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Abstract

Air pollution is one of the top risk factors for public health burden. These risk factors are
exacerbated on a local scale for sulfur dioxide (SO2). The estimates of these health risks have been
focused on particulate matter and ozone which fall short of showing the full picture on how local
scale air pollution is different from those on a regional/state-based exposures. Additionally, the
capabilities of complex atmospheric models and observational methods does not fill the data gaps
that exist with sulfur dioxide. In this study, we present a computationally feasible methodology by
using the American Meteorological Society (AMS)/Environmental Protection Agency’s (EPA)
Regulatory model, AERMOD, a local scale gaussian dispersion model to fill the data gaps in
surface level concentrations near large point sources of SO2 emissions. We also assess the potential
for leveraging advanced photochemical model output for background concentration
characterization. We study sources based on the volume of annual emissions as well as the
availability of regulatory in-situ SO2 monitors near those sources for model evaluation.

We find that local-scale dispersion models need to be leveraged for quantifying SO2
exposures for people living near an emissions source by allowing discerning of sub-grid scale
variability issues associated with coarser photochemical models. Near-source SOz concentrations
have a wide range of values around a source which are averaged out on those coarse grids. At the
four study locations, the ratio maximum SOz concentration at a point in the grid is ~2 to 7 times
higher than the average of all receptors in the grid. The maximum concentrations are 350.39, 82.89,
75.95, and 259.70 pg/m? for sites A, B, C, and D respectively while the average is 70.12, 11.89,
27.89, and 134.65 pg/m?.

We also find that the maximum 1-hour SO2 concentration occurs within 4 km from the

source while the average distance of an SO2 monitor from a source is 45.10 km. We find that only



32% of the large point sources of SOz emissions have at least one SO2 monitor within a 15 km
radius. This is relevant in determining a threshold for studying the environmental justice impacts
of source-specific pollution exposure. When concentrations vary over such a small distance, public
health exposure estimates should be derived after giving due consideration to these spatial
variabilities.

For background concentration characterization, we find that the network of in-situ monitors
is insufficient to capture the peak concentrations occurring near the source for SOz in gas phase.
Furthermore, we assessed alternatives for determining background concentrations based on
photochemical model output and found that for isolated sources, the AQS-based background
overpredicts for annual and median background scenarios. In contrast to this, the Community
Multiscale Air Quality (CMAQ) model-based background underestimates the ambient impacts for
both the yearly average and 50™ percentile basis for relatively small emission sources, whereas for
a large point source, the CMAQ grid cell background concentrations overestimate the impact.

This work illustrates the potential for local-scale air quality models to be leveraged for
fine-scale public health exposure assessment. This can further help fill the gaps for the public

health benefits associated with gaseous pollutant exposure.
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Chapter 1: Introduction

One of the top environmental risk factors for disease is air pollution (Bala et al., 2021;
Cohen et al., 2005). Sulfur dioxide (SOz2) is one of the atmospheric species primarily emitted from
coal power generation, industrial, and smelting processes that contributes to this risk factor
estimates. SOz is emitted in a gaseous state and can be oxidized to sulfate aerosol contributing to
ambient particulate matter concentrations (Saxena & Seigneur, 1987). It is regulated as a criteria
air pollutant in the United States by the U.S. Environmental Protection Agency (EPA) with
primary and secondary standards. The primary standards for SOz, designed to protect public health,
are set at 75 ppb for 99™ percentile 1-hour daily maximum concentrations averaged over 3 years.
In comparison, the secondary standards for SO2 are based on a 3-hour limit of 0.5 parts per million
(ppm) (US EPA, 2014). Additionally, chemical characteristics determine the nature of regulation.
For instance, the only pollutants regulated based on 1-hour values are Carbon Monoxide (CO),
Nitrogen Dioxide (NO2), and SOz, while Particulate Matter (PM) and ozone (Os3) are regulated on
a 24-hour/annual basis and 8-hour respectively (US EPA, 2014). CO, NO2, and SO: are all
precursors to secondary pollutants and are subject to chemical transformation in the atmosphere
but are also public health hazards on a short-term basis.
1.1 Health effects of SO2 exposure

The scientific interest in modeling and assessing SO: is twofold. First, when emitted, SO2
IS in the gas phase and is later oxidized to sulfate aerosol. Exposure to both gaseous SO2 as well
as sulfate particulate, collectively with other species known as PMz2s has a detrimental effect on
public health (Chiang et al., 2016). The Integrated Science Assessment (ISA) published by the
EPA reviews toxicological, animal, and epidemiological studies and synthesizes knowledge on the

health effects of air pollutants. This is further helpful in deciding whether the air quality standards



need to be more stringent to reflect the adverse health impacts. The 2008 and 2017 SOx ISA both
indicate a causal relationship between respiratory effects and short-term exposure. In terms of
long-term exposure and respiratory effects, the findings from the 2017 ISA are suggestive but not
causally established (U.S. EPA Integrated Science Assessment, 2017). Statistical analysis of SO2
exposure indicates an increase in total, cardiovascular as well as respiratory mortality (Kan et al.,
2010). The health-relevant outcomes associated with SO2 exposure from population-based
epidemiological studies in the scientific literature indicate the cause of Chronic Obstructive
Pulmonary Disorder (COPD) and Cardiovascular Disorder (CVD) (Z. Chen et al., 2022).
1.2 Chemical lifetime of SOz2 in the atmosphere

Sulfur dioxide (SOz2) in gaseous form, is a short-lived pollutant and undergoes oxidation in
the atmosphere to form sulfate (SO42) particles. Studies have assessed the variability in SO
lifetimes, which ranges from 0.6 to 2.6 days globally. This includes a seasonal effect with higher
chemical reactivity of SOz gas in summer months as compared to winter (Berglen et al., 2004, Lee
et al., 2011). The concept of lifetimes aid in developing an understanding of the spatial scales at
which a particular species will be relevant for public health. These lifetimes determine the fate and
transport of an atmospheric species. For instance, for higher lifetimes such as 10 to 20 days,
pollution can travel across continental boundaries (Stohl et al., 2002). In the case of SOz, long-
range impacts are associated mainly with the oxidized sulfate form rather than the gas (Qu et al.,
2016). For trace gases like SO2 and NOx, the highest concentrations are found within 20 km of the
source, with 9% of SO2 oxidizing to sulfate within 50 km (Stevens et al., 2012). Due to the short-
lived nature of SOg, its impact is most significant at the local scale, leading to disparities in
exposure. Since the distance from the source determines who is affected, and the gas's lifetime

dictates the species causing the impact, assessing near-source SOz concentrations is crucial. This



raises important questions about the location of sources: Are the impacts evenly distributed among
different demographic groups, or are certain communities disproportionately affected?

Measurement of air pollution is an important aspect of determining ambient air quality.
Ground-based measurements from federal reference methods (FRM) are the ‘gold standard’ of air
pollution measurements (Miller, 2021). However, because of economic constraints, the spatial
coverage of these observations is sparse across the Contiguous United States (CONUS) and more
so in other countries across the world. For Environmental Justice (EJ) evaluation of air pollution
exposure, satellite-derived datasets have been used in scientific literature (Demetillo et al., 2020;
Dressel et al., 2022; Sayyed et al., 2024). Since the spatial coverage of low-cost sensors is more
extensive than the in situ monitors, they have been previously used for EJ analysis as well (Kramer
et al., 2023). However, even the placement of these sensors is found to be associated with socio-
economic disparities (Mullen et al., 2022).

Satellite data observations can also provide global as well as regional coverage and fill in
the gaps present in ground-based observational networks. These can measure a single fixed area
on earth if in a geostationary orbit or they provide a single observation per day in a polar orbit. Air
quality studies have largely relied on sensors such as Ozone Monitoring Instrument (OMI) (Levelt
et al., 2006) and TROPOspheric Monitoring Instrument (TROPOMI) (Veefkind et al., 2012)
aboard the Aura and Sentinel-5 Precursor satellites respectively. In the interest of achieving better
spatial as well as temporal resolution to identify pollution on regional and urban scales with higher
accuracy, instruments have been launched in geostationary orbits targeting different countries
across the globe.

Satellites have been largely used in assessing the ambient concentration of air pollutants

such as Formaldehyde (HCHO), Nitrogen Dioxide (NO2) as well as PMzs. In the case of sulfur



dioxide, there is a wide range of applications for observing contributions from volcanic eruptions
as well as with HCHO and NO2 (Bechle et al., 2013; Goldberg et al., 2022; Queiler et al., 2019).
In the case of anthropogenic SOz, a higher mean bias has been observed when compared with other
satellite-based datasets (Wang et al., 2022). In terms of volume of emissions, source identification
for SO2 has been demonstrated for sources with emissions ranging from 500 — 5000 tons per day
(Queiler et al., 2019). This may be the case when considering volcanic eruptions but in case of
anthropogenic emissions from e.g., power plants where a typical range is of 1000 to 30,000 tons
per year, this might not hold up. Additionally, satellite-based emissions have also been useful in
identifying hotspots for SO2 pollution which involves a cluster of sources rather than a single
isolated source (Narayan et al., 2023). Modeling of air pollution can help provide information
when observational data is not available.
1.3 Modeling on different scales

Air quality models are geared towards simulating industrial, wildfire, and transportation
emissions by utilizing the principles of atmospheric chemistry and physics are being employed
across the globe to understand these real-world conditions. Models involve a set of mathematical
equations that aid in simulating real-world conditions. In the air quality context, these conditions
include a chemical transformation process involving gas phase and aerosol phase chemistry as well
as physical aspects such as advection and diffusion (Muller & Brasseur, 1995). These allow
predicting concentrations of a pollutant species based on the characteristics of the emission source
and the meteorological conditions. Depending on the intended utility which is generally dictated
by the availability of computing power, reliable input data, and post-processing abilities, models
can involve several or some of these capabilities. In further sections, we will discuss the modeling

frameworks used in this study.



The core component of a model considers the factors responsible for changes in
atmospheric species concentration based on input information about emissions, topography, and
meteorology. These schemes aiming to simulate real-world conditions are based on physical and
chemical mechanisms. While most models consist of these mechanisms, the level of complexity
differs based on the intended application. Regional models are geared towards studying ground-
level ambient air quality and transboundary movement of pollution while more local models may
be more focused on resolving local build environment effects on pollution transport. Local models
involve relatively simple processes but make up in fine temporal and spatial resolution for

modeling a subset of sources (Figure 1.2).
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*HYSPLIT uses a hybrid framework involving both Lagrangian and Eulerian approach (Stein et

al., 2015)

Figure 1.2 also represents the modeling framework classified by the scales on which
models simulate air quality. We classify models within three major frameworks, namely,

atmospheric models, dispersion models, and reduced form models. We separate atmospheric

models from dispersion models based on their ability to simulate point sources and plumes.




Model Summary Spatial Reference
Resolution
Chemical Transport | Atmospheric transport processes ~5—-50 km (Mdller &
Model/Photochemical (e.g advection, diffusion) Brasseur,
grid model Atmospheric chemistry processes 1995; Simpson
(e.g photolysis, aerosol, and gas etal., 2012)
phase dynamics)
Chemistry Climate Tropospheric and stratospheric ~100 — 500 km | (Gettelman et
Model chemistry schemes al., 2019;
Global scale, extending to the Morgenstern et
poles al., 2017)
Land, Ocean, and atmosphere
interactions
Dispersion Model Ability to delineate point source ~0.1- greater (Benson &
Computational efficiency than 300 km | Baishiki, 1980;
Increased spatial and temporal Both Eulerian Cimorelli et
resolution and Lagrangian | al., 2005; Stein
etal., 2015;)
Reduced form model | A source receptor matrix derived ~1-100 km | (Tessumetal.,
from full scale model simulations 2017; Van
Computationally efficient Dingenen et
al., 2018)

Table 1.2 describes the classification of models based on the modeling framework with differences
in modeling framework and horizontal resolution of the respective models and major processes

built into the model.

Global scale models involving atmospheric chemistry can be differentiated by the

coupling mechanisms as well as the vertical resolution. Chemistry modules embedded within

climate models are affected by factors external to atmospheric chemistry and meteorology also,

such as earth system feedbacks. The effects of changes in climate system by such models has been

studied to assess the perturbation in air quality. This includes increase in stagnation events (Horton

et al., 2014), ozone level exacerbation (Doherty et al., 2013). Global models are thus essential in

long term projections on air quality changes because of altered meteorology followed by a need to



rethink air quality management plans. The interactions of climate change and its implications to
air quality is better studies with these chemistry-climate models. These have allowed better
understanding of interactions of the atmosphere with other elements of Earth system (Crutzen &
Ramanathan, 2000)

Photochemical models can simulate emissions, their transport, chemistry, as well as
chemical transformation of precursor species. In some cases, as outlined previously, where
secondary pollutants need to be analyzed, photochemical models are recommended to use. These
include the Community Multiscale Air Quality (CMAQ) Model (Appel et al., 2017; Byun &
Schere, 2006) and the Comprehensive Air Quality Model with extensions (CAMXx) (ENVIRON,
2014). These can cover large spatial domains for instance, regional to hemispheric scales in
addition to urban scales. As these models can simulate more comprehensive physical and chemical
processes, they are computationally intensive to run. The computational expense of solving the
numerous chemical and physical processes for each grid cell of the modeling domain warrants the
use of coarser grids, usually 25-36 km which are often downscaled to up to 1 km through nesting
capabilities that these models host (D. S. Chen et al., 2007; Montgomery et al., 2023). So, a 1 km
x 1 km study over a smaller area for a month or less is feasible but the same over an entire year is
highly expensive and time-consuming to run. However, these capabilities fall short of addressing
the sub-grid variability issues that have been found in grid cell sizes of 4 km and even lower
(Isakov et al., 2007, D. Zhang et al., 2023).

Reduced form models have emerged as tools for analysis of multiple air quality mitigation
scenarios with an ability to bypass computational constraints. Source receptor matrices developed
from multiple simulations of full-scale chemical models reduce computation constraints for

ambient air quality analysis. These have been used to study questions at the forefronts of public



health and environmental justice analysis (Heo et al., 2016; Thind et al., 2019). Several reduced-
form source receptor models have been developed from chemical transport models. TM5-FAst
Scenario Screening Tool (TM5-FASST) based on the TM5 model (Van Dingenen et al., 2018),
Intervention Model for Air Pollution (INMAP) Source-Receptor Matrix (Tessum et al., 2017), and
Estimating Air pollution Social Impact Using Regression (EASIUR) (Heo et al., 2016) are some
of the examples. These have emerged as tools for analysis of multiple air quality mitigation
scenarios that can aid the policymaking process.

Dispersion models are designed to simulate the downwind concentrations of a pollutant
from an emissions source. They can be associated with a point source of emissions such as an
elevated industrial stack or surface level releases such as a vehicle exhaust pipe. The key factors
driving the transport and fate of atmospheric species in such a framework include meteorological
parameters and deposition based on factors from empirical studies. These models capable of
studying plume evolution can be insightful for two reasons. First, they can provide the user with
fine spatial scale data to characterize the effect of local sources in a region where there are no in
situ measurements available, and second, they are computationally feasible and user-friendly in
several ways.

1.4 AERMOD for local scale air quality modeling

EPA’s regulatory model — AERMOD is one such local scale model capable of resolving
ground level effects of plume on a sub-kilometer scale. It has been evaluated with trace datasets
for elevated sources in both rural/urban areas and flat/complex terrain (Perry et al., 2005). This
garners confidence in the ability of the model physics to represent real-world conditions and
provides information on uncertainties around the model use. AERMOD has primarily been used

in supporting regulatory compliance in the United States. However, its potential to be integrated
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into public health exposure as well as environmental justice studies is yet to be evaluated. This
would help identify criteria for which local scale Gaussian models can reliably be applied to
city/local scale policy making with respect to the effects of SOo.

1.5 What informs the suitability of an air quality model for policy design?

Regulatory operations require tools to plan pathways for managing ambient air quality, the
ability to work with what-if scenarios for emissions reductions and to demonstrate compliance
with standards for counties and individual sources. One aspect of selecting a model depends on
the meteorological/topographical characteristics as well as the nature of the source, whether it is
an area source, point source, etc. Underlying this aspect is the question of how and under what
conditions the model has been evaluated. For instance, AERMOD has been evaluated in a flat/hilly
terrain, buoyant and nonbuoyant sources as well as in rural and urban areas. In these studies
(without building wake effects), 8 out of 10 field studies measure meteorology with a 100 m tower
(Perry et al., 2005). Whereas the standard practice in dispersion modeling for compliance
demonstration uses data from a 10 m National Weather Service (NWS) station. The discrepancies
between how a model was tested during its development and how it is used in practice will affect
the confidence in model output. These are some of the parameters that need to be considered while
choosing a model for a specific application. Other metrics have also been identified that are used
for determining the suitability of a model including, treatment of dispersion, chemical effects, ease
of developing input files, support for modeling as well as options for tailoring a study to desired
application such as the geometry of source release, etc (Carr et al., 2023). When a model is applied
to one specific scenario, it needs to be ensured that it has been evaluated for that very purpose or

else appropriate uncertainties with model output should be considered.

1.6 Characterization of emission sources in the United States
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Sulfur dioxide (SOz2) is a gaseous compound present in the atmosphere, generally denoted
by SOx (SOx however, also includes SOs which is present in lower concentrations than SO2). SOz
has both anthropogenic as well as natural sources. Natural sources include volcanic eruptions and
anthropogenic sources include power plants, refineries, and smelting units (Fioletov et al., 2016).
Apart from Electricity Generating Units (EGUs), SOz can also be emitted from several other
industrial facilities such as petroleum refineries, metal extraction, shipping fuels, and
transportation activities. Electric power generation is the largest source of SOz emissions in the
United States. According to the 2017 National Emissions Inventory (NEI), 79% of the SOz in the
U.S. comes from fossil-based electricity generation. This is followed by petroleum and coal
product manufacturing which is orders of magnitude less than the emissions from electricity
generation. Other sources include chemical manufacturing and paper mills with ~78 and 49 tons

of annual emissions respectively.

Source Category Total SO2 emissions in tons
Electric Power Generation 1,325,226
All Other Petroleum and Coal Products Manufacturing 89,310
Other Basic Inorganic Chemical Manufacturing 77,796
Paper (except Newsprint) Mills 49,356

Table 1.1 Total SOz emissions by category (NEI 2017)

Figure 1.1 shows a bar chart with state abbreviations on the x-axis and total SO2 emissions
in tons on the y-axis. The 5 states with the highest contribution of electricity generation based SO2
are Texas, Louisiana, Ohio, Missouri, and Indiana. Additionally, this level of emissions for the
U.S. is a result of decades of regulation owing to the Clean Air Act (CAA), pledges to phase out

coal as well as investing in stack control technologies. All these individual point sources pose
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potential health risks and thereby, we need to investigate robust modeling methodologies to ensure

human health impact mitigation.
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Figure 1.1 State-wise total SO2 emissions (total and from electricity generation). The emission
data is taken from the 2017 NEI. Total annual emissions are shown as categories. The orange
component of the bar plot represents total emissions from electricity generation facilities while
the blue component involves other sources such as coal products and chemical manufacturing.

Regulating emissions from a source is required to ensure that adding a new source does not
significantly alter the air quality in a region and the region stays compliant with the National
Ambient Air Quality Standards (NAAQS). For this purpose, source-oriented models, that can
model a single source on a high spatial resolution are widely used. Air quality models support the
compliance demonstration and ambient air quality planning process. These models can
characterize local air quality, for instance, within 50 km from the source in the case of AERMOD.
Other models in the suite of Gaussian dispersion modeling include the Industrial Source Complex
3 (ISC3) model (U.S. EPA, 1995) and the Advanced Dispersion Modeling System (ADMS) model
(Carruthers et al., 1994). Gaussian dispersion assumes normal distribution along the plume
centerline, whereas Lagrangian models involve a moving frame of reference where a mass of air
can be tracked based on the meteorological characteristics. This ability to be able to model

dispersion in complex flow patterns is a characteristic specific to models such as Hybrid Single-



13

Particle Lagrangian Integrated Trajectory model (HYSPLIT) (Stein et al., 2015) and FLEXible
PARTiIcle dispersion model (FLEXPART) (Pisso et al., 2019).

While the Clean Air Act in the United States has shown improvement in the ambient
concentrations of criteria air pollutants that are effectively regulated since the 1970s, there is still
room for improvement on a hyperlocal scale (Zhang et al., 2021). Objectives such as
environmental justice and health-relevant exposure need very fine-resolution data. However, the
‘gold standards’ of air pollution measurement (in-situ regulatory monitors) are sparsely located
across the country. PMzs is one of the most widely studied atmospheric species especially in the
context of public health protection. Despite that, the global mean population distance to a PM2s
monitor is 220 km (Martin et al., 2019). This is alarming as most of these air quality standards are
established to protect public health and we have limited ways to determine the effectiveness of
those actions because of such sparse data. One possible solution to bridge this gap is the growing
use of low-cost sensors. Meta-analysis on low-cost sensor adaption concludes with a prospect for
enhancement in personal exposure assessment as these monitoring networks are adopted more
widely in terms of spatial coverage (Morawska et al., 2018). This does pose an opportunity for
integrating local scale modeling that can complement the hyperlocal monitoring network and
provide robust estimates of air pollution exposure. Improving these capabilities further is crucial
for making sure that the spatial disparities are being assessed and addressed scientifically.

The suite of models that are currently being used lack near source characterization of SO2
exposure in the gaseous form. Through this study we study large point sources of pollution with a
local scale air quality model and leverage its potential to answer some of the key questions:

1. How to balance the strengths and limitations of a local scale dispersion model for the intended

application?
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2. Does AERMOD have relevance to emerging health and environmental justice applications?
Studying these questions can help understand the variabilities in SO2 concentrations on a finer

spatial scale and the implications it has for health effects of communities nearby.

Conclusion

The ground-based observational network to capture high pollution events is scarce across
the globe. In the case of modeling, the current local scale air quality models provide opportunities
as well as challenges. The opportunities involve the representation of plumes in greater detail and
concentration estimates on a much finer scale than photochemical models while challenges are on
higher levels of uncertainty and simplification of atmospheric processes to air computational
feasibility. In this study, we aim to assess the potential for leveraging advanced observations as
well as modeling methods to characterize SOz exposure information on a local scale. This will
illustrate a method that can be applied to numerous point sources of SO2 emission sources across
the globe.

In Chapter 2, we present the data sources and methodology used in this study. This involves
details on the models used and their function along with the source and preprocessing of input data
required for running those models. We also dive into the observational aspects of SO: related to
in-situ monitoring networks and the technology used to measure ambient SO2. Using these datasets
and models in this thesis, we assess the potential for leveraging local scale dispersion models for
public health exposure assessment as well as for leveraging advanced air quality products for
regulatory applications.

In Chapter 3, we present the results from SO dispersion analysis for each power plant
studied. This includes looking at how concentrations vary near a large source as well as how these

results compare with 1-hour maximum values with photochemical models on a day-to-day basis.
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We also look at the distance at which the maximum ground-level concentrations occur from the
source before they get even more dispersed and diluted. This chapter is aimed at capturing the
capabilities of AERMOD in contrast to CMAQ for air quality characterization near the source and
to identify the opportunities and challenges associated with approaching public health questions
in an integrated approach rather than using a single model.

In Chapter 4, we examine the challenges of background characterization in source-oriented
modeling and highlight the current limitations in calculating background concentrations.
Additionally, we analyze how advanced air quality tools can enhance the background
characterization process, particularly in situations where in-situ monitoring is limited.

In Chapter 5, we conclude the findings on the methods that can effectively air near source
SOz concentration characterization from point sources of emissions and how strengths of such a

model be leveraged to support emerging question in public health and environmental justice.
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Chapter 2: Data and methods
In this chapter, we present the air quality data products and models used for answering the
questions posed in Chapter 1. This involves details on the model configuration used along with the

method for selecting sources to be examined.

2.1 Study design

« S02 monitors
Point source =2000tpy

Figure 2.1 — SO2 monitor locations and point sources of SOz emissions. The point sources

presented here have total annual emissions of >= 2000 tons per year according to the 2017 NEI
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« 502 monitors
Point source =2000tpy

Figure 2.2 — SOz monitor locations and point sources of SO2 emissions. The point sources
presented here have total annual emissions of >= 2000 tons per year according to the 2017 NEI.
The SO2 monitors are shown in teal color circles while the point sources are shown in pink with a
+ sign. The sources which have at least one monitor in a 15 km radius are enclosed within a bigger
circle.

The NEI is released triennially by the EPA which compiles site-wise emissions data for
Criteria Air Pollutants (CAPs), Greenhouse Gas emissions (GHGs), and Hazardous Air Pollutants
(HAPs). The NEI includes emissions estimates for various source types including point, non-point,
road, non-road, and fire-related sources. The 2017 NEI was used to identify major sources of SO2
emissions (NEI, 2017). The most recent NEI released by the EPA at this time was from 2020.

However, due to potentially anomalous emissions arising from the COVID-19 pandemic and



24

altered economic activity across the country, the 2017 inventory was used to represent a more
typical scenario.

The major sources in this study are characterized by annual total SO2 emissions exceeding
2000 tpy. According to the EPA’s SO2 Data Requirements Rule (DRR), air quality management
agencies are required to characterize the ambient air quality in the surrounding area that has major
sources emitting > 2000 tpy SO2. We choose EGU facilities based on the number of SO2 monitors
available within a 15 km radius (Figure 2.3). The sites located in a geography characterized by
rural surroundings, that lack a built environment in the surroundings were chosen. The
performance of AERMOD in urban areas is evaluated through the field dataset used to develop
the dispersion algorithm and hence, may be inadequate to apply to urban areas (Perry et al., 2005).
The contribution of the source in question to SO2 concentrations around the facility is of primary
interest in this study. The 15 km radius allows to capture the peak concentrations on a scale that is
relevant for near-field air quality modeling. For the evaluation purpose of the model, observations
from those monitors were used. The sites represented here are in rural areas and are coal-based
electric power generation facilities. Bituminous and sub-bituminous coal is used at these sites with

subcritical/supercritical combustion technologies.

2.2 Air quality modeling
To aid in assessing the questions posed in the introduction section, we use a combination

of dispersion and photochemical air quality model.

2.2.1 Dispersion modeling
Gaussian plume models for studying the dispersion of non-reactive pollutants were one of
the early models that grew in scientific robustness followed by breakthroughs in understanding of

atmospheric processes. For instance, with an improved understanding of the Planetary Boundary
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Layer (PBL) in the 1970s and 1980s (Deardorff, 1970; Wyngaard, 1988), treatment of buoyant
plumes (Briggs et al., 1997; Morton et al., 1997), and vertical diffusion (Liu & Seinfeld, 1975),
gaussian models saw improvement in potential use for compliance demonstration (Rood, 2014).
(Briggs, 1969) presents the mechanisms associated with plume movement from the stack due to
buoyancy, typically called plume rise. Studies evaluating the models indicate a shift from higher
tendencies of overprediction to better agreement with observations (Hanna et al., 2001; Yang et
al., 2007).

The EPA-published source code for AERMOD (version - 23132) was used to calculate the
air pollutant concentrations for the identified SO2 emissions facilities. The sources were modeled
as elevated point sources of emissions as the stack heights generally is above ~100 m. The
complete AERMOD modeling system comprises of preprocessors that aid in developing input
conditions to the core dispersion module (hereafter, AERMOD). This includes preprocessing of
terrain elevation data for source and receptors, metrological, and land surface data characteristics.
The meteorological conditions were processed through AERMET (version - 23132) preprocessor
with input data from the closest NWS station from the source. This preprocessor is used to
calculate the boundary layer parameters for determining conditions for dispersion. Based on the
NWS observed data which is usually at a 10 m height, vertical profiles of wind, temperature, and
turbulence characteristics are calculated. Further, based on these calculations, mixing heights (both
convective and mechanical) are outputted, along with friction velocity, surface heat flux, and
scaling velocities.

The surface land use data was processed from the AERSURFACE preprocessor. The 2019
land cover data was used to determine the surface characteristics such as the albedo, Bowen ratio,

and the surface roughness length using the AERSURFACE preprocessor. AERMOD’s surface
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characteristics preprocessor was used to determine the land use conditions around the
meteorological data site (up to 1 km), as the basis to calculate the boundary layer conditions.

United States Geological Service (USGS) provides elevation data as a 1/3 arc second file
from the National Elevation Dataset (NED). This dataset was processed with the AERMAP
preprocessor to get inputs for the elevations of all the locations in the receptor grid. Stack base
elevations were individually accessed from the Elevation Point Query Service which derives data
from USGS elevation files with a Root Mean Squared Error (RMSE) of 0.53 meters.

The sites presented in this study were modeled with the default regulatory option in
AERMOD. The regulatory mode of AERMOD was used to model daily 1-hour SO2 maximum
concentrations arising from the study locations. This was done to appropriately simulate the
conditions under which the regulatory compliance system works. Other considerations in the
regulatory mode include stack-tip downwash algorithms, calm and missing meteorological hours
processing as well as an SOz half-life consideration of 4 hours for urban sources. In this study, we
include the sources that are located in a region that can be characterized as rural based on the
surrounding land use. The study year is selected to be 2019 to do away with the emission anomalies
associated with the COVID-19 lockdown in 2020.

The receptor grid is centered at the source and extends to a 10 km radius away from the
source. We place the receptor locations at 15° intervals starting from the true north direction.
Additional receptors are placed at air quality monitor locations that are within a 15 km radius of
the source. The SOz emissions for 2019 were taken from the Clean Air Markets Program Database
(CAMPD). This database provides facility-level details on emissions in an hourly timescale. This
includes emissions of carbon dioxide, oxides of nitrogen, sulfur dioxide, and mercury for every

facility in the United States. This data is made publicly available on a temporal scale ranging from
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hourly data to annually aggregated emissions. We access facility-level emissions and model them
as aggregated across all units. In addition, the stack parameters that include flow characteristics
such as exit velocity of the exhaust stream, temperature, and structural characteristics - stack height
and opening diameter are taken from the EPA air emissions modeling dataset (U.S EPA, Air
Emissions Modeling 2016V 1 Platform).
2.2.2 Photochemical air quality modeling

Photochemical models are widely used in atmospheric research to represent the chemical
interactions of trace gases in the atmosphere and aerosol formation. They account for the chemical
and transfer processes related to the input emissions driven by meteorological data (either
prognostic or assimilated), dry and wet deposition along with different levels of aerosol reaction
chemistry. The CMAQ model is one such model developed by the U.S. EPA. It has been used in
secondary pollution assessment as it involves detailed chemical mechanisms for PMz2.sand Ozone
formation (Byun & Schere, 2006). Such models are also capable of supporting air quality
management by analyzing different emission control scenarios.

We use CMAQ output from the EPA’s Air QUality Time Series Project (EQUATES)
(EPA, 2021). The modeling domain is over the contiguous United States with a 12 km horizontal
grid resolution with CMAQ version 5.3.2. We use the 1-hour maximum SO: variable from the
CMAQ output file for this analysis. This is done to compare the outputs from AERMOD, which
are also calculated as maximum 1-hour concentration during a particular day for the entirety of the
modeling duration. The CMAQ data for SOz is modeled on a daily time step across the United
States. Data from the grid cell where the ground monitoring station is located was used for
evaluation purposes in this study. The differences in AERMOD and CMAQ modeling are further

illustrated in Figure 2.1.
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Figure 2.1 AERMOD and CMAQ processes
AERMOD provides daily characterization of plumes as shown in the figure on the right
side. Whereas in the case of a photochemical model, the output is diffused across the grid cell

(shown on the left side of Figure 2.2).
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Figure 2.2 Photochemical and dispersion model output respectively from CMAQ (left) and
AERMOD (right) for a single day

2.3 Observations

Observations are crucial for evaluating models and understanding the uncertainties and
biases related to their use case (Hanna et al., 2001). The suite of options for observational data
includes space-based platforms such as satellites and ground-based in situ measurements or field
campaign data. In-situ monitored data is considered to be the gold standard as the instruments are
calibrated regularly and they measure ‘nose-level’ pollutant concentrations as opposed to satellite
data which measures pollution in the entire atmospheric column.

The Federal Reference Methods (FRMs) are developed by EPA to ensure accurate
monitoring of air pollutants. The FRM for SO2 is the Pararosaniline method. Other federal
equivalent method (FEM) in practice includes ultraviolet fluorescence (UVF) (Development, n.d.)
which is a widely used method. FEMs are approved by the EPA which use different sampling

methods as compared to FRM methods but produce results with similar levels of accuracy. The
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data quality is periodically assessed by the monitoring agencies to make sure that the precision and
bias are limited to 10% (Overview of Sulfur Dioxide (SO2) Air Quality in the United States, 2023).

These powerful sources of ambient air quality information are, however, very expensive
and sophisticated pieces of instruments. Therefore, the siting of these instruments needs to be
carefully considered and aligned with the air quality objectives. These network locations can be
driven by the need to characterize air quality for public health exposure, assess the influence of
major emission sources on surrounding ambient air quality as well as enhance scientific
understanding of air pollution transport and chemical transformation. Appendix E of Title 40, Part
58 (Ambient Air Quality Surveillance) from the Code of Federal Regulations provides guidelines
on probe and siting information for ambient air quality networks. These are given keeping in mind
the chemical and physical characteristics of different air pollutants. For instance, in the case of
NOg, as it is majorly a transportation-related pollutant, the siting requirements include proximity
to roads (in a range of 50 — 300 m). For SOz, it is required that the monitoring site is away from
minor sources such as a furnace to avoid undue influence from local sources and make sure that
the neighborhood/urban/regional scale air quality is characterized (40 CFR Appendix E to Part 58
- Appendix E to Part 58—Probe and Monitoring Path Siting Criteria for Ambient Air Quality
Monitoring).

To compare the performance of AERMOD with ground-level concentration, SO2 monitor
data is used here. This data is made available through EPA’s Air Quality System (AQS) (US
Environmental Protection Agency. Air Quality System Data). This dataset contains hourly
pollutant concentration data for criteria gases, particulate matter, and air toxics. The pre-generated

daily SOz files were used, which consist of both arithmetic mean as well as maximum 1-hour
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concentration in daily time steps. The quality check process eradicates any monitor if it does not

have non-negative and non-zero data for at least 75% of days in the modeled year.

2.4 Background concentration assessment

The design value for the primary 1-hour NAAQS for SOz is the 3-year average of annual
99t percentile daily maximum 1-hour values for a monitoring site, or “the 1-hour primary standard
design value. Appendix W of 1-hour SO2 modeling guidance recommends a scenario for including
background contributions to the ambient air quality when under source-specific modeling exercise.
A uniform background concentration is recommended to be added to the calculated design value.
We use a 1-year scenario for 2019 to compare the performance of different uniform backgrounds

with the ground-based monitoring data.

Background concentrations for
regulatory modeling

Observation Photochemical
based model based

Statistical scenarios
Annual average, 50" percentile,
99" percentile

Figure 2.4 — Background scenarios description
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Fractional bias is calculated for each monitor location in the study and each background
concentration scenario. The mean bias metrics throughout the study are defined as model —
observations for all calculations. Hence, a negative bias will be underestimation by the model and
vice versa. We then compare the mean fractional bias bifurcated by seasons to understand the
trends in possible over or under-prediction by the model. Characterizing the performance of these
regulatory models is often interpreted as operational and scientific. The operational component is
related to a specific physical condition of the location while the operational component is
concerned with the model outputs without discerning based on the geographical/physical context
(Fox, 1981). For this study, we assess the operational component of model performance.
Conclusion

The goal of this work is to assess the potential for developing a computationally feasible
methodology to assess near-source pollution exposure. We use a Gaussian dispersion model owing
to a relatively lower computational intensity that is required. This further has trade-offs with the
complexity of the model. It should be acknowledged that it does not consider the gas phase
portioning of SOz to particulate sulfur.

For the assessment of regulatory applications, we use the default regulatory mode of
AERMOD which evokes certain algorithms built into the model such as a 4-hour half-life for SO
in urban areas, processing for calm hours meteorological data, and effects of terrain on pollutant
dispersion among others. In addition to that, the regulatory mode does not allow wet and dry
deposition of pollutants as those methods have not been completely evaluated and are still

considered to be experimental modes.
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Chapter 3: Modeling near-source SOz dispersion
The question of trace gas exposures and respiratory outcomes associated with it opens up
avenues for solutions that can be scaled down to these relatively small spatial extents. We explore
and juxtapose one such avenue with photochemical model estimates. For trace gases like SO2 and
NOX, the highest concentrations are found within 20 km of the source, with 9% of SO2 oxidizing
to sulfate within 50 km (Stevens et al., 2012). In this chapter, we address the following questions
related to metrics that need to be considered while considering a single source impact:
1. What is the spatial extent of sub-grid scale variability for SO2 concentrations as predicted by
AERMOD and CMAQ?
Coming back to the spatial scale of Gaussian dispersion and photochemical models, we need
to develop an understanding of what we are missing out on by modeling short-lived air
pollutants on a coarser scale, although with complex chemical and physical representation.
We explore this question by comparing the outputs from AERMOD and CMAQ.
2. What are the temporal characteristics of these variabilities?
The emissions from a facility can deviate significantly from an annual average value on a
seasonal/daily basis. Analyzing the temporal relation between low concentrations and peaks
from a single source emission and complete CMAQ simulation can help understand potential
signals, if any.
3. What is the distance at which maximum 1-hour SO2 concentrations occur?
For short-lived air pollutants, identifying the distance from the source within which significant
concentrations are observed can help identify EJ-relevant spatial scales. PMz2.sgenerated from
precursor emissions form as a source may account for regional scale exposure but may not be

representative of what people living nearby are breathing.
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The sites for studying near-source SO2 exposure are selected based on the availability of ground-
based measurements. We look at coal-based electricity-generating units that emit 2000 tons of SO2
or higher in 2019. The sources which have the highest number of monitors within a 15 km radius
circle centered at the source are selected. Additional details for study design are presented in
Chapter 2 Section 2.1.

Site A has a total emission of 9453 tons for 2019 and is in operation for 96.71% of the
days. The operating capacity totals about 1800 MW and is divided into 3 units based on
supercritical technology. Bituminous coal is used for power generation here. The surrounding
terrain can be characterized as hilly and rural as it is far from any major urban centers. Wet
Limestone-based SO2 control is used at this site.

Site B has a total emission of 1640 tons for 2019, corresponding to an operating fraction
of 86.30%. It should be noted that we selected facilities where emissions were > 2000 tpy as per
the Data Requirement Rules (DRR) by the EPA. This selection was based on the triennial National
Emissions Inventory for 2017. The 2020 inventory is available but might not be representative of
a typical year owing to the COVID-19 pandemic-induced anomalies in industrial operations. All
the units at this site which were later retired in 2020 and 2023, were based on sub- and super-
critical technology and used bituminous coal. The site is in a hilly terrain in a rural region.

Site C has a total emissions of 1190 tons for 2019 and is in operation 23% of the time. It
was retired in 2019 which explains the lower operating time. It is also located in a hilly terrain
with no major urban centers nearby. The facility has a total capacity of about 2700 MW and is
based on supercritical boiler technology and bituminous coal for electricity generation. Wet lime

Flue Gas Desulfurization (FGD) is used at this site.
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Site D is operating 100% of the time with a total emission of 34470 tons of SO2 for 2019.
It is in a flat terrain with no nearby hilly areas and does not have an urban land type within the
modeling domain. This site does not have any SO2 controls established and hence, may explain
the high emissions.

Table 3.1 presents the summary of source characteristics including total emissions for 2017
and 2020 NEI as well as stack characteristics. The sources are all coal-fired power plants based on
either subcritical/supercritical technology and relying on bituminous/sub-bituminous coal to drive
electricity generation. SOz controls such as Wet lime flue gas desulfurization being operated at
sites A, B, and C, whereas there are no SOz controls at Site D. The contribution to total emissions
also varies seasonally (Figure 3.1). This difference can often range from 100 to greater than 1000

tons for different seasons.

Study | Total emissions | Total Emissions | Operating Stack Stack Stack

site (in tons, NEI (2019, CAMPD) percent Temperature | velocity height
2017) In tons for 2019

A 11259.08 9452.97 96.71% 328 18.9 304.8

B 3149.401 1639.29 86.30% 320 18.9 259.08

C 9583.8 1191.24 23.01% 325 22.9 289.56

D 33114.95 34474.82 100.00% 444 28 213.36

Table 3.1 Annual emissions characteristics and stack parameters for study locations

The total emissions from a site vary from season to season. Here the 2019 data is
categorized into seasons December, January, and February for winter (DJF), March, April, and
May (MAM) as Spring, June, July, August (JJA) as Summer, and September, October, and
November (SON) as Fall. For all sites represented in Figure 3.1, the emissions in winter and

summer are higher compared to other seasons, possibly owing to an increase in heating and cooling
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demands. Site C is slightly anomalous, as it was in the process of being shut down in 2019. For
Site D, which has the largest emissions, the highest emissions are in Winter (9697.94 tons), and
the lowest are in Spring (7445.43). For Site C, the highest emissions were at 711.93 tons in winter
and trailed down to 66.97 tons by fall. For Site A, the highest and lowest emissions in Summer
and spring differed by ~500 tons. This difference was ~300 tons for winter and fall difference.
This distinction on seasonality is made here as it determines dispersion patterns. Especially for
proximity analysis (i.e. the spatial extent of high pollution impact from a facility) changes as

seasons determine differences in convection-driven turbulence based on changes in incident solar

radiation.
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Figure 3.1 Seasonal distribution of SO2 emissions for the year 2019. This includes facility level
data from the Clean Air Markets Programs database (CAMPD). Here the 2019 data is categorized
into seasons December, January, and February for winter (DJF), March, April, and May (MAM)
as Spring, June, July, August (JJA) as Summer, and September, October, and November (SON) as
Fall.
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3.1 AERMOD simulated 1-hour maximum SO2

Figure 3.2 shows the predicted daily 1-hour maximum SO2 concentrations on a polar
receptor grid around the source for the modeled year of 2019. These represent the highest
concentrations that occur across the year in the polar grid. The plot is centered at the source and
the circle has a 10 km radius. The details of the grid setup are explained in section 2.2. It should
be noted that this is not one day. The data has been filtered to only include the days when the
facility in question is operating. The fraction of time for each site is discussed in Table 3.1 above.
Some of the features can be observed from these figures, for instance, Site D, has the highest
emissions annually, and hence, SO2 concentrations are on the upper end in the entire 10 km radius
domain around the stack.

For Site A, the concentrations at each receptor range from 0.00 to 350.39 pg/m3. The
average concentration is 70.12 pg/mé. This maximum concentration occurs on October 13" in the
early evening (Hour 16). There is about a 250 pg/m? difference in the 99" percentile concentration
observed within a 10 km radius and the median value. This may indicate a higher potential for
short-term SOz exposure near the source.

For Site B, the concentrations range from 0.00 to 82.89 pg/m? with an average value of
11.89 pg/me. The maximum concentration occurs on June 28™ at the 15™ hour. The difference in
median concentration and maximum concentration is limited here as compared to Site A, probably
owing to lower total annual emissions.

For Site C, the maximum concentration is 75.95 pug/m3, which occurs at hour 10 on March
8™. The difference between the 99t percentile and the median is limited to 46.12 pg/ms. Despite
total overall emissions, the maximum ground-level concentration arising from brief periods of high

emissions is higher as represented in the orange hues with a concentration exceeding 50 pg/m3
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Site D is different from the others in terms of operating period as well as total emissions.
It operated for 100% of the days in 2019 and has s total annual emissions of SO2 which exceed
30,000 tons without any FGD controls. The maximum concentration is 259.70 pg/m3 which is
comparable to the maximum concentration recorded for Site A. However, the difference between
the median and 991" percentile is 112.62 pug/m3 which is lower than Site A. This indicates that with
a high capacity of emissions and running for the entire time, the spatial range of impact is larger.
The reduction in ground-level SO2 concentrations occurs much farther from a facility with dilution
effects from winds as compared to lower emissions.

Analysis of the spatial extent of SO2 concentrations near the source provides insights into
the range of concentrations that exist and their relevance for near-source exposure. For this
analysis, we have ensured the ground level concentrations at every 300 m from the source. This
provides higher variability as compared to a 1 km resolution output that a complex photochemical
model is capable of. It should be noted that AERMOD is used for a short distance from a facility
as it does not involve the chemical transformation of gaseous SO: to particulate sulfate. This
mechanism does not have a significant impact on near-source concentrations and thereby this

method is valid for assessing human exposures.
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Figure 3.2 Annual maximum 1-hour SO2 concentrations at each receptor for 2019. The four plots
labeled A, B, C, and D represent the four sites that were studied. The plots represent the dispersion
of SO2 with the source at the center with a radius of 10 km. SO2 concentrations are represented as
contours with colors representing different concentrations in pug/ms.

3.2 Comparing AERMOD with CMAQ

We compare the ability of AERMOD to a 12 km x 12 km horizontal resolution CMAQ
model run to capture sub-grid variability of pollutant concentrations. The results from all sites are
presented in Figure 3.3, which represents 1-hour SO2 maximum concentration from AERMOD

and CMAQ on a single day. The CMAQ figure represents a ~100 km x 100 km extent while the
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AERMOD figure on the left is zoomed in to represent a 10 km radius circle. The overall dispersion
patterns are well characterized across the two models. However, the spatial variability captured by
AERMOD is 1 to 2 orders of magnitude higher than that presented by a grid model. The maximum
concentrations are observed on 13" October, 28" June, 8" March, and 3™ January respectively for
sites A to D. From Figure 3.3, we find that the overall directional dispersion pattern is represented
accurately at all sites in the coarse grid CMAQ model output. However, there is significant sub-
grid scale variability when compared with AERMOD output. On the right side, the AERMOD
plots show a zoomed-in plume dispersion pattern. For Site A, the AERMOD values in a 10 km
radius circle range from 0 pg/m?® to 350.39 pg/m?3 whereas in CMAQ, all the concentrations are
below 9 pg/mé3.

Similarly, for Site B, we can see that the overall pattern of plume dispersion is the same in
the case of both models, but the range of values is different. Most of the regions with negligible
plume effects (shown in light blue) have concentrations < 0.2 ug/m3. For the plume representation,
the concentration rises from 10 pg/m? to 82.89 pg/m?® when we look at fine-scale AERMOD
output.

At Site C, around the source, we can see the effects of the plume extend into more grid
cells surrounding the source, which corresponds to the effect simulated by AERMOD. Again, the
magnitudes of concentration are different, and higher ground-level SO: effects can be seen at a 3-
4 km distance from the source. This further builds up the case for comparing fine-scale CMAQ
with a 1 km grid size with the local scale dispersion model.

Site D is the most isolated source in this study and has a much higher annual SOz emissions
as shown in Table 3.1. In the left plot, the extent of source effects covers a much higher area,

thereby extending beyond the 50 km near-field modeling threshold. Despite this, the maximum
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concentration above the NAAQS values occurs within a 4 km radius around the source. This is
further discussed in the proximity analysis section in Figure 3.5. A larger source may impact a
higher distance downwind, but most of the impacts may be localized which is why we need to

incorporate these into decision-making for near-source exposure.
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Figure 3.3 SOz dispersion with gaussian and photochemical models for all study sites. The 4 plots
labeled A, B, C, and D shows a comparison of a single-day CMAQ model output on the left and
the AERMOD output on the same day on the right-hand side. This single day is defined as the day
when the AERMOD simulated SO2 concentration is the highest across the modeled year. The
CMAQ output square shown here is 100 x 100 km with the zoomed-in AERMOD plot showing a
10 km radius area centered at the source.
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Comparison of 12 km x 12 km resolution simulation of EQUATES CMAQ and a 10 km
radius simulation of AERMOD over four sites 1-hour maximum values selected for the day when
AERMOD simulated values have the highest peak value across a full year 2019 simulation. Each
domain is centered on the largest SO2-emitting facility, with CMAQ domains ~100 km across and
AERMOD domains ~ 20 km across. Surface SO2 concentrations were reported in pg/m3. A) Ohio
facility on October 13 at hour 16 with maximum AERMOD concentration of 350.39 and maximum
CMAQ concentration of 7.55 B) Ohio facility on June 28 at hour 15 with maximum AERMOD
concentration of 82.89 and maximum CMAQ concentration of 9.75 C) Pennsylvania facility
March 8th at hour 10 with maximum AERMOD concentration of 75.95 and a maximum CMAQ
concentration of 29.65 D) Missouri facility on January 3" at hour 13 with maximum AERMOD
concentration of 259.70 and a maximum CMAQ concentration of 38.98.

These single maximum days are aimed towards assessing the ability of both models to
reproduce local scale concentrations. As they represent days with maximum concentrations from
the entire year, they can be considered characteristic of how strong of a signal can CMAQ
reproduce. On days with lesser emissions and thereby a lower plume momentum, the effects from
dispersion might be masked by the lateral plume meandering effects rather than strongly being
determined by a Gaussian dispersion formulation.

3.3 Temporal variability

Figure 3.4 shows the temporal variability of concentrations associated with dispersion and
photochemical modeling. The dark single line represents the CMAQ daily SO2 1-hour maximum
concentration across 2019, and the lighter hues represent the same metric but for every receptor in
the 20 km x 20 km receptor grid centered at the source. It presents the relation of CMAQ as well

as AERMOD simulated time series for each receptor in the domain receptor grid. It should be
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noted that the CMAQ grid cell contains all SO2 sources while the AERMOD simulations are done
for a single SO2 source with emissions >2000 tpy as per 2017 NEI. Despite that, it indicates how
AERMOD simulates high concentrations and how grid cell averaged 1-hour maximum value is

not representative of what actual exposure might be.
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Figure 3.4 Temporal characteristics of CMAQ and AERMOD modeled 1-hour maximum SO2. The
single dark line represents the 1-hour maximum SOz concentration for each day from CMAQ
simulation. The light-colored lines are the AERMOD simulated time series for each receptor in
the domain receptor grid

As CMAQ involves the entire emissions inventory and AERMOD has a single source, it
can be expected that the trends from CMAQ would be higher overall. For Site A, here the simulated
max SOz from a single facility is 350.39 pg/m3 while the CMAQ simulates a 35.52 pg/m?

maximum in 2019. In terms of day of occurrence, the CMAQ max is on July 13" while the

AERMOD max occurs on October 13! at hour 16.



48

For Site B, the max calculated by CMAQ and AERMOD are 22.88 and 82.89 pg/m?
respectively. Like the previous case, there is a significant difference at this Site also. The maximum
concentration occurs on June 28™, hour 15 while the CMAQ max occurs on January 30", This site
does not operate 100% of the time as mentioned in Table 3.1 and thereby the periods when it is
not operating, the AERMOD simulated 0 pg/m3 concentration as those simulations do not involve
any other source. However, on those days, CMAQ maintains a baseline owing to the effects of the
transport of SO2 from other emission sources.

For Site C also the CMAQ maximum occurs on the same day on January 30™. However,
the AERMOD occurs on March 8™ at hour 10. The distance between these two sites is about ~21
km and hence they may be influenced by the same winds moving across. Like Site B, Site C is in
operation for only 23% of the days for 2019. Here also, CMAQ has a non-zero baseline
concentration due to other sources.

For Site D, the difference between the two models indicates a higher difference. The
maximum value within the entire year is 35.52% higher than the AERMOD simulated value of
259.70 pg/mé. Additionally, the AERMOD max occurs on January 3 at the 13" hour while the

CMAQ max occurs on January 30,

3.4 Proximity analysis

Figure 3.5 presents the horizontal profile of predicted SO2 concentrations along a radial
line in the receptor grid. This radial line is chosen based on whichever receptor point has the
highest concentration for the modeled year. Based on that highest concentration point and the day
on which it occurs, the concentrations on a radial line emanating from the source and extending
up to 10 km away from the source are plotted. As shown in Figure 3.6 (A), (B), (C), and (D), the

maximum concentrations occur at different distances from the source. For the largest source (Site
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D), the maximum concentration receptor is at 2500 m from the source. In this case, also the high
concentration above 200 pg/m? persists for about 2000 m before lowering down. For Site B and
C, which are similar in terms of annual emissions, the maximum concentrations are 82.89 pg/m?

and 75.95 pg/m? occurring at 1800 m and 3100 m from the source, respectively.
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Figure 3.5 Horizontal SOz concentration profile. The x-axis represents the distance from the
source starting from 0 to 10 km. The y-axis represents the SO2 concentration in pg/m?

We find that the maximum 1-hour SOz concentration occurs within 4 km from the source.
This could be relevant in determining a threshold for studying the environmental justice impacts
of source-specific pollution exposure. This distance, however, varies with the size of the source
and the number of operating hours within the modeling period. As we are modeling SOz, this range
is less. A similar study on particulate matter which involves secondary components also, reports a
40 to 80 km radius that sees improvement in air quality as one coal power plant is closed (Brown
& Tousey, 2020). In the public health context, proximity to power plants has been associated with
the neurobehavioral health of children (Zhang et al., 2022), preterm delivery in pregnant women,
low birth weight (Ha et al., 2015) , and issues with pulmonary function (Hii et al., 2021). These

studies assess represent analysis with a distance threshold of about 15 to 35 km away from a coal-
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fired power plant. Additionally, the peak impacts of SOz precursor to secondary PM2.s were found
to be ranging from 10 to 40 kilometers (U.S. Environmental Protection Agency, 2017).

There are also seasonal differences in determining the distance of impact. SO2 in the
atmosphere is primarily emission-dependent and might not necessarily follow a seasonal pattern.
However, the parameters that drive dispersion such as convective mixing in the boundary layer,
Bowen ratio, etc. are influenced by seasons.

Conclusion

We find that AERMOD has the potential for resolving near source SO2 concentrations that
are orders of magnitude higher than the photochemical model generated outputs. Studies assessing
public health impacts of air pollution do it on a grid-basis or administrative boundary basis (e.g.,
county, state, etc.). These can potentially dilute the issue of exposure which occurs over sub-grid
scales. In terms of future work, mortality and morbidity estimates from air pollution need to
provide greater insights into the disparities of exposure. Our approach here is simplified as it
considers meteorological and land surface conditions but does not consider building downwash
factors.

For the temporal analysis of daily 1-hour maximum SOz concentrations, we find that
AERMOD and CMAQ peaks occurs on different days of the year. This could potentially be due
to the inclusion of other sources in CMAQ simulations while AERMOD involves the effects of
the single source. In addition to that, AERMOD provides added potential for resolving the effects
of terrain near the source.

We find that the maximum 1-hour SO2 concentration occurs within 4 km from the source.

This could be relevant in determining a threshold for studying the environmental justice impacts
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of source-specific pollution exposure. The proximity of peak concentrations from the source is
sensitive to the volume of emissions from the source as well as the hourly/daily variation.
Furthermore, the proximity analysis of how ground-level SOz impact declines as we move
away from the source can help identify vulnerable populations that are disproportionately impacted
by SOz emissions. We find that the maximum 1-hour SOz concentration occurs within 4 km from
the source. Combined with demographic data, this method of proximity analysis can yield better

estimates of SOz pollution burdens.
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Chapter 4: Evaluating background concentrations for source-oriented modeling

The source-oriented modeling method allows to study the impact of a single/group of
sources on ambient air quality (Zhang et al., 2023). This method provides the contribution of the
modeled source but does not provide any information about the contribution of other sources of
emissions in the area required to characterize the ambient air quality, this additional component is
the background concentration. Appropriate characterization of background concentrations is
required to assess agreement with observed concentrations for source-oriented modeling. In
addition, background air quality concentration is also required to determine potential violations of
air quality standards while considering new source permits or expansions to additional emission
sources.

In this chapter we address the following questions:

1. What are the limitations for determining background concentrations through existing

methods?

2. How can advanced air quality modeling tools be leveraged to provide better

background characterization?
4.1 How can background contribution be determined?

There are two methods of determining background concentrations. These involve
monitoring and explicit modeling of all the sources in the vicinity that might be contributing to the
ambient air concentrations. A primary condition of characterizing background is the exclusion of
the source whose impact is being modeled to avoid double counting of a source. This is achieved
by observing the mean wind direction data and deciding if the monitor falls within that direction.
The distance from the source where the plume has maximum impact is also dependent on the

hourly rate of emissions. Additionally, the assumption in AERMOD that the meteorological
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conditions are horizontally homogeneous makes this method less reliable for regions where
meteorology is more dynamic such as in coastal, and mountainous regions.

Another drawback of this method is the dependence on monitor data. In the absence of
appropriate monitor data, photochemical model output can be used. This method, however, can
potentially underestimate the ambient effects of SO2. In this chapter, we assess the influence of
these background concentrations and associated agreement with ground-based monitor data. Table
4.1 summarizes the different methods for calculating background concentrations in AERMOD that

have been used in previous literature.

Method Reference

Regional background from CTM with no | (Isakov et al., 2014;

emissions in the grid cell of interest Stein et al., 2007)

Addition of a regional background from | (Isakov et al., 2009;

CMAQ without zero-out approach Kumar et al., 2019)

Monte Carlo method for estimating total | (Dhammapala et al.,

concentrations with background 2017)

Design value 1-hr SOz and 50" percentile | (Guerra et al., 2014a)

of the monitor as background

Table 4.1 represents the methodologies previously used in the literature for calculating
background concentrations for source impact assessment with AERMOD

The method by (Isakov et al., 2014; Stein et al., 2007) presents a way to eradicate the
possible double counting of sources inside the study domain. The (Isakov et al., 2014) involves
two photochemical model simulations, CMAQ was used in these studies. One simulation is the

baseline which includes all the anthropogenic simulations and in another one, the emissions
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within the domain of interest are zeroed out. By using the same approach, (Stein et al., 2007)
found that the difference between the two simulations is not significant (<10%). However, on a
case-to-case basis, this might differ when working over an area with higher emissions. This
method, however, involves the need for computational resources as well as the technical expertise
required to run complex photochemical models. This method of using CMAQ for estimating
regional background along with models that provide a better spatial resolution indicates higher
exposure using the hybrid system (Isakov, 2009). This study does not mention using a zero-out
approach and thereby, an overestimation is still possible as compared to zeroing out even if the
impact is small as mentioned by (Stein et al., 2007).

Another concern with using background concentrations derived from monitored data is the
potential double counting of the source in question. Using this along with the 99" percentile
modeled concentrations from AERMOD ends up being a more conservative approach.
(Dhammapala et al., 2017) presents a methodology considering the seasonality of background
concentration by using Monte Carlo analysis. By using this method, the study finds less
overestimation than other methods where higher percentiles of design value and background

value are added.
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EPA recommended approaches (EPA SOz NAAQS Designations

Modeling Technical assistance document, 2016)

1. First tier approach — Modeled design value + highest hourly

background concentration from representative monitor

2. In case of absence of monitors, a representative regional
site/photochemical model simulation (40 Code of Federal

Regulations [CFR] Part 51 Section 8.3)

3. Temporally varying approach, based on the 99th percentile
monitored concentrations by hour of day and season, or month
added to modeled design values excluding periods when the

dominant source(s) are influencing the monitored concentration.

Table 4.2 represents the methodologies recommended by the EPA for calculation of background
concentration from in-situ measured data

To make the Tier 1 approach less conservative, the latest 3-year observed value are
recommended by the SO2 technical assistance document for designations modeling. The ground
monitor-based approaches to calculate the background concentrations presented in the EPA’s
technical assistance document involve adding the highest hourly concentrations from the monitor.
(Guerra et al., 2014a) describes the conservativeness of such an approach being used for PM2s
standards. Modeling guidance for 1-hour NO2 suggests using design values for 3 years for a less
conservative approach.

Approaches recommended in the Federal Register’s final rule to revisions to the Guideline
on Air Quality Models is the use of photochemical grid model output in the absence of adequate

monitors in the vicinity of the source. To the best of our knowledge, the literature lacks the
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synthesis of all these methods applied to the same source with subsequent comparisons in
performance. AERMOD for SO2 modeling has been found to have better agreement for higher
time intervals ranging from 8 h average to annual averages (Zou et al., 2010). However, 1-hour
averages need to be simulated appropriately as the air quality standards are based on 1-hour
averages. Here, we apply the background scenarios for daily 1-hour maximum values for SO2 for

the entire modeling period and then calculate the performance statistics.

4.2 Do we have a representative SO2 monitoring network to capture background concentrations?

We find that there are 149-point sources of SOz with emissions greater than 2000 tpy in
the United States. These are associated with fossil fuel-based electric power generation/electric
power generation in the United States. Out of these point sources, 48 of them have at least 1
monitor within a 15 km radius. This translates to about 32% of the sources. Because of this, we
need to have greater confidence in the local scale model performance as monitors are not available
for site-by-site evaluation.

To identify if there are enough SO2 monitors to characterize the surrounding air quality
such that the effects from the source of concern are not included, we analyze the monitoring
network as well as large EGU sources. We calculate the average distance of a source from the
nearest SO2 monitor. This includes sources located in the contiguous United States only. For a
total of 142 sources with emissions greater than 2000 tpy, the average distance to the closest
monitor is 45.10 km. The distance ranges from 0.13 km to 282 km. Now in the case of small to
medium sources which have total annual emissions of less than 2000 tpy, there are 1653 sources.
The average distance is 52.70 km from the nearest monitor. Here the minimum and maximum

distance are 0.36 km and 355.97 km respectively.
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Now, to exclude the areas that are impacted by a plume, we need to consider the state of
plume dispersion on a single day. From Figure 3.3, we can estimate a plume spread spanning 90°
around the source. This would mean we need at least 4 monitors to get a representative background
which excludes the plume of the source being modeled. Figure 4.1 shows the distance from the
source on the x-axis in km and the y-axis shows the number of sources with monitors within that
distance. The two lines in the plot represent cases — First — total sources with at least one monitor
and second — total sources with at least 4 monitors (so that we can exclude monitors impacted by
a plume) and pick another one. 6% of the total sources have at least 4 monitors within a 20 km
radius. This percentage will further go down if we look at a condition where these 4 monitors cover
four main directions around a source. This represents the multitude of problems associated with

choosing and using in situ monitoring data for background characterization.
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Figure 4.1 Number of sources with monitors for local scale air quality characterization. X-axis is
the distance from the source in km and the y-axis shows the number of SO2 emission sources. This
figure shows how many SO2 monitors are available at different distances from the source. The
green line represents the number of sources with at least one monitor while the blue line shows
the number of sources with at least 4 monitors if at least 4 monitors are required to capture the
direction of a plume.

For the purpose of background characterization, in an ideal case, we want to optimize this
distance. From section 3.4, we identified that the peak concentrations are observed within 3 to 4
km from the source. Therefore, we want to avoid being too close to capture the same source we
are modeling. Also, a monitor that is too far away may not provide a representative background as
well. To deal with this gap in situ monitoring data, we assess the potential for using a
photochemical grid model output as a background concentration source. This does not have the
limitations associated with ground-based data of sparse networks or cloudy days issues with

satellite data.
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4.3 Assessment of in situ observations and photochemical model-derived observations
Figure 4.2 represents Mean Fractional Bias (MFB) associated with different background
calculation methods. We also include the median value background as suggested by (Guerra et
al., 2014b) for both ground-based measurements and CMAQ data. However, this is different in
terms of temporal basis. The background concentrations are added to the final design value
whereas for the purpose of performance analysis, we add the background concentrations to each
day over the modeled period of 1 year. Overall, CMAQ represents a broader range of MFB values
across locations indicating that some grid cells are more sensitive as compared to others. Thereby,
before using CMAQ data, the sensitivity of the grid arising from other emission sources in
proximity should be considered. Overall, the 50" percentile background concentrations have the

most values with a range of +- 0.5 mean fractional bias.



62

Clustered sources - Mean Fractional Bias

Annual 50th 99th
20 20 20
15 15 15 —
1.0 1.0 10 o - —
05 T = 05 05
- = =
oo)-WN____ T em L O T St 1
- = /= .
-05 -05 E e -05
-1.0 -1.0 -1.0
-15 -15 -15
20 : . . - 20 ; 3 . : 20 : : . .
Fall Spring Summer  Winter Fall  Spring Summer  Winter Fall  Spring Summer  Winter
Annual 50th 99th
20 20 20
15 15 15 . i ﬁ .
101 __ =r 1.0 1.0 ' ‘ ! .
L - W I T S
os| HE mm LT Bl os == 05 = 4
—. —— g
1Y) § SO S SR 00 femiies s o
05 -05 05
-1.0 -1.0 -1.0
-15 -15 -15

Fall Spring Summer  Winter Fall Spring Summer  Winter Fall Spring Summer  Winter

Figure 4.2 Seasonal comparison of mean fractional bias for different background concentration
scenarios based on ground-based monitoring stations. The upper panel in the orange box
represents the mean fractional bias for model performance for clustered sources. Clustered
sources are the ones that share a common AQS monitor within a 15 km radius. Background
concentrations are assessed on three basis — Annual average, Median, and 99" percentile. The
red dashed line represents 0 MFB with yellow dashed lines on both +0.5 and -0.5 MFB. Model
performance is bifurcated by seasons which include Winter (DJF), Spring (MAM), Summer (JJA),

and Fall (SON).

In this section, we bifurcate the selected sites into two scenarios. This is based on isolated
vs clustered sources. If there is a common monitor between the modeling domains of any facility,
it is in the overlapping source category. Of the 4 sites we studied, Sites B and C consist of
overlapping monitors within a 15 km radius. This is indicative that plumes from two major sources

affect a common monitor. As we found that the concentrations peak at around 3 - 4 km from the
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source, the 15 km domain provides a margin to capture most of the plume effects, which may be
heavily impacting a monitor. We also acknowledge that there could be other major sources in the
proximity that are not within the modeling domain but right outside it and may affect the same
monitor. We present the mean fractional bias for the clustered facilities as well as the isolated ones
separately. This is in terms of monitor data. Figure 5 shows the seasonal comparison of mean
fractional bias for different background concentration scenarios based on ground-based monitoring
stations. The upper panel in the orange box represents the mean fractional bias for model
performance for clustered sources. Background concentrations are assessed on three basis —annual
average, median, and 99™ percentile.

For isolated sources, the AQS-based background overpredicts for annual and median
background scenarios and this is an example of the double counting issue that is highlighted across
literature that happens when a nearby monitor is used for adding background concentrations. For
clustered sources, the AQS-based background overpredicts on an average basis and underpredicts
on a 50M-percentile basis. This could potentially result from some anonymously high
concentrations, which affect the average value but do not affect the median value. As for the 99t
percentile, there is consistent overprediction across seasons irrespective of whether the source is

clustered or isolated.
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Figure 4.3 Seasonal comparison of mean fractional bias for different background concentration
scenarios based on CMAQ model output. The performance is assessed on three basis — Annual
average, Median, and 99t percentile. The red dashed line represents 0 MFB with yellow dashed
lines on both +0.5 and -0.5 MFB. Model performance is bifurcated by seasons which include
Winter (DJF), Spring (MAM), Summer (JJA), and Fall (SON).

For the background values taken from CMAQ, the grid cell containing the source being
modeled is independent of other major sources of SO2 emissions. Hence, we present CMAQ
background-based performance aggregated across all locations in Figure 4.3. For Site D which is
a large emission source with ~30 kilo ton of SO2 per year, background from CMAQ leads to
overprediction with a seasonal MFB ranging from 0.58 to 0.92 for annual average background and
0.26 to 0.71 for median background. In contrast to this, CMAQ background underestimates the
ambient impacts for both the yearly average and 50™ percentile basis for sites A, B, and C. These
sites all have total emissions of <10 kilo ton per year.

Conclusion
We find that out of 149-point sources of SOz with emissions greater than 2000 tpy in the
United States associated with fossil fuel-based electric power generation/electric power

generation in the United States 32% have at least 1 monitor within a 15 km radius. Following
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this we conclude that current methods for determining the background concentrations require
ground-based observations and as these are not available in the required distance from the
sources at all places, this is a limiting factor for single source dispersion analysis and
determination of impact on local scale air quality. Although, this model is being used since many
years in the United States, there is still contention about the background characterization which
was also discussed in one of the recent EPA modeling conferences that are required to be
organized under the Clean Air Act.

Further uncertainty characterization is required based on the background data source used
instead of reporting a single final value for background source contribution. Since the sensitivity
of a photochemical grid cell depends on the rate of emissions of sources present and whether
those sources are continuous or intermittent, using photochemical models will require additional
considerations.

This method, however, comes with limitations as well. There is still the question of double
counting as any source being modeled is also included in the background concentrations taken
from CMAQ. However, it does provide a way to eradicate the need for using background
concentrations from a ground-based monitor that is sparsely located worldwide. It is challenging
to have a single set of guidelines that can be applied for each source. There is a need to approach
the issue of background concentrations in a probabilistic manner as conditions differ for each

source.
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Chapter 5 Conclusion

In this thesis, we used the AERMOD dispersion model to study ground level SO2
concentrations on a local scale near large point sources of emissions to address questions related
to sub-grid variability and air quality regulation. We analyzed SOz emissions for the year 2019
from four large electricity generation units and modeled the effect of these emissions on a sub-
kilometer spatial resolution with a receptor grid set up extending to a 15 km radius from the source
in all directions.
This methodology was designed to address two key aspects: the local-scale effects of SO:
emissions and the modeling of those effects.

1. Does AERMOD have relevance to emerging health and environmental justice applications?

A major objective of air quality regulation is to mitigate widespread public health impacts.
About 51% of countries have explicitly defined public health and/or environmental protection as
the objectives of their air quality legislation (United Nations Environment Program, 2021). These
legislations in turn guide policymaking focused on achieving safe levels of air pollution. In
addition to this, a thorough evaluation of both current and proposed policies is essential to ensure
their alignment with air quality objectives. These regulations have proved to be effective in air
quality improvement across the United States (Ringquist, 1995; Shapiro & Walker, 2018). In terms
of distributional benefits across geographies and demographics, the Clean Air Act (CAA) provided
greater benefits to low-income households as the most polluted areas in a county were selected for
cleanup (Bento et al., 2015). Over the years, this has led to less and less exposure of the public to
SO2. Currently, point sources of SO2 emissions related to coal-based Electricity Generation Units

(EGUs) and coal-fired industrial boilers still contribute to SO2 in the United States. For these point
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sources, the question of near-source exposure still exists which needs to be assessed to highlight

if racial and demographic disparities still exist in terms of air pollution exposure.

2. How to balance the strengths and limitations of a local scale dispersion model for the intended
application?

Although, AERMOD is limited in terms of ability to address atmospheric chemical
processes, the ability to provide information at a sub-grid scale is relevant for assessing
disparities in air pollution exposure for people living near the source. We conclude that the
existing ground-based observational network for SO: is not sufficient as only 32% of the large
point sources have at least one monitor in vicinity. Furthermore, the average distance to a closest
SO2 monitor is of the order 40-50 km for both small, moderate, and large emission sources in
the United States. We also show that in addition to local exposure, this network also has
limitations to support regulatory applications such as the characterization of background
concentrations in a region. We show that this capability is especially relevant for near-source
exposure estimates, which are often underestimated due to coarser modeling grids and for
addressing questions related to appropriate and representative siting of monitors.

Lastly, we conclude that AERMOD has the potential to be used in characterizing near-
source pollution exposure especially in the case of SO2 where other more sophisticated models are
not suitable for determining gas-phase exposures. In addition to that, the mortality estimates from
PMzs falls short of including the contribution of trace gas exposures and Environmental Justice
disparities to total mortality and economic burdens. With this we also acknowledge that AERMOD
is designed to produce conservative estimates for surface level concentrations which may lead to

overestimation of public health impacts. However, this can be addressed by interpreting a local
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scale model output in a probabilistic manner and characterize uncertainties so that near source
trace gas exposure is appropriately characterized in health estimates.
Implications

We show that there is significant sub-grid scale variability associated with coarser
photochemical model runs which is not representative of exposure of some communities in the
case of SOz2. This result is also consistent for other pollutants such as NOx and PM2s (Clark et al.,
2022). This method of integrating such tools for estimating the health burden from energy systems
can provide surface air quality information within on a smaller scale such as census tracts or block
groups which can advance how policymakers approach local air quality management and source
controls.

This method charts out the potential to leverage this widely used model in emerging
applications surrounding air quality. Regulators, local governance authorities as well as residents
are concerned with air quality issues. This can provide them with relevant information. This has
the potential to provide more refined estimates of air quality deterioration in an area without

reliance on ground-based monitoring stations.
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