
measurement location (Schwede and Lear, 2014). For Nr species not measured at
CASTNET sites (i.e. gas phase NO, NO,, HONO, N,Os, NH3, PANS, organic nitrates), the
CMAQ dry deposition estimates are used directly (uncorrected). NH3 dry deposition is
modeled using a bi-directional flux framework (Bash et al., 2013). NADP measurements of
precipitation amount and chemistry are combined with estimates of precipitation amount
from the Parameter-elevation Regressions on Independent Sloped Model (PRISM, Daly et
al., 2008) to produce spatially interpolated NO3~ and NH4* wet deposition fields. Dry and
wet deposition are combined to produce weekly gridded maps of total deposition of Nr for
the CONUS at a 4-km resolution, which are aggregated to annual deposition. More detailed
information on the TDep method is available in Schwede and Lear (2014) and at http://
nadp.slh.wisc.edu/committees/tdep/tdepmaps/.

A slightly different approach has been developed by Environment and Climate Change
Canada (ECCC). The ECCC project ADAGIO (Supplemental Figure S2) generates maps of
optimized wet, dry and total annual deposition of N, sulphur (S), and ozone in Canada and
the U.S. by combining observed and modelled data. For Nr, measured concentrations of gas-
phase HNO3, NO,, NO, and NHg; particulate NO3~ and NH4*; and NO3™ and NH4* in
precipitation from Canadian and U.S. networks are used to adjust predicted concentrations
from GEM-MACH using optimal interpolation techniques. Optimal interpolation is a
statistical method for weighting model and measurements based on error covariance
parameters assigned to each data source to represent model and measurement uncertainty
(Robichaud and Menard, 2014). Dry deposition velocities derived from GEM-MACH are
then applied to the adjusted concentration grids of gas and particle species to generate
deposition fluxes of measured species. Wet deposition fluxes are calculated using
precipitation amounts from the Canadian Precipitation Analysis (CaPA) used at ECCC.
CaPA uses the GEM weather forecast and adjusts daily precipitation amounts using climate
station and radar observations, also using optimal interpolation methods. Wet and dry
deposition fluxes of unmeasured species, including NoOs, HONO, and organic nitrates, are
taken from the model directly.
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3 Aspects of uncertainty in Nr deposition budgets

CL exceedances may be calculated using the variety of deposition measurements and models
described above. For deposition and CLs to be effectively combined for policy or
management action, understanding of the relevant uncertainties and limitations in both
components is needed.

3.1 Completeness of the budget

North American monitoring networks that support deposition research characterize only
inorganic species in wet deposition and concentrations of particles and gases in air; organic
compounds are not routinely measured. Atmospheric organic N is highly diverse, originating
from soil, biomass burning, agricultural, marine, and anthropogenic sources. Primary
emissions and secondary reaction products include amines and amino acids, urea,
nitrophenols, alkyl amides, N-heterocyclic alkaloids, and organic nitrates (Jickells et al.,
2013; Cape et al., 2011). Globally, organic N compounds contribute ~ 25% of total water-
soluble N in precipitation on average (Jickells et al., 2013), with a similar fraction observed
in particulate matter (Cape et al., 2011). In the U.S, annual averages for rainfall and PM
range from 2.6% to 33% of total N as ON (Scudlark et al., 1998; Keene at al., 2002; Whitall
and Paerl, 2001; Beem et al., 2010; Benedict et al., 2012; Walker et al., 2012; Zhang et al.,
2002a; Russell et al., 2003; Calderon et al., 2007; Lin et al., 2010; Zamora et al., 2011; Chen
etal., 2018).

Representation of organic N in deposition budgets relies on model estimates. For the current
TDep MMF, CMAQ Version 5.0.2 includes only peroxyacyl nitrate (PAN), aromatic PANs
(OPAN), C3 and higher PANs (PANX), and some organic nitrates in the gas phase. Thus, the
organic fraction of Nr dry deposition represents an underestimate. Wet deposition of organic
N is also not well represented in CMAQ V5.0.2 due to a limited range of solubilities
specified for organic nitrates. Subsequently, wet deposition of organic N is not included in
the TDep Nr budget. In GEM-MACH, only PAN is treated individually, with an additional
grouped “organic nitrates” species, and therefore is subject to similar limitations as CMAQ.
Chemical mechanisms used with many CTMs are actively being updated to include more
advanced treatment of organic N species (Luecken et al, 2019; Pye et al., 2015).

In the TDep maps, organic N dry deposition is included in the “non-measured other N”
group with NO, NO,, HONO, and N,Os. While NO and NO, are measured in urban and
suburban networks (see Supplemental Material Section S1.1), these measurements are not
currently included in the TDep fusion procedure. As predicted by CMAQ (V5.0.2), dry
deposition of “other N” contributes an average of ~ 13% of the total deposition budget over
the CONUS. Larger contributions are observed in urban areas of eastern U.S. where dry
deposition of NO, associated with mobile NOx sources is important. These patterns of
oxidized Nr deposition underscore the need for incorporation of NO2 measurements from
urban and suburban networks into the TDep MMF and new measurements of NO2
concentrations and fluxes to better characterize deposition along urban to rural gradients.
The latter may be complemented by the use of satellite observations to characterize spatial
patterns (Cheng et al., 2013). In addition to underrepresentation of the dry organic N
deposition, the mobile NOx emission inventory, which may be biased high (~ 30%,
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McDonald et al., 2018), is another potentially important source of uncertainty in TDep
estimates of “other N” dry deposition.

3.2 Characterizing uncertainty and bias in deposition estimates

3.2.1 Measurement to model comparisons—aBiases in modeled deposition rates can
be assessed by direct comparisons of measured versus modeled wet and dry deposition as
well as the components of the deposition calculation. For wet deposition, the latter would
include comparison of measured versus modeled precipitation amount, which is needed to
calculate wet deposition. An evaluation of dry deposition could be informed by comparison
of measured versus modeled air concentrations, which are applied to deposition velocities to
calculate dry deposition rates.

It is important to note that the measurements used to directly calculate deposition, bias
correct modeled air concentrations, and evaluate model performance contain error
themselves. For example, Wetherbee et al. (2005) report median absolute errors of 11.3%
and 4.97% for NTN measurements of NH,+ and NO3™ concentrations in precipitation,
respectively, for collocated AeroChem Metrics Model 301 collectors. Studies show that
concentrations of NH4* in NTN precipitation samples are biased low ~ 10%, potentially due
to microbiological processes (Gilliland et al., 2002 and references therein; Walker et al.,
2012). Sickles and Shadwick (2002) report median absolute relative differences for paired
observations of CASTNET measured NH,*, HNO3, and NO3™ air concentrations of 3.0, 5.5,
and 7.8%, respectively. The filter-based methods employed by CASTNET and CAPMoN
have been shown to exhibit biases in NO3™ (low) and HNOj3 (high) associated with volatility
of NH4NO3 aerosol (Lavery et al., 2009; Zhang et al, 2009), though the total NO3™ (gas +
aerosol) is generally conserved (Lavery et al., 2009). It is noted that these studies have
generally focused on NO3™ sampling biases (see Lavery et al., 2009 and references therein),
rather than NH,*. Regarding volatility, bias in fine mode NH4* should be lower in areas
where NH,4* is primarily associated with sulfate. Aspects of variability and bias associated
with analytical procedures employed by the NADP, CASTNET, and CAPMoN networks are
assessed through interlaboratory comparison programs (Wetherbee et al., 2010). These
uncertainties and biases should be considered in comparisons of models to observations.

Zhang et al. (2018b) recently conducted a study of long-term trends (1990-2010) in wet
deposition of inorganic N in the U.S., which included an evaluation of coupled WRF-CMAQ
V5.0.2 (36 km resolution) against NTN measured annual wet deposition. Evaluated across
the entire CONUS, normalized mean bias (model — observation) was —32.1% for TNO3
(NO3~ + HNO3) and —33.7% for NH,, (NH3 + NH,4*) after adjusting for bias in precipitation
amount. Evaluation of CMAQ V5.0.2 at finer grid resolution (12 km) for the period 2002—
2012 shows smaller biases of —0.7% and —10.2% for NO3~ and NH,4*, respectively (Zhang
et al., 2019). Performance tends to be better in the eastern U.S. owing to more complex
terrain in the West (Zhang et al., 2018b). In both studies, uncertainties in NH3 emissions
from agricultural sources and bidirectional NH3 air surface exchange processes were noted
as potential reasons for model underestimation. Makar et al. (2018) recently evaluated
GEM-MACH V2 against annual measured wet deposition in an evaluation of CL
exceedances in Alberta and Saskatchewan, also noting an underestimate of modeled total
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NO3~ + NH,4* deposition (slope = 0.89). Evaluation of CAMx V6.1 (12 km resolution) over
the western U.S. (UNC/ENVIRON, 2015) showed model underestimation of inorganic N
wet deposition as well, with biases relative to annual measured NTN deposition of —38%
and —48% for NO3;~ and NH,™, respectively. Over smaller domains in complex terrain,
model performance may differ from regional and continental comparisons. For example,
Zhang et al. (2018b) found positive biases of 31% and 49% in CAMx (12 km) estimates of
NO3~ and NH4* annual wet deposition, respectively, compared to NTN in the Greater
Yellowstone Area. Positive bias in precipitation amount was identified as an important
contributor to the bias in wet deposition.

Evaluation against wet deposition measurements has also been performed in several multi-
model comparison studies, including PhotoComp, Atmospheric Chemistry and Climate
Model Intercomparison (ACCMIP), and Task Force Hemispheric Transport of Pollution
(HTAP I and 1) (see Tan et al., 2018). Typically, measurement data were compared with the
multi-model mean. When comparing annual wet deposition of NO3~ and NH,* with NADP
measured values, the mean of the models was mostly within 10-20% of measurements as
shown by the slope of the model vs. measurement linear fit (Table 1) and the reported mean
biases of 11-38% for NO3™ and < 8% for NH4* (summarized by Tan et al., 2018). While
individual models may perform better for specific locations and/or chemical species, in
general, the ensemble of the models is the most robust estimator of wet deposition when
considering all species and regions (Dentener et al., 2006; Tan et al., 2018). Generalizing
results from the studies summarized in Table 1, measurement-model differences are ~ 30%
for wet deposition among the models investigated. Knowledge of precipitation amount is a
key uncertainty in CTM predictions of wet deposition and calculations of wet deposition
from measured precipitation chemistry (see Supplemental Material Section S2.1.1).

The dry component of Nr deposition is not directly measured in a routine monitoring mode
in North America. Additionally, with exception of the work of Munger et al. (1996) at
Harvard Forest, dry deposition measurements in North America typically only span weeks to
a few months. While useful for examining deposition processes, these datasets are not
sufficient in temporal coverage to characterize annual dry deposition budgets. A lack of
speciated Nr dry deposition measurements precludes a rigorous evaluation of uncertainty in
model deposition velocities and fluxes at the national scale (Zhang et al., 2002b; Walker et
al., 2019). However, uncertainty in dry deposition can be partly informed by comparison of
modeled and measured air concentrations (CMAQ, Appel et al., 2011; Appel et al., 2018;
Zhang et al., 2018a; GEM-MACH, Makar et al., 2018; Moran et al., 2017; CAMX, Zhang et
al., 2018b; UNC/Environ, 2015). Comparing CMAQ V5.2.1 (12 km) versus CASTNET
weekly measured HNO3, NO3~, NH3, and NH4* concentrations across the CONUS
(Supplemental Figure S3), normalized median bias (model — observation) ranges from +25%
for HNO3 to —27% for NH3. Other studies have documented an underestimation of NH3 air
concentrations in CTMs compared to observations, noting incorrect magnitude (i.e., low)
and spatial allocation of emissions, model grid resolution, and uncertainty in bidirectional
exchange processes as reasons for disagreement (Kelly et al., 2014; Butler et al., 2015;
Battye et al., 2016; Zhang et al., 2018b). The overestimate in HNO3 may be related to
uncertainties in emissions or representation of chemistry (Luecken et al., 2019). In Figure
S3, a significant portion of the total root mean square error is unsystematic, reflecting
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differences between model and observations related to random processes. In the absence of
bias correction, both components of error in the air concentration propagate to the model
deposition calculation.

While data from routine networks are most commonly used in comparisons of measured
versus modeled deposition, throughfall and bulk deposition measurements collected within
smaller scale, more intensive studies are also used (see Supplemental Material Section
S2.1.2).

3.2.2 Model to model comparisons—Models vary widely in their emissions inputs,
horizontal and vertical resolution, and the chemical and physical processes represented.
Multi-model comparisons can provide an overall estimate of the resulting variability in
model outputs. A number of global- and continental-scale model intercomparison projects
have assessed N deposition among other air quality outputs (Tan et al., 2018).

In the PhotoComp study for the year 2000 (Dentener et al., 2006), the variance of modeled
NOy wet deposition between the 23 models assessed was 10-30% across most of North
America. While a corresponding spatial breakdown was not shown for NHy deposition
(reported by only 7 models), the variance was similarly reported to be about 30% in the
anthropogenic emissions regions including North America. ACCMIP reported similar
variance between models of 20-30% in wet and dry deposition of both NOy, (10 models) and
NHy (5 models) for the year 2000, integrated over North America (Lamarque et al., 2013).
In contrast, in the Air Quality Model Evaluation International Initiative (AQMEII) study
which modeled 2006, the estimated total deposition of NO3™ in North America from 5
different models had a variance of more than 50% (Solazzo et al., 2012). However, in that
case, the emissions used by each model were not identical.

CTM predictions of dry N deposition (oxidized and reduced) were also compared with site
specific inferential model values based on air concentrations at CASTNET sites in a limited
number of studies (Vet et al., 2014; Tan et al., 2018). When species such as NO, and NH3
(not measured at CASTNET sites) are included in the modeled dry deposition, the model
was higher than the inferential values by about a factor of 3 (Vet et al., 2014). However,
excluding NO, and NH3 dry deposition from the model totals in another study left the model
dry N deposition values still higher by a factor of 2 compared to CASTNET inferential
estimates (Tan et al., 2018). Further investigation of the comparisons revealed that it was
primarily the air concentrations of HNO3, particle NO3™, and particle NH,* that were
overestimated in the model compared to the CASTNET measurements, rather than
significant differences in the dry deposition velocities. Some of this discrepancy may be due
to the coarse resolution of many global models (Tan et al., 2018) or limitations in the
representativeness of CASTNET sampling locations (Hicks et al., 2006). Such studies
illustrate the large uncertainties in modeled dry deposition.

Nr species exhibit a range of physical and chemical properties, leading to very different
behaviors in the dry deposition process, which is often modeled as a deposition velocity

(Va):
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Va=1/(R;+ Ry +R.) &)

where R, is the aerodynamic resistance to turbulent transfer from the atmosphere to the
surface, Ry, is the resistance to diffusion across the laminar boundary layer of air
immediately above the receptor, and R, is a resistance to uptake at the receptor surface,
termed the canopy resistance. Wu et al. (2018) recently intercompared five dry deposition
algorithms and found that the four models based on Monin-Obukhov similarity theory
produced similar (£ 20%) results for R, and Ry,

Surface uptake, represented by R, may occur via stomatal and non-stomatal (e.g., ground,
leaf cuticle, woody material) pathways. For Nr other than highly soluble species such as
HNO3 and N,Os, R is typically the largest resistance and thus controls V. Flux uptake by
non-stomatal pathways cannot be measured directly or easily segregated from canopy scale
flux measurements. For this reason, non-stomatal deposition processes remain poorly
understood and therefore highly parameterized and uncertain, often producing large
differences in modeled V4 (Wu et al., 2012). Adoption of a bidirectional flux framework for
NHj3 (Flechard et al., 2013) which is now common in CTMs, requires the use of
compensation point parameterizations (e.g., soil and vegetation emission potentials) that
remain poorly characterized for many ecosystems, leading to large uncertainty in NH3 dry
deposition rates at the local scale (Dennis et al., 2013). Parameterization of emission
potentials and surface resistances for NHz are largely derived from European experiments
(Massad et al., 2010; Zhang et al., 2010) and their applicability to North American
ecosystems remains an open question.

Recent assessments in Europe (Flechard et al., 2011) and the U.S. (Schwede et al., 2011; Li
et al., 2016) show that commonly used inferential dry deposition models may differ by a
factor of 3 or more in mean deposition (exchange) velocities of Nr species, despite being
driven by the same on-site meteorology and parameters for site characterization (e.g. leaf
area index, surface roughness length, canopy height, etc.). The most extensive comparison of
dry deposition schemes for Nr was conducted by Flechard et al. (2011), in which four
models used in CTMs and monitoring networks in Europe and North America were
compared using measurements of micrometeorology, air concentrations, and surface
characteristics at 55 sites within the NitroEurope network. Site-specific annual average
fluxes reported in Flechard et al. (2011, Table 3) are summarized here in Table 2. Deviation
among models is generally small for HNO3, with the mean of the relative standard deviation
of model fluxes at individual sites varying from 7% at grassland sites (N = 8) to 28% at
forest sites (N = 29). Models diverged the most for NH3, with the mean of the relative
standard deviation of model fluxes at individual sites varying from 190% at grassland sites
(N = 8) to 50% at forest sites (N = 29). For NH3, parameterizations of non-stomatal
resistances (e.g., cuticular) were identified as the main source of inter-model discrepancy.
Summing model fluxes of the individual species, relative standard deviation of total N fluxes
at individual sites varied from 37% over semi-natural vegetation (N = 9) to 67% at grassland
sites (N = 29).
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3.2.3 Measurement-model fusion—There are several sources of uncertainty in MMF
estimates of deposition including the observational data, the choice of CTM, and the fusion
approach. Observational data may be spatially and temporally incomplete or inconsistent,
depending on the networks used in the MMF. Spatial gaps in monitoring data can, for
example, create artifacts in bias surfaces used to correct CTM output for dry deposition.
Temporal gaps in data, which can be an issue at high elevation sites where wet deposition
data may more frequently fail quality assurance requirements (Latysh and Wetherbee, 2012),
can create inconsistencies in deposition time series. Temporal and spatial inconsistencies in
MMF surfaces can also result in transitioning from measurement- to model-derived
estimates when sites are shut down or change locations. Finally, observed values are not
available for all chemicals. Subsequently, some important model species like organic N are
not bias corrected in the MMF methods. The bias correction for measured species
compromises the mass balance of the modeled deposition estimates. With the modeled
concentrations of the other non-measured N species left uncorrected, the total amount of N
deposited in the domain will be different than if the mass balance was maintained. However,
previous work shows that the overall impact should be small (Dennis and Foley, 2009; Lear
and Schwede, 2012). As further described in Supplemental Material, incommensurability
(Section S2.2.1) of comparing model-grid average and pointwise observations (Swall and
Foley, 2009) and the temporal consistency (Section S2.2.1) of MMF datasets can also
represent sources of uncertainty.

MMF procedures can differ in the use of monitoring data, the treatment of deposition
processes and the fusion procedure. For example, while ADAGIO uses NADP/AMoN NH3
measurements in the fusion procedure, TDep does not. One reason is related to the high
spatial variability of NH3 concentrations, particularly in agricultural regions, which creates
uncertainties in the IDW procedure for the TDep spatial interpolation (Schwede and Lear,
2014). These uncertainties could be reduced by expanding NH3 monitoring in agricultural
areas to better characterize spatial patterns in relation to sources. Enhanced ground-based
monitoring could potentially be complemented with satellite observations of NH3 (Kharol et
al., 2018). As previously noted, TDep does not use measurements of NO, and other Nr
species measured in urban and suburban networks while ADAGIO does, likely creating
differences in estimates of deposition in these areas. Regarding differences in treatment of
deposition processes, in contrast to CMAQ, the current version of GEM-MACH does not
include bidirectional NH3 flux. Another reason AMoN NH3 measurements are not currently
used in the TDep MMF relates to the challenges in bias correcting air concentrations in the
compensation point based bidirectional flux model in CMAQ. Regarding wet deposition,
TDep uses precipitation depth data from NADP and PRISM while ADAGIO uses data from
CaPa. Differences in MMF deposition estimates may also arise from the fusion procedure
itself. TDep uses IDW weighting of measured versus modeled values while ADAGIO uses
optimal interpolation.

As shown in Figure 3 for 2010, over the contiguous U.S., 75% of the gridded TDep and
ADAGIO values are within £30%. When deposition is summed over the entire domain, the
difference is less than 10%, with less total N deposition estimated by ADAGIO. Overall
agreement is reassuring, given the many differences between the approaches, though regions
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with significantly larger differences exist. While a more detailed analysis is forthcoming,
areas with high NH3 concentrations appear to have larger differences, likely due to the
bidirectional treatment in CMAQ (TDep) but not in GEM-MACH (ADAGIO).

representativeness

Typical dry deposition output from CTMs is provided at the grid scale and is obtained by
averaging sub-grid variability in either surface characteristics or dry deposition velocities.
The CTM does not spatially resolve the land use types within the model grid and only has
knowledge of the percent coverage of the land use type. Differences in leaf area index (LAI),
surface roughness, soil moisture, and plant stomatal response are some of the factors that
contribute to sub-grid variability in V4. For fast deposition species such as HNO3, greater
roughness and LAl lead to higher deposition velocities over forests compared to other
surfaces. For chemicals such as NH3 that exchange bidirectionally with the atmosphere,
gridded values that either ignore bidirectional exchange, or don’t consider the potentially
compensating contributions of upward and downward fluxes across the heterogeneity of a
grid cell can differ from those that do.

Recent studies have begun to examine the impact of downscaling gridded estimates to
provide ecosystem-specific values of deposition. Schwede et al. (2018) examined deposition
to global forests and contrasted values based on grid-base estimates with land use specific
values as predicted by the co-operative programme for monitoring and evaluation of the
long-range transmission of air pollutants in Europe (EMEP) model (Simpson et al., 2012).
Their study found differences in deposition up to a factor of 2 between the two values,
noting that differences depended on the degree of heterogeneity in the grid cell. Paulot et al.
(2018) downscaled deposition values from the NOAA Geophysical Fluid Dynamics
Laboratory (GFDL) model to land use specific values. Their results indicate that grid-based
results from coarse scale models may underestimate deposition to natural vegetation by up
to 30%. Comparison of land-use specific versus grid-average dry deposition fluxes derived
from the CMAQ v5.3 with the new Surface Tiled Aerosol and Gaseous Exchange (STAGE,
Bash et al., 2018) module further illustrates large differences that can be observed in some
locations for HNO3 and NH3 (Supplemental Figure S4) even at smaller grid sizes (12 km x
12 km) than the Schwede et al. (2018) and Paulot et al. (2018) studies. The STAGE results
are consistent with those studies, as well as Flechard et al. (2011), further emphasizing that
the use of gridded deposition values for comparison against ecosystem-specific CLs can be a
significant source of uncertainty in the evaluation of exceedances. Ecosystem-specific
deposition values are preferred for such assessments.

3.4 Challenges in quantifying uncertainty in total Nr deposition budgets

The previous sections describe numerous sources of uncertainty in deposition estimates
derived from CTMs and MMF procedures. Here we use the TDep MMF procedure to
illustrate the challenges in developing quantitative estimates of uncertainty in total Nr
deposition estimates. The TDep MMF procedure comprises uncertainties associated with:

. measurements of chemical concentrations in air (NH4*, NO3~, HNO3) and
precipitation (NH;*, NO3™)
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. spatial interpolation in the fusion procedure
. PRISM estimates of precipitation amount
. CMAQ concentration predictions for unmeasured species

. CMAQ deposition velocities
. incompleteness of the measured and modeled deposition budgets

To estimate total (cumulative) uncertainty in annual total Nr deposition, estimates of
uncertainty are first needed at the weekly time scale for individual chemical components of
the budget, which then must be propagated to the cumulative uncertainty in weekly total
deposition and then to the annual sum of deposition, or weekly uncertainty for individual
chemical components must be propagated up to annual and aggregated across chemical
components to yield cumulative uncertainty in total annual Nr deposition.

Methods for quantifying some of the sources of uncertainty, such as bias and uncertainty in
CASTNET and NADP measurements, are described in previous sections. TDep spatial
interpolations employ IDW, for which estimates of uncertainty can be derived using
jackknife cross-validation (Willmott and Matsuura, 1995). Note that this only produces an
estimate of uncertainty in the interpolation procedure itself, not uncertainty associated with a
lack of observations in the interpolation space. The PRISM methodology includes
uncertainty estimates for predictions of precipitation amount (Daly, 2008). Lacking
measurements of sufficient spatial and temporal representativeness, uncertainty in the
CMAQ air concentrations for the non-measured components (Figure 2), as well as
deposition velocities, cannot be rigorously evaluated across the CONUS in an operational
sense (Dennis et al., 2010).

While it may be possible to derive estimates of some aspects of uncertainty at the weekly
time scale of the TDep procedure, methods for aggregating the component uncertainties
within and across chemical species and then to the annual scale require development.
Furthermore, incompleteness of the measured and modeled budgets with respect to
deposition of organic N and other species precludes a quantitative assessment of total
uncertainty in the deposition budget.

metric of uncertainty for total Nr deposition

In the absence of a rigorous estimate of absolute uncertainty, a simpler metric of relative
uncertainty, based on current understanding of deposition processes, would be useful to the
critical loads community. An example of such an uncertainty metric is developed here using
the TDep MMF methodology, though the concept can be applied to ADAGIO as well.

Total deposition at each grid point within the TDep maps comprises HNO3 dry deposition
(HNOg3 dry), particulate NO3™ dry deposition (NO3_dry), NH3z dry deposition (NH3 dry),
particulate NH4* dry deposition (NH4_dry), dry deposition of non-measured species

(NoM dry, described in Figure 2), wet deposition of NO3™ (NO3_ wet) and wet deposition of
NHz" (NH4 wet). For the purposes of calculating a metric for uncertainty of a “total”
deposition budget, we have added an estimate of wet deposition of unmeasured species
(NoM wet), which is discussed below. Each of these 8 deposition components is first
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assigned a discrete, numerical uncertainty rating from 1 to 5, with 1 representing the lowest
uncertainty (most certain) and 5 representing the highest uncertainty (least certain).
Uncertainty ratings for individual components do not vary temporally or spatially. Next, for
each component of the budget, a weighted uncertainty is calculated as the product of the
discrete uncertainty rating (UR,) for component / of the deposition budget and the fractional
contribution of that component to total deposition at the corresponding location (FTDep)).
The deposition weighted uncertainty for each component is then summed to estimate the
deposition weighted average uncertainty for the total deposition budget, referred to as the
weighted deposition uncertainty metric (WDUM).

WDUM = ) (FTDep; « UR;) @)

Deposition components and uncertainty ratings are summarized in Table 3. The uncertainty
ratings reflect the current level of understanding of deposition processes relative to wet
deposition of NH,* and NO3™. While there is some uncertainty in the measurements and
spatial interpolation of precipitation amount and chemistry and in the PRISM estimates,
understanding of the magnitude and spatiotemporal patterns of wet deposition of NH,* and
NO3~ is more complete than for the other components of the TDep Nr budget. Thus, NH4*
and NO3~ wet deposition both have an uncertainty rating of 1 (i.e., lowest uncertainty). The
TDep MMF does not include wet deposition of organic N. To incorporate this aspect of
uncertainty, we have defined a non-measured wet deposition variable NoM wet, assumed to
reflect the bulk organic fraction of wet N deposition. Based on the global synthesis of wet
deposition of organic N reported by Jickells et al. (2013), we assume that NH,* and NO3~
wet deposition account for 75% of total N wet deposition on average, with NoM wet
accounting for the balance (25%). As it is neither measured or modeled in the TDep
procedure, an uncertainty rating of 5 is assigned to NoM wet, reflecting the highest degree
of uncertainty.

Estimates of TDep dry deposition are derived from CMAQ deposition velocities and are
therefore inherently more uncertain than TDep wet deposition of NH,*and NO3™. As noted
above, HNO3 dry, NO3 dry, NH,4 dry are bias corrected using CASTNET measurements. Of
the dry deposited species, knowledge of HNO3 deposition is more complete than for other
species. This is reflected in the much higher level of agreement for HNOs, relative to other
N species, between the inferential deposition models summarized in Table 2. HNOg dry
deposition is primarily governed by atmospheric and boundary layer resistances, as opposed
to canopy surface characteristics that are less understood (Wesely, 1989; Zhang et al., 2003).
HNOgz dry is assigned an uncertainty rating of 2, reflecting more uncertainty than wet
deposition of NH,* and NO3™, but the lowest degree of uncertainty of the dry deposited
species.

While modeling of particle dry deposition is advancing, differences among commonly used
dry deposition schemes and between models and observations suggest that significant gaps
in understanding of the deposition processes remain (Khan and Perlinger, 2017).
Understanding of particle dry deposition is generally more limited than that of HNO3, which
is reflected in the greater degree of deviation between dry deposition schemes for NH4* and
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NO3z™ compared to HNOg3 in Table 2. NO3 dry and NH,4_dry are assigned an uncertainty
rating of 3, reflecting a greater degree of uncertainty relative to HNO3 dry.

TDep NH3 dry is estimated by CMAQ V5.0.2 using a bidirectional air-surface exchange
module (Pleim et al., 2013; Bash et al., 2013), which requires knowledge of the surface
characteristics that govern NH3 compensation points as well as surface resistances (Flechard
et al., 2013). The process of NH3 air surface exchange is more complex and less understood
than HNOg, as reflected in the greater degree of deviation between NHj inferential models
in Table 2. Additionally, NH3 dry is not bias corrected with measured air concentrations.
NHgz dry is subsequently assigned an uncertainty rating of 4. The final component of the
TDep dry deposition budget is the non-measured species (NoM dry) described in section
3.1, which is also estimated using CMAQ. This component of the budget is incomplete with
respect to treatment of gas phase and organic N compounds and is not bias corrected.

NoM dry is also assigned an uncertainty rating of 4.

Based on these uncertainty ratings, the WDUM can theoretically range from a value of 1 to
5. An important feature of the WDUM is the implied linear relationship between the
uncertainties of the deposition components, which is an obvious oversimplification. For
example, the uncertainty for dry deposition of NH3z may;, in reality, be more than a factor of 4
larger than wet deposition of inorganic N. Another oversimplification is the application of a
constant uncertainty rating, which ignores spatial and temporal variability. This approach
fails to capture, for example, a likely greater level of uncertainty in wet deposition in
mountainous terrain (Latysh and Wetherbee, 2012). Additionally, this approach does not
reflect uncertainties associated with sub-grid variability in land use previously discussed.

The WDUM for the corresponding 2016 TDep total N deposition map is shown in Figure 4
for the CONUS along with the probability distribution of values. The WDUM ranges from
2.1 to 3.8, with red colors denoting locations with the greatest uncertainty in total
deposition. High values of WDUM occur in the Southwest, California Central Valley, and
east of the Cascade Mountains in the Northwestern U.S. where the total deposition budget is
dominated by dry deposition. High values in eastern North Carolina and some areas of the
Midwest reflect a large contribution to from NH3 dry deposition and corresponding high
overall uncertainty. High values in and around urban areas in the Northeast U.S. and cities
such as Atlanta, Georgia show areas where NO» dry deposition is important. Lowest values
occur where wet deposition dominates the budget.

The percent contribution of individual components of the TDep budget to the WDUM for
each location is shown in Figure 5. Dry deposition of NH3 is the largest contributor to
uncertainty in the total N budget overall, as reflected in the similarity between NH3 dry in
Figure 5 and the general spatial patterns of WDUM in Figure 4. Uncertainty in dry
deposition of non-measured compounds is an important contributor in the eastern U.S.,
reflecting the importance of NO,, whereas uncertainty in HNO3 and NO3™ dry deposition is
important in the Southwest. Uncertainty in dry deposition of NH4* aerosols is a small
contributor to the WDUM overall. The wet deposition fraction is dominated by uncertainty
associated with organic N dep across the U.S.
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3.6 Using WDUM in assessment of CL exceedances

Knowledge of the level of uncertainty in the total deposition budget can help to inform the
level of confidence with which policy and management actions to address CLs can be
implemented. Using the distribution of the WDUM to assign ranges of lowest, intermediate,
and highest uncertainty is one expression of the WDUM that could be used, akin to the
reliability categories for CLs (Bobbink et al., 2003; Pardo et al., 2011). For example, at a
near-exceedance site where uncertainty in the deposition estimate is considered low, a land
manager may be more confident in implementing an action to achieve the CL.

Using the herbaceous richness CL (Simkin et al., 2016) as an example, Figure 6 illustrates
how the WDUM can be used to assess uncertainty at near exceedance sites and its spatial
patterns within an area. Combining the information in Figure 6 with the relative
contributions of individual components to the WDUM (Figure 5) further allows for the
identification of the most important components of the deposition budget with respect to
uncertainty. Collectively, this information can be used to develop and prioritize measures to
improve deposition budgets and reduce uncertainties for a specific area. This concept is
further illustrated below using results for the Croatan and George Washington National
Forests and Shenandoah National Park (Table 4).

The Croatan National Forest has 24 (of 60) sites at near-exceedance with an average Nr
deposition of 1.1 kg ha™ yr~1 (11.5%) below the CL. The average WDUM for the near-
exceedance sites is 2.7, reflecting an intermediate level of uncertainty relative to the WDUM
distribution (Figure 4). The dominant components of the uncertainty are non-measured wet
organic N (NoM wet, 24.4%) and NH3 dry deposition (23.4%). Enhanced monitoring to
refine the deposition budget for this National Forest would prioritize these components.

The George Washington National Forest has 62 (of 431) sites near-exceedance with an
average deposition 1.4 kg ha™1 yr~1 (12.5%) below the CL. Shenandoah National Park has
152 sites (of 327) near-exceedance with an average deposition of 0.5 kg ha™! yr=1 (0.1%)
below the CL. The WDUM indicates an intermediate level of uncertainty at near-exceedance
sites in both areas. Non-measured Nr species again make up the majority of the uncertainty
(Shenandoah 37.7%; George Washington 42.9) with NH3 dry deposition now contributing
34.5% at Shenandoah and 19.6% at George Washington. These two federal land units exist
on opposite sides of the Shenandoah Valley. Locations with the highest WDUM values occur
on the western slope of Shenandoah and the eastern unit of George Washington. Based on
the spatial distribution of the component uncertainties, monitoring and research activities to
improve the deposition budgets in these areas would prioritize NO, and organic N in George
Washington NF and NH3 in Shenandoah NP.

The near-exceedance sites in the Simkin et al. (2016) dataset all exist in the eastern U.S.
Examples of application of the WDUM to CLs for other life forms in the western U.S. are
summarized in Table S1. The Bitterroot National Forest (WDUM = 2.9, high) exceeds the
CLs for a change in the alpine herbaceous community (3.5 kg ha™1 yr=1; Bowman et al.,
2012) with the majority of uncertainty coming from dry NH3 deposition (41.0%). The
Columbia River Gorge National Forest (WDUM = 2.9, high) just exceeds the CL for a
decrease in lichen richness (3.5 kg ha™1 yr~1; Geiser et al. 2019) in an area where lichen play
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an important role in ecosystem stability; dry deposition of non-measured N (34.5%) and
NHj3 (20.6%) drive the uncertainty. The Santa Monica Mountains National Recreation Area
(WDUM = 3.2, high) exceeds the CL for increased invasive grass growth (11 kg hat yr=1;
Cox et al 2014) with uncertainty coming from dry non-measured deposition from Los
Angeles to the south (30.3%) and dry NH3 deposition from agricultural emissions from the
north (28.6%). Finally, Joshua Tree National Park (WDUM = 2.7, intermediate) exceeds the
CL for invasive grass growth which can increase fire risk (2.1 to kg ha™! yr=1; Rao et al.
2010) with the majority of uncertainty coming from dry HNO3 deposition (31.2%) and dry
NHj3 deposition (24.4%). These examples further illustrate how identifying where areas of
high uncertainty in deposition overlap with areas of ecological sensitivity can help direct
future local efforts to improve deposition budgets for CL assessments.

4 Recommendations

The preceding discussion of sources of uncertainty in Nr deposition budgets motivates
research in several areas, including improvements to both measurements and models. Here
we outline several key needs for data synthesis, new measurements, and comparisons and
improvements to models that will improve the accuracy and spatial representativeness of Nr
deposition budgets and facilitate more rigorous estimates of uncertainty.

Deposition budgets used for North American CL assessments are biased low by an unknown
yet likely important amount due to lack of measurements of wet and dry organic N
deposition and incomplete treatment of organic N in CTMs. An important first step in
addressing this bias is to establish standard methods for measuring organic N in precipitation
and PM within existing monitoring infrastructure. A goal would be to incorporate routine
measurements of bulk organic N into NADP (precipitation), CAPMoN (precipitation and
PM) and CASTNET (PM) sampling and analytical protocols. Along with incorporation of
organic N measurements in national monitoring networks, a more detailed treatment of
organic N in CTMs is also needed (Pye et al., 2015).

Comparisons of measured versus modeled wet deposition of inorganic N across North
America generally show biases of £ 30% or less, which is on the same order as the variance
among deposition models in the intercomparison studies summarized here. Incorrect spatial
allocation and magnitude of emissions and differences in emission inventories are identified
as important sources of uncertainty. For NH3 emissions from animal production in North
America, improvements are needed in the emission factors and process-level emission
models themselves (McQuilling and Adams, 2015) as well as the accuracy and availability
of the activity data (i.e., number and locations of animals, types of) required to develop the
inventories (U.S. EPA, 2014). Spatial allocation of emissions will remain an issue until
inventories are developed at the animal facility scale but may be better informed by satellite
observations. For modeling NH3 emissions from fertilized soils (Cooter et al., 2012),
additional studies are needed to evaluate soil emission potentials (Bash et al., 2013; Zhang et
al, 2010) for a wider range of soil types and fertilizer characteristics. Inventories for NH3
mobile sources also require refinement, as recent measurements indicate emissions from
automobiles may be underestimated by a factor of 2 in the U.S. (Sun et al., 2017).
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Improvement of NOXx emission inventories are needed to address potential overestimates (~
30%) in mobile sources (McDonald et al., 2018).

Lack of understanding of dry deposition processes, and subsequent uncertainty in deposition
velocities and bi-directional exchange rates, remains a key limitation to improvement of Nr
deposition budgets. As noted above, commonly used inferential dry deposition models may
differ by a factor of 3 or more in mean deposition (exchange) velocities of Nr species, even
when driven with the same inputs (Schwede et al., 2011; Li et al., 2016; Flechard et al.,
2011). Additional monitoring and process-level measurements are needed to improve dry
deposition models for North America. Establishment of a small number of long-term
intensive flux measurement sites (e.g., Harvard Forest, Munger et al., 1996; NitroEurope
‘Level 3’ sites, Skiba et al., 2009) in key ecosystems is needed to characterize the most
important flux processes and to improve their representation in models. Measurements that
elucidate non-stomatal and bidirectional (e.g., NH3) exchange processes and the importance
of in- and near-canopy chemistry on canopy-scale fluxes are particularly needed. Low-cost
time integrated direct dry deposition methods such as the Conditional Time-Averaged
Gradient (COTAG) technique (Famulari et al., 2010) could be deployed in a monitoring
mode at a larger number of sites, using existing monitoring infrastructure (e.g., CASTNET),
to quantify dry deposition budgets and to provide additional data for evaluation of models.

In addition to new measurements, greater use of existing data would be beneficial. Efforts
are underway to develop a database of throughfall measurements across North America to
facilitate evaluation of models against independent non-network measurements. A second
effort is underway to construct a global metadatabase of micrometeorological flux
measurements of Nr (i.e., dry deposition) to help facilitate further evaluation and
improvement of dry deposition schemes.

Going beyond the general intercomparisons of CTMs summarized here, more detailed
comparisons will be needed to identify the most important sources of uncertainty in wet and
dry deposition to prioritize model improvements. For example, the next (fourth) phase of the
AQMEII study presents an opportunity to examine the importance of differences in R
parameterizations for V4 calculations. Other analyses should be performed to assess the
importance of meteorology, surface physical characteristics, and atmospheric chemistry to
intra-model differences in dry and wet deposition. Mapping this variability between models
will yield a more detailed analysis of deposition uncertainty.

In theory, methods such as TDep and ADAGIO that combine measurements and models
yield the best possible continuous fields of total Nr deposition currently available. While
preliminary comparisons show generally good agreement (75% of observations within £+
30%), more detailed analyses of the magnitude and spatial patterns of agreement, and
analysis of the components that differ most, would help to inform a quantitative estimate of
uncertainty in total deposition. These should include assessments of the impact of using
bidirectional (TDep) versus unidirectional (ADAGIO) models for NH3 deposition,
differences in sources of data for precipitation depth for wet deposition calculations (NADP/
PRISM for TDep versus CaPa for ADAGIO), and differences in the fusion method (IDW
bias correction for TDep versus optimal interpolation for ADADIO).
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Regarding improvements to MMF procedures, recent studies (Schwede et al., 2018; Paulot
et al., 2018) show that the use of grid-average deposition estimates from CTMs can be a
large source of error in calculating CL exceedances for some locations. Incorporation of
methods such as CMAQ STAGE (Bash et al., 2018) into MMF methods to produce maps of
land use specific total deposition should be explored. The TDep MMF procedure does not
currently include bias correction for NH3 due to uncertainty in the IDW parameterization
and difficulties introduced by the bi-directional exchange framework. Expanded monitoring
to better characterize NH3 spatial variability in agricultural regions is needed to address
these issues. Incorporation of data from existing urban air monitoring networks into the
TDep MMF procedure is needed to improve deposition estimates along urban to rural
gradients, particularly for NO,. The use of satellite NH3 and NO, data to inform expanded
ground-based monitoring and to fill geographical gaps in monitoring data for MMF
applications should be explored.

Incompleteness of deposition budgets with respect to organic N and the complexities of
quantifying and aggregating uncertainties in deposition components in CTMs and MMF
precludes a rigorous calculation of uncertainty in total Nr deposition. In the absence of a
quantitative estimate of absolute uncertainty, we introduce a simpler metric of relative
uncertainty in total deposition (WDUM). Our analysis highlights that dry deposition of NH3
is an important source of uncertainty in many areas of the country. Uncertainty in the dry
deposition of oxidized N is important over large areas of the eastern U.S. Examples of
uncertainty for specific locations demonstrate the use of the WDUM in identifying the most
uncertain components of the budget to prioritize future research and monitoring activities to
improve deposition budgets and reduce uncertainties in CL exceedances.

While the metric is presented here in its numerical form, alternative expressions could be
considered. For example, delineating ranges of the WDUM as “lowest, “intermediate”, and
“highest” levels of uncertainty may be more useful in some decision frameworks or more
compatible with approaches such as the reliability rating used for CLs (Bobbink et al., 2003;
Pardo et al., 2011). Future work will explore the use of geographical information to
incorporate a spatial component to the WDUM to account for greater uncertainty in
deposition at higher elevations.

While the WDUM is a useful starting point, an ultimate goal is to generate quantitative maps
of total uncertainty that could accompany maps of total deposition such as those developed
using TDep and ADAGIO MMF approaches. This will require improvements to
measurements and models informed by the recommendations outlined above. Additionally,
new methods are needed for aggregating different types of uncertainty estimates within the
total deposition budget, including uncertainties derived for measurements, spatial
interpolation, bias corrections of air concentrations, probabilistic estimates for modeled
variables, and other aspects of MMF procedures. This includes propagation of the
uncertainty from the weekly timescale of TDep and ADAGIO to the annual scale.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 20

6 References

Appel KW, Foley KM, Bash JO, Pinder RW, Dennis RL, Allen DJ, and Pickering K 2011 A multi-
resolution assessment of the Community Multiscale Air Quality (CMAQ) model v4.7 wet
deposition estimates for 2002-2006, Geoscientific Model Development, 4, 357-371.

Appel KW, Napelenok S, Hogrefe C, Pouliot G, Foley KM, Roselle SJ, Pleim JE, Bash J, Pye HOT,
Heath N, Murphy B, Mathur R, 2018 Overview and Evaluation of the Community Multiscale Air
Quality (CMAQ) Modeling System Version 5.2, in: Mensink C, Kallos G (Eds.), Air Pollution
Modeling and its Application XXV. Springer International Publishing, Cham, pp. 69-73.

Bash JO, Cooter EJ, Dennis RL, Walker JT, Pleim JE 2013 Evaluation of a regional air-quality model
with bi-directional NH3 exchange coupled to an agro-ecosystem model. Biogeosciences, 10, 1635—
1645.

Bash JO, Schwede D, Campbell P, Spero T, Appel W, Pinder R 2018 Introducing the Surface Tiled
Aerosol and Gaseous Exchange (STAGE) dry deposition option for CMAQ v5.3. 2018 Community
Modeling and Analysis System (CMAS) Conference, October 22 — 24, 2018, Chapel Hill, NC.

Battye WH, Bray CD, Aneja VP, Tong D, Lee P, Tang Y 2016 Evaluating ammonia (NH3) predictions
in the NOAA National Air Quality Forecast Capability (NAQFC) using in situ aircraft, ground-
level, and satellite measurements from the DISCOVER-AQ Colorado campaign. Atmospheric
Environment, 140, 342-351.

Beem KB, et al. 2010 Deposition of reactive nitrogen during the Rocky Mountain Airborne Nitrogen
and Sulfur (RoOMANS) study. Environmental Pollution, 158, 862—-872. [PubMed: 19833422]

Benedict KB, 2012 Observations of atmospheric reactive nitrogen species and nitrogen deposition in
the Rocky Mountains. Dissertation, Colorado State University https://dspace.library.colostate.edu/
handle/10217/71545

Bobbink R, Ashmore M, Braun S, Fluckinger W, van den Wyngaert 1JJ 2003 Empirical nitrogen
critical loads for natural and semi-natural ecosystems: 2002 update In: Achermann B, Bobbick R,
eds. Empirical critical loads for nitrogen. Environmental Documentation No. 164 Berne,
Switzerland: Swiss Agency for the Environment, Forests, and Landscape: 43-170.

Bowman WD, Murgel J, Blett T, Porter E 2012 Nitrogen critical loads for alpine vegetation and soils
in Rocky Mountain National Park. Journal of Environmental Management, 103, 165-171. [PubMed:
22516810]

Butler T, Marino R, Schwede D, Howarth R, Sparks J, Sparks K 2015 Atmospheric ammonia
measurements at low concentration sites in the northeastern USA: implications for total nitrogen
deposition and comparison with CMAQ estimates. Biogeochemistry, 122, 191-210.

Calderén SM, Poor ND, Campbell SW 2007 Estimation of the particle and gas scavenging
contributions to wet deposition of organic nitrogen. Atmospheric Environment, 41, 4281-4290.

Cape JN, Cornell SE, Jickells TD, Nemitz E 2011 Organic nitrogen in the atmosphere — Where does
it come from? A review of sources and methods. Atmospheric Research, 102, 30-48.

Chen X, Xie M, Hays MD, Edgerton E, Schwede D, Walker JT 2018 Characterization of organic
nitrogen in aerosols at a forest site in the southern Appalachian Mountains. Atmospheric
Chemistry and Physics, 18, 6829-6846. [PubMed: 32704249]

Cheng M, Jiang H, Guo Z, Zhang X, Lu X 2013 Estimating NO2 dry deposition using satellite data in
eastern China. International Journal of Remote Sensing, 34, 2548-2565.

Clark CM, Phelan J, Doraiswamy P, Buckley J, Cajka JC, Dennis RL, Lynch J, Nolte CG, Spero TL
2018 Atmospheric deposition and exceedances of critical loads from 1800-2025 for the
conterminous United States. Ecological Applications, 28, 978-1002. [PubMed: 29714821]

Cooter EJ, Bash JO, Benson V, Ran L 2012 Linking agricultural crop management and air quality
models for regional to national-scale nitrogen assessments. Biogeosciences, 9, 4023-4035.

Cox RD, Preston KL, Johnson RF, Minnich RA, Allen EB 2014 Influence of landscape-scale variables
on vegetation conversion to exotic annual grassland in southern California, USA. Global Ecology
and Conservation, 2, 190-203.

Daly C, Halbleib M, Smith JI, Gibson WP, Doggett MK, Taylor GH, Curtis J, Pasteris PA 2008
Physiographically-sensitive mapping of temperature and precipitation across the conterminous
United States. International Journal of Climatology, 28, 2031-2064.

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.


https://dspace.library.colostate.edu/handle/10217/71545
https://dspace.library.colostate.edu/handle/10217/71545

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 21

Dennis RL, Foley KM, 2009 Adapting CMAQ deposition fields for critical loads analyses NADP
Annual Meeting and Scientific Symposium. Saratoga Springs, (NY).

Dennis R, Fox T, Fuentes M, Gilliland A, Hanna S, Hogrefe C, Irwin J, Rao ST, Scheffe R, Schere K,
Steyn D Venkatram, A. 2010 A framework for evaluating regional-scale numerical photochemical
modeling systems. Environmental Fluid Mechanics, 10, 471-489. [PubMed: 21461126]

Dennis RL, Schwede DB, Bash JO, Pleim JE, Walker JT, Foley KM 2013 Sensitivity of continental
United States atmospheric budgets of oxidized and reduced nitrogen to dry deposition
parameterizations. Philosophical Transactions of the Royal Society B, 368, 20130124.

Dentener F, Drevet J, Lamarque JF, Bey I, Eickhout B, Fiore AM, et al. 2006 Nitrogen and sulfur
deposition on regional and global scales: A multimodel evaluation. Global Biogeochemical
Cycles, 20, GB4003.

Ellis RA, Jacob DJ, Sulprizio MP, Zhang L, Holmes CD, Schichtel BA, Blett T, Porter E, Pardo LH,
Lynch JA 2013 Present and future nitrogen deposition to national parks in the United States:
critical load exceedances. Atmospheric Chemistry and Physics, 13, 9083-9095.

Famulari D, Fowler D, Nemitz E, Hargreaves KJ, Storeton-West RL, Rutherford G, Tang Y'S, Sutton
MA, Weston KJ 2010 Development of a low-cost system for measuring conditional time-averaged
gradients of SO, and NHg3. Environmental Monitoring and Assessment, 161, 11-27. [PubMed:
19184491]

Flechard C, Nemitz E, Smith R, Fowler D, Vermeulen A, Bleeker A, et al. 2011 Dry deposition of
reactive nitrogen to European ecosystems: A comparison of inferential models across the
NitroEurope network. Atmospheric Chemistry and Physics, 11, 2703-2728.

Flechard CR, Massad R-S, Loubet B, Personne E, Simpson D, Bash JO, Cooter EJ, Nemitz E, Sutton
MA 2013 Advances in understanding, models and parameterizations of biosphere-atmosphere
ammonia exchange. Biogeosciences, 10, 5183-5225.

Geiser LH, Nelson PR, Jovan SE, Root HT, Clark CM 2019 Assessing Ecological Risks from
Atmospheric Deposition of Nitrogen and Sulfur to US Forests Using Epiphytic Macrolichens.
Diversity, 11, 87.

Gilliland AB, Butler TJ, Likens GE 2002 Monthly and annual bias in weekly (NADP/NTN) versus
daily (AIRMoN) precipitation chemistry data in the Eastern USA. Atmospheric Environment, 36,
5197-52086.

Hicks BB 2006 Dry deposition to forests - On the use of data from clearings. Agricultural and Forest
Meteorology, 136, 214-221.

Jickells T, Baker AR, Cape JN, Cornell SE, Nemitz E, 2013 The cycling of organic nitrogen through
the atmosphere. Philosophical Transactions of the Royal Society — B, 368, 20130115.

Keene WC, Montag JA, Maben JR, Southwell M, Leonard J, Church TM, Moody JL, Galloway JN
2002 Organic nitrogen in precipitation over Eastern North America. Atmospheric Environment,
36, 4529-4540.

Kelly JT, Baker KR, Nowak JB, Murphy JG, Markovic MZ, et al. 2014 Fine-scale simulation of
ammonium and nitrate over the South coast air basin and San Joaquin Valley of California during
CalNex-2010. Journal of Geophysical Research — Atmospheres, 119, 3600-3614.

Khan TR, Perlinger JA 2017 Evaluation of five particle dry deposition parameterizations for
incorporation into atmospheric transport models. Geoscientific Model Development, 10, 3861—
3888.

Kharol SK, Shephard MW, McLinden CA, Zhang L, Sioris CE, O’Brien JM, Vet R, Cady-Pereira KE,
Hare E, Siemons J, Krotkov NA 2018 Dry deposition of reactive nitrogen from satellite
observations of ammonia and nitrogen dioxide over North America. Geophysical Research Letters,
45, 1157-1166.

Lamarque J-F, Dentener F, McConnell J, Ro C-U, Shaw M, Vet R, et al. 2013 Multi-model mean
nitrogen and sulfur deposition from the atmospheric chemistry and climate model intercomparison
project (ACCMIP): Evaluation of historical and projected future changes. Atmospheric Chemistry
and Physics, 13, 7997-8018.

Latysh NE, Wetherbee GA 2012 Improved mapping of National Atmospheric Deposition Program
wet-deposition in complex terrain using PRISM-gridded data sets. Environmental Monitoring and
Assessment, 184, 913-928. [PubMed: 21476103]

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 22

Lavery TF, Rogers CM, Baumgardner R, Mishoe KP 2009 Intercomparison of Clean Air Status and
Trends Network Nitrate and Nitric Acid Measurements with Data from Other Monitoring
Programs. Journal of the Air & Waste Management Association, 59, 214-226.

Lear G, Schwede D 2012 Hybrid approach to estimating total deposition using CMAQ and monitoring
data. National Atmospheric Deposition Program (NADP) Total Deposition Science Committee
Fall Meeting, Portland, ME http://nadp.slh.wisc.edu/committees/minutes/fall2012/TDep/Lear.pdf

Lee H-M, Paulot F, Henze DK, Travis K, Jacob DJ, Pardo LH, Schichtel BA 2016 Sources of nitrogen
deposition in Federal Class | areas in the US, Atmospheric Chemistry and Physics, 16, 525-540.

Li Y, Schichtel BA, Walker JT, Schwede DB, Chen X, Lehmann CMB, Puchalski MA, Gay DA,
Collett JL 2016 Increasing importance of deposition of reduced nitrogen in the United States.
Proceedings of the National Academy of Sciences of the USA, 113, 5874-5879. [PubMed:
27162336]

Lin M, Walker J, Geron C, Khlystov A, 2010 Organic nitrogen in PM2.5 aerosol at a forest site in the
Southeast US. Atmospheric Chemistry and Physics 10, 2145-2157.

Luecken DJ, Yarwood G, Hutzell WH., 2019 Multipollutant of ozone, reactive nitrogen and HAPs
across the continental US with CMAQ-CB6. Atmospheric Environment 201, 62—72.

Makar PA, Akingunola A, Aherne J, Cole AS, Aklilu Y-A, Zhang J, Wong |, Hayden K, Li S-M, Kirk
J, Scott K, Moran MD, Robichaud A, Cathcart H, Baratzedah P, Pabla B, Cheung P, Zheng Q,
Jeffries DS 2018 Estimates of exceedances of critical loads for acidifying deposition in Alberta
and Saskatchewan. Atmospheric Chemistry and Physics, 18, 9897-9927.

Massad R-S, Nemitz E, Sutton MA, 2010 Review and parameterisation of bi-directional ammonia
exchange between vegetation and the atmosphere. Atmospheric Chemistry and Physics, 10,
10359-10386.

McDonald BC, McKeen SA, Cui YY, Ahmadov R, Kim S-W, Frost GJ, Pollack 1B, Peischl J, Ryerson
TB, Holloway JS, Graus M, Warneke C, Gilman JB, de Gouw JA, Kaiser J, Keutsch FN, Hanisco
TF, Wolfe GM, Trainer M, 2018 Modeling Ozone in the Eastern U.S. using a Fuel-Based Mobile
Source Emissions Inventory. Environmental Science & Technology 52, 7360-7370. [PubMed:
29870662]

McDonnell TC, Reinds GJ, Sullivan TJ, Clark CM, Bonten LTC, Mol-Dijkstra JP, Wamelink GWW,
Dovciak M 2018 Feasibility of coupled empirical and dynamic modeling to assess climate change
and air pollution impacts on temperate forest vegetation of the eastern United States.
Environmental Pollution, 234, 902-914. [PubMed: 29253831]

McQuilling AM, Adams PJ, 2015 Semi-empirical process-based models for ammonia emissions from
beef, swine, and poultry operations in the United States. Atmospheric Environment, 120, 127-136.

Moran MD, Lupu A, Zhang J, Savic-Jovcic V, Gravel S 2017 A comprehensive performance
evaluation of the next generation of the Canadian operational regional air quality deterministic
prediction system In Air Pollution Modeling and its Application XXV, ISBN 978-3-319-57644-2,
Edited by Mensink C and Kallos G, Springer International Publishing, Switzerland, 75-81.

Munger JW, Wofsy SC, Bakwin PS, Fan SM, Goulden ML, Daube BC, Goldstein AH, Moore KE,
Fitzjarrald DR 1996 Atmospheric deposition of reactive nitrogen oxides and ozone in a temperate
deciduous forest and a subarctic woodland .1. Measurements and mechanisms. Journal of
Geophysical Research - Atmospheres, 101, 12639-12657.

Nanus L, McMurray JA, Clow DW, Saros JE, Blett T, Gurdak JJ 2017 Spatial variation of atmospheric
nitrogen deposition and critical loads for aquatic ecosystems in the Greater Yellowstone Area.
Environmental Pollution, 223, 644-656. [PubMed: 28185707]

Nilsson J, Greenfelt P 1988 Critical levels for sulphur and nitrogen, 418 pp., Nordic Counc. of Minist.,
Copenhagen, Denmark.

Pardo LH, Robin-Abbott MJ, Driscoll CT, eds. 2011 Assessment of nitrogen deposition effects and
empirical critical loads of nitrogen for ecoregions of the United States General Technical Report
NRS-80. Newtown Square, PA U.S. Department of Agriculture, Forest Service, Northern Research
Station 291 p.

Paulot F, Malyshev S, Nguyen T, Crounse JD, Shevliakova E, Horowitz LW 2018 Representing sub-
grid scale variations in nitrogen deposition associated with land use in a global Earth System

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.


http://nadp.slh.wisc.edu/committees/minutes/fall2012/TDep/Lear.pdf

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 23

Model: implications for present and future nitrogen deposition fluxes over North America.
Atmospheric Chemistry and Physics, 18, 17963-17978.

Pleim JE, Bash JO, Walker JT, Cooter EJ 2013 Development and evaluation of an ammonia bi-
directional flux parameterization for air quality models. Journal of Geophysical Research-
Atmospheres, 118, 3794-3806.

Pye HOT., Luecken DJ, Xu L, Boyd CM, Ng NL, Baker KR, Ayres BR, Bash JO, Baumann K, Carter
WPL, Edgerton E, Fry JL, Hutzell WT, Schwede DB, Shepson PB 2015 Modeling the current and
future roles of particulate organic nitrates in the southeastern United States. Environmental
Science & Technology, 49, 14195-14203. [PubMed: 26544021]

Robichaud A, Ménard R 2014 Multi-year objective analyses of warm season ground-level ozone and
PM> 5 over North America using real-time observations and Canadian operational air quality
models. Atmospheric Chemistry and Physics, 14, 1769-1800.

Rao LE, Allen EB, Meixner T 2010 Risk-based determination of critical nitrogen deposition loads for
fire spread in southern California deserts. Ecological Applications, 20, 1320-1335. [PubMed:
20666252]

Russell KM, Keene WC, Maben JR, Galloway JN, Moody JL 2003 Phase partitioning and dry
deposition of atmospheric nitrogen at the mid- Atlantic US coast. Journal of Geophysical Research
— Atmospheres, 108, 4656.

Schwede D, Zhang L, Vet R, Lear G 2011 An intercomparison of the deposition models used in the
CASTNET and CAPMoN networks. Atmospheric Environment, 45, 1337-1346.

Schwede DB, Lear GG 2014 A novel hybrid approach for estimating total deposition in the United
States. Atmospheric Environment, 92, 207-220.

Schwede D, Simpson D, Tan J, Fu J, Dentener F, Du E, deVries W 2018 Spatial variation of modelled
total, dry and wet nitrogen deposition to forest at global scale. Environmental Pollution, 243,
1287-1301. [PubMed: 30267923]

Scudlark JR, Russell KM, Galloway JN, Church TM, Keene WC 1998 Dissolved organic nitrogen in
precipitation at the mid-Atlantic US coast: methods evaluation and preliminary data. Atmospheric
Environment, 32, 1719-1728.

Sickles JE 11, Shadwick DS, 2002 Precision of atmospheric dry deposition data from the Clean Air
Status and Trends Network. Atmospheric Environment 36, 5671-5686.

Simkin S, Allen EB, Bowman B, Clark CM, Belnap J, Brooks ML, Cade BS, Collins SL, Geiser LH,
Gilliam FS, Jovan SE, Pardo LH, Schulz BK, Stevens CJ, Suding K, Throop HL, Waller DM 2016
Conditional vulnerability of plant diversity to atmospheric nitrogen deposition across the United
States. Proceedings of the National Academy of Sciences, 113, 4086-4091.

Simpson D, Benedictow A, Berge H, Bergstrém R, Emberson LD, Fagerli H, Flechard CR, Hayman
GD, Gauss M, Jonson JE, Jenkin ME, Nyiri A, Richter C, Semeena VS, Tsyro S, Tuovinen JP,
Valdebenito A, Wind P, 2012 The EMEP MSC-W chemical transport mode - technical description.
Atmospheric Chemistry and Physics, 12, 7825-7865.

Skiba U, et al., 2009 Biosphere—atmosphere exchange of reactive nitrogen and greenhouse gases at the
NitroEurope core flux measurement sites: measurement strategy and first data sets. Agriculture,
Ecosystems & Environment, 133, 139-149.

Solazzo E, Bianconi R, Pirovano G, Matthias V, Vautard R, Moran MD, K.W., et al. 2012 Operational
model evaluation for particulate matter in Europe and North America in the context of AQMEII.
Atmospheric Environment, 53, 75-92.

Sun K, Tao L, Miller DJ, Pan D, Golston LM, Zondlo MA, Griffin RJ, Wallace HW, Leong YJ, Yang
MM, Zhang Y, Mauzerall DL, Zhu T 2017 Vehicle emissions as an important urban ammonia
source in the United States and China. Environmental Science and Technology, 51, 2472-2481.
[PubMed: 28140570]

Swall JL, Foley KM 2009 The impact of spatial correlation and incommensurability on model
evaluation. Atmospheric Environment, 43, 1204-1217.

Tan J, Fu JS, Dentener F, Sun J, Emmons L, Tilmes S, Sudo K, Flemming J, Jonson JE, Gravel S, Bian
H, Davila Y, Henze DK, Lund MT, Kucsera T, Takemura T, Keating T 2018 Multi-model study of
HTAP Il on sulfur and nitrogen deposition. Atmospheric Chemistry and Physics, 18, 6847-6866.

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 24

Thompson TM, Rodriguez MA, Barna MG, Gebhart KA, Hand JL, Day DE, Malm WC, Benedict KB,
Collett JL, Schichtel BA 2015 Rocky Mountain National Park reduced nitrogen source
apportionment. Journal of Geophysical Research - Atmospheres, 120, 4370-4384.

UNC-Chapel Hill and ENVIRON International Corporation. 2015 Three-State Air Quality Modeling
Study (3SAQS) — Model performance evaluation (simulation year 2011). Available at: http://
vibe.cira.colostate.edu/wiki/Attachments/Modeling/3SAQS_Basella MPE_Final_18Jun2015.pdf

U.S. EPA, 2014 U.S. Environmental Protection Agency, 2014 National Emissions Inventory. https://
www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-data

U.S. EPA, 2019 U.S. Environmental Protection Agency Critical Loads Mapper Tool https://
www.epa.gov/air-research/critical-loads-mapper-tool

U.S. Forest Service, National Park Service, and U.S. Fish and Wildlife Service. 2011 Federal land
managers’ interagency guidance for nitrogen and sulfur deposition analyses: November 2011
Natural Resource Report NPS/NRSS/ ARD/NRR-2011/465. National Park Service, Denver,
Colorado.

Vet R, Artz RS, Carou S, Shaw M, Ro C-U, Aas W, Baker A, Bowersox VC, Dentener F, Galy-Lacaux
C, Hou A, Pienaar JJ, Gillett R, Forti MC, Gromov S, Hara H, Khodzher T, Mahowald NM,
Nickovic S, Rao PSP, Reid NW 2014 A global assessment of precipitation chemistry and
deposition of sulfur, nitrogen, sea salt, base cations, organic acids, acidity and pH, and phosphorus.
Atmospheric Environment, 93, 3-100.

Walker JT, Dombek TL, Green LA, Gartman N, Lehmann CMB, 2012 Stability of organic nitrogen in
NADP wet deposition samples. Atmospheric Environment, 60, 573-582.

Walker JT, Beachley G, Zhang L, Benedict KB, Sive BC, Schwede DB 2019 A review of
measurements of air-surface exchange of reactive nitrogen in natural ecosystems across North
America. Science of the Total Environment, In Review.

Wesely ML 1989 Parameterization of surface resistances to gaseous dry deposition in regional-scale
numerical models, Atmospheric Environment, 23, 1293-1304.

Wetherbee GA, Latysh NE, Gordon JD 2005 Spatial and temporal variability of the overall error of
national atmospheric deposition program measurements determined by the USGS collocated-
sampler program, water years 1989-2001. Environmental Pollution, 135, 407-418. [PubMed:
15749539]

Wetherbee GA, Latysh N, Chesney TA 2010 U.S. Geological Survey external quality-assurance project
report to the National Atmospheric Deposition Program/National Trends Network and Mercury
Deposition Network, 2007-08. U.S. Geological Survey, ISWS Miscellaneous Publication 190
https://bgs.usgs.gov/precip/reports/qa0708/nadp_qa0708_final.pdf

Whitall DR, Paerl HW 2001 Spatiotemporal variability of wet atmospheric nitrogen deposition to the
Neuse River Estuary, North Carolina. Journal of Environmental Quality, 30, 1508-1515. [PubMed:
11577854]

Williams JJ, Chung SH, Johansen AM, Lamb BK, Vaughan JK, Beutel M 2017 Evaluation of
atmospheric nitrogen deposition model performance in the context of U.S. critical load
assessments. Atmospheric Environment, 150, 244-255.

Willmott CJ, Matsuura K 1995 Smart Interpolation of annually averaged air temperature in the United
States. Journal of Applied Meteorology, 34, 2577-2586.

World Meteorological Organization, 2017 Global Atmosphere Watch Workshop on Measurement-
model Fusion for Global Total Atmospheric Deposition (MMFGTAD), 28February - 2March
2017, vol 234 GAW Report No, Geneva, Switzerland, p. 45.

Wu ZY, Wang X, Turnipseed AA, Chen F, Zhang L, Guenther AB, et al. 2012 Evaluation and
improvements of two community models in simulating dry deposition velocities for peroxyacetyl
nitrate (PAN) over a coniferous forest. Journal of Geophysical Research - Atmospheres, 117,
D04310.

Wu ZY, Schwede D, Vet R, Walker J, Shaw M, Staebler R, Zhang L 2018 Evaluation and
intercomparison of five North American dry deposition algorithms at a mixed forest site. Journal
of Advances in Modeling Earth Systems, 10, 1571-1586. [PubMed: 31666920]

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.


http://vibe.cira.colostate.edu/wiki/Attachments/Modeling/3SAQS_Base11a_MPE_Final_18Jun2015.pdf
http://vibe.cira.colostate.edu/wiki/Attachments/Modeling/3SAQS_Base11a_MPE_Final_18Jun2015.pdf
https://www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-data
https://www.epa.gov/air-emissions-inventories/2014-national-emissions-inventory-nei-data
https://www.epa.gov/air-research/critical-loads-mapper-tool
https://www.epa.gov/air-research/critical-loads-mapper-tool
https://bqs.usgs.gov/precip/reports/qa0708/nadp_qa0708_final.pdf

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 25

Zamora LM, Prospero JM, Hansell DA 2011 Organic nitrogen in aerosols and precipitation at
Barbados and Miami: implications regarding sources, transport and deposition to the western
subtropical Atlantic. Journal of Geophysical Research — Atmospheres, 116, D20309.

Zhang Q, Anatasio C, Jimenez-Cruz M 2002a Water soluble organic nitrogen in atmospheric fine
particles (PM2.5) from northern California. Journal of Geophysical Research — Atmospheres, 107,
AAC 3-1-AAC 3-9.

Zhang L, Moran M, Makar P, Brook J, Gong S 2002b Modelling gaseous dry deposition in AURAMS
A Unified Regional Air-quality Modelling System. Atmospheric Environment, 36, 537-560.

Zhang L, Brook JR, Vet R 2003 A revised parameterization for gaseous dry deposition in air - quality
models. Atmospheric Chemistry and Physics, 3, 2067-2082.

Zhang L, Vet R, O’Brien JM, Mihele C, Liang Z, Wiebe A 2009 Dry deposition of individual nitrogen
species at eight Canadian rural sites. Journal of Geophysical Research - Atmospheres, 114,
D02301.

Zhang L, Wright LP, Asman WAH 2010 Bi - directional air - surface exchange of atmospheric
ammonia: A review of measurements and a development of a big - leaf model for applications in
regional - scale air - quality models. Journal of Geophysical Research — Atmospheres, 115, D20.

Zhang R, Thompson TM, Barna MG, Hand JL, McMurray JA, Bell MD, Malm WC, Schichtel BA
2018a Source regions contributing to excess reactive nitrogen deposition in the Greater
Yellowstone Area (GYA) of the United States. Atmospheric Chemistry and Physics, 18, 12991—
13011.

Zhang Y, Mathur R, Bash JO, Hogrefe C, Xing J, and Roselle SJ 2018b Long-term trends in total
inorganic nitrogen and sulfur deposition in the US from 1990 to 2010, Atmospheric Chemistry and
Physics, 18, 9091-9106. [PubMed: 30079084]

Zhang Y, Foley KM, Schwede DB, Bash JO, Pinto JP, Dennis RL 2019 A measurement-model fusion
approach for improved wet deposition maps and trends. Journal of Geophysical Research —
Atmospheres, Accepted for publication.

Sci Total Environ. Author manuscript; available in PMC 2020 December 09.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Walker et al.

Page 26

10.0
“ oo [ Rt A R/
Lo
% At 1 ©
= < -
) :
= 0 -
g
£ " Critical Load Exceedances
° ¥ kg ha' yr’
g -100 o = o 210-1(900)
X ; {

-1 10 0 (464)
»  0to1(258)
= °  1102(238)
Other exceedances (14,973)
200
0.0 50 10.0 15.0 20.0 25.0
Total N Deposition (kg ha* yr?)
Figure 1.

Exceedance of herbaceous richness critical load based on TDep total N deposition 2013—
2015. Colored values represent locations (1860 of 16,833 total) where the exceedance is
within £ 2 kg ha™1 yr~1 of the total N deposition. Exceedance data from Simkin et al., 2016.
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Pet of total N as unmeasured species 1315
Source: CASTNET/CMAQNTIN/AMONSEARCH USEPA 09/1/16

Figure 2.
NADP TDEP map of the percentage of total deposition attributed to dry deposition of non-

measured (NoM) N species (i.e. “Other N”), which includes NO, NO,, HONO, N,Os, and
organic N.
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Figure 3.

Comparison of ADAGIO and TDep MMF estimates of total N deposition.
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Figure 4.

Map of weighted deposition uncertainty metric (WDUM) for corresponding TDep 2016 total
deposition map. Probability distribution of the WDUM (bin-size of 0.025) is inset.
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Figure 5.
Percent contribution of components of the TDep total N deposition budget to the

corresponding WDUM values shown in Figure 4. Uncertainty ratings (UR) used in equation
(2) and described in Table 3 are also indicated.
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Figure 6.

Croatan National Forest

Shenandoah Natiotl Park and,
George Washington”National Fore5t

WDUM for near exceedances (+ 2 kg ha=! yr1) of the herbaceous richness critical load
based on TDep total N deposition 2013-2015. Inset maps show distribution of survey plots
from Simkin et al., 2016 within Croatan National Forest, George Washington National
Forest, and Shenandoah National Park.
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Summary of deposition components and uncertainty ratings for the weighted deposition uncertainty metric

(WDUM).
Deposition Component  Description Uncertainty Rating
NO;_wet Wet deposition of NO3~ 1
NH,_wet Wet deposition of NH,* 1
NoM_wet Wet deposition of ON (non-measured) 5
NO5_dry Dry deposition of NO3™ 3
HNO3_dry Dry deposition of HNO; 2
NH,_dry Dry deposition of NH,* 3
NHs_dry Dry deposition of NH 4
NoM dry Dry deposition of “other N” species 4
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Table 4.

Summary of total deposition (TDep, Total N 2013-2015), exceedances (Exceed), WDUM, and percent
contribution of deposition components to WDUM (% of WDUM) for Simkin et al. (2016) points (Count) that
fall within the boundaries of the Croatan and George Washington National Forests, and Shenandoah National

Park.
Croatan NF George Washington NF Shenandoah NP
All  Near Exceedance  All  Near Exceedance ~ All  Near Exceedance
Count 60 24 431 62 327 152
TDep 8.5 8.6 7.6 8.4 9.7 10.3
Exceed -2.9 -11 -3.9 -1.2 -2.0 -0.5
WDUM 2.7 2.7 2.5 2.6 2.7 2.8
% of WDUM % of WDUM % of WDUM

HNOs dry 58 5.8 175 18.1 134 123
NHs dry 229 23.4 15.1 19.6 29.4 345
NH, dry 2.6 2.6 2.6 29 1.9 17
NH, wet 96 9.3 8.2 75 7.9 7.2
NOs dry 108 11.0 3.0 33 2.2 2.0
NO; wet 5.4 54 6.5 5.7 4.9 46
NoM_dry  17.8 18.1 22.6 20.9 19.1 17.9
NoM_wet  25.0 24.4 24.4 22.0 21.3 19.8
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