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Abstract
The purpose of this study is to compare and validate the use of emission density as an exposure surrogate through ambient air quality modeling. Federal Highway Administration’s Highway Performance Monitoring System (HPMS) vehicle data was applied to pollutant emission rates produced by the U.S. Environmental Protection Agency MOVES model for light duty vehicles (LDV) in the study area of Boston, Massachusetts. These emission rate estimations were inputted into AERMOD, an air quality dispersion model, to produce emission concentrations at the U.S. Census block level. There are limited studies on conducting air quality modeling using HPMS data. HPMS data is easily accessible and the only national level traffic dataset providing more comprehensive and accurate vehicle information when compared to the Four- Step Travel Demand Model (4TDM) and traffic counts. A strong correlation between emission density and emission concentration would negate the time-consuming and arduous task of air dispersion modeling. Emission densities could then replace emission concentrations as the input for health impacts modeling, allowing for nationwide analysis. The study concluded that there is a somewhat linear relationship between emission densities and emission concentrations, but further study is needed to determine if the association is adequate to support replacing emission concentrations with emission density. 
Introduction/Literature Review
On-road vehicle emissions are the leading source of criteria air pollutant emissions in the United States. Exposure to harmful vehicle emissions can lead to changes in risks of developing negative health outcomes (HEI, 2022). There is also an equity concern regarding the socio-economic demographics that are disproportionately exposed to near-road vehicle emission pollutants (Liu, 2021; Colmer, 2020; Clark, 2017). This study’s purpose is to apply MOVES’ emission rates to the vehicle traffic volumes obtained from the dataset to conduct ambient air quality modeling for the study area of Boston, Massachusetts. The HPMS data will be used in place of the traditional input of the Four-Step Travel Demand Model (4TDM). HPMS data is the only national level traffic dataset and is available everywhere in the United States while traveling demand modeling data are only available in metropolitan areas and vary in form. This additionally provides potential for forecasting changes in the vehicle fleet, such as different electric vehicle adoption scenarios. Previously commonly studies’ exposure surrogates -- the criteria used to evaluate emission exposure --- fail to distinguish different emission rates from MDV and HDV and neglect to provide enough parameters to adequately model the system. Emission density serves as an alternative to close those gaps. This study utilizes the classic bottom-up structure of analyzing traffic-related air pollution by modeling vehicle activity, emission rates and inventory, air quality, and health impacts. 
Traffic Data
To estimate vehicle activity and the subsequent pollutant emissions, baseline traffic volumes are necessary. It is expected that medium-duty vehicles (MDV) and heavy-duty vehicles (HDV) would most significantly contribute to emission rates due to their fuel requirements. Baseline traffic volume can result from traffic counts or from databases such as the Federal Highway Administration’s Highway Performance Monitoring System (HPMS) (FHWA, 2022). There are several advantages of using HPMS data compared to traffic counts. If traffic counts are conducted during timeframes that do not reflect annual, average traffic volumes, the produced data would be altered (HEI, 2022). Traffic count technology is also reliant on the technology and funds in the project area. This could cause instrumental data to be omitted, such as vehicle types, or cause discrepancies in the type of data available across the United States. There may also be gaps in the traffic count coverage regarding location. HPMS is a nation-wide dataset that is easily accessible and provides information on several road-way characteristics that can be used for subsequent travel demand modeling. These characteristics include extent, condition, performance, use, and operating characteristics for all public roads (FHWA, 2003). Arterial and collector systems rely on sampled data which maintains accuracy through individual state reporting (FHWA, 2003). HPMS reports data in average annual daily travel (AADT) which is a limitation in the sense that there is no breakdown for seasonal or time-of-day peaks in travel. This adds responsibility for the researcher to account for these variations. In addition to travel demand modeling, HPMS data can be used to evaluate environmental injustice in terms of near-road emission exposure. 
Emissions
Once traffic volumes are known, the pollutant emissions can be estimated. This is often done through built-in vehicle activity data or multiplication factors in the form of emission rates. Emission rates are interchangeable to emission factors and refer to grams of pollutant per user-defined unit which is commonly distance, vehicle, or time. The modeling tool, EPA’s Motor Vehicle Emission Simulator (MOVES), is one of the most prevalent emissions factor models for on-road vehicles (EPA, 2024). MOVES is flexible to user specifications, such as differentiating vehicle and fuel type, specifying pollutant type, forecasting future years, and can be modeled at the county level. This allows for a variety of modeling combinations that can result in nationwide modeling for a baseline or fore specific scenarios. The MOVES model relies on two calculations: inventory and emission rates. “Inventory” is dependent on traffic data from HPMS and yields the total emission mass as for the specified time and location (EPA, 2016). The “Emission Rates” calculation returns emission rates in units of mass per vehicle or mile with potential for expansion in modeling region or meteorological conditions (EPA, 2012). 
There are alternatives to MOVES for emission modeling from mobile sources. California’s Air Resources Board’s EMFAC model also returns emission inventories and emission rates from mobile sources but is limited to the California road network. Each state is required by federal regulations to use MOVES to model on-road particulate matter emissions, while California is mandated to rely on the EMFAC model (Rowangould, 2015; Thaneya, 2023).  Both MOVES and EMFAC can evaluate emission rates by vehicle type and speed for roadways (Rowangould, 2015; Thaneya, 2023). Another alternative to MOVES is the National Emissions Inventory (NEI). The NEI inventory considers criteria pollutants, their prerequisites, and hazardous pollutants from a variety of emission sources. State and local agencies, besides California who uses the EMFAC tool, are mandated to provide MOVES inputs required to estimate roadway emission inventories at the county-level or the inventories themselves. A benefit to the NEI is the potential for a variety in subsequent modeling such as direct air quality analysis (Schnell et al., 2019) or bottom-up modeling (Kheirbeck et al., 2016). MOVES is the preferred emissions modeling tool over EMFAC and the NEI because the tool is more malleable to model specific traffic scenarios. This includes forecasting emission rates for future years, projecting changes in vehicle type, and modeling electric vehicle adoption scenarios.
Air Quality
A common method of estimating an individual’s exposure to on-road pollutant emissions is by evaluating roadway proximity. Emission concentrations from roadway vehicles are most prominent 50-100 meters from the road network (DeWinter et al., 2018; Askariyeh et al., 2019; Zhu, 2006). Any unit contained within this distance is considered “near-road.” Pollutant exposure at the near-road level has been linked to negative health outcomes such as problems with the heart and lung, even leading to premature death (EPA, 2023). 
Exposure surrogate refers to the criteria or parameters for evaluating pollutant emission exposure. Density models provide a comprehensive and consecutive view of pollutant exposure as distance from the road network increases. Density models offer several methods for exposure surrogate, such as road density, traffic density, and emission density. Tian et al. (2013) used road density, proportion of the road area to the geographical study area, to model the relationship between vehicle pollutant exposure and socio-economic factors, such as race, ethnicity, and income. Road density, however, fails to consider volume, speed, emission factors, and electrification. Additionally, road density excludes differentiation between heavy-duty and medium-duty vehicles. An alternative to road density is traffic density, which describes the ratio of total distance traveled to a user-defined spatial unit. The traffic density method integrates fleet characteristics which allows for previous studies to model traffic density, socio-economic factors, and cancer risks at the U.S. Tract Level in California (Gunier, 2003; Houston, 2004), In contrast to road density, traffic density differentiates between heavy-duty and medium-duty vehicles as seen in previous studies (Antonczak et al., 2023). However, traffic density does not distinguish emissions between HDV and MDV. Traffic density also fails to forecast a scenario where levels of vehicle emissions change due to electrification or a different change in vehicle fleet. A new exposure surrogate, emission density, has been referenced in recent studies as an alternative that eliminates the limitations of road density and traffic density metrics. Antonczak et al. (2024) developed a method that uses emission density, area-normalized mass of vehicle emissions within a user-defined geographical area, as an exposure surrogate to consider characteristics that could impact a vehicle’s emission rate. The procedure includes applying MOVES emission factors to the HPMS vehicle class data at the U.S. County level to produce emission factors for each roadway type. This then results in average daily emission rate estimations for each roadway segment in the HPMS dataset. To conduct the study at the U.S. Census block level, a 250 m spatial buffer was created around each Census block to account for overlap of traffic data (Antonczak et al., 2024). The pollutant emissions from each roadway segment were summed, including the spatial buffer, and then divided by the Census block land area to create emission densities (g/km2).
To analyze the correlation between air quality and emission density, dispersion modeling is required. Dispersion modeling describes the estimation of ambient pollution concentrations at point locations and emission source, specified by the user. These models require inputs of emission rates, their source location, and meteorological data. There is flexibility for the user to define location and space between receptors, resulting in the potential for very fine resolution. A drawback of air dispersion modeling is the exclusion of secondary air pollutants due to lack of consideration of chemistry components. There are many options for air dispersion modeling, such as AERMOD, CALINE, RLINE, and ADMS. In a past study, these air dispersion modeling alternatives were all shown to sufficiently predict downwind pollutant concentrations, but CALINE had more variability in their concentration estimates when compared to AERMOD, RLINE, and ADMS (Heist, 2013). EPA’s Atmospheric Dispersion Modeling System (AERMOD) is the preferred model since both the National Ambient Air Quality Standards (NAAQS) and State Implementation Plan (SIP) revisions require the use of AERMOD to determine the extent to which standards are met or evaluating ambient air quality (EPA, 2023). In contrast, CALINE, RLINE, and ADMS, can only be used for regulatory purposes with justification. AERMOD completes air dispersion modeling by considering complex and simple terrains, surface and elevated sources, and scaling concepts based on a “planetary boundary layer turbulence structure” (EPA, 2023). There are various applications for air dispersion modeling. There are a multitude of studies using air dispersion modeling to estimate the health impacts of vehicle emissions and the implementation of transportation policies (Tayarani et al., 2020; Batterman et al., 2014; Rowangould 2015; Hatzopoulou & Miller, 2010; Lefebvre, 2011: Cook et al., 2008). These policies could determine how a project, typically long-range transportation plans (LRTP), or a governmental policy forecast the change in pollutant emissions (Hatzopoulou et al., 2011, Poorfakhraei et al., 2017, Tayarani et al., 2016). Due to the user-defining the space between receptors, dispersion modeling can also address EPA’s required PM2.5 “hot spot” analyses in relation to transportation projects that have the potential to increase the exposure to PM2.5 emission rates (US EPA, 2010).
Equity
It stands to reason that those living close to congested roadways are at higher risk of exposure. There is a purposeful history of city planning that ensured that race, ethnicity, and income contribute to levels of air pollution exposure rates. Due to segregation and gentrification, people of color and low-income communities are more at risk to a higher likelihood of residing near high volume roadways (Pereira & Karner, 2021).  A recent study proved a high correlation between race, income, and traffic volume (Rowangould, 2013). Results of this study have shown that 27.4% of the non-white population, in comparison of 19.3% of the total United States population, resides near high volume roads. Additionally, communities living within high volume roads census blocks have an average median income of $1221 less than the total U.S average median income (Rowangould, 2013). Areas with a higher population density, such as metropolitan areas, are more likely to be diverse in income level, communities of color, and traffic density. These high levels of inequity relating to near-road residential proximity, result from unethical and racially motivated transportation practices, such as redlining. Redlining describes the Home Owners’ Loan Corporation’s (HOLC) and Federal Housing Administration’s (FHA) determination of “investment risk,” which was directly related to the residents’ race (Swope, 2022). In response, the practice of redlining led to the perpetuation of segregation, disinvestment, and racial inequity in the interests of white corporate wealth and landownership (Swope, 2022). One study analyzed the consequences of systematic redlining, which found a negative outcome amongst all health-related impacts, including environmental determinants of health and health-related outcomes (Swope, 2022). With environmental injustice being intertwined with transportation policy and practice, it is essential that this is evaluated for future projects. Using emission and air quality modeling allows for the potential for an equity analysis while forecasting changes in vehicle fleet proportions or electric vehicle adoption. 
Methods
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Figure 1 . Created by Greg Rowangould to Demonstrate Project Methodology
Block Emission Density Estimations
As simplified in Figure 1, this project compares emission densities at the Census block level to the ambient air equality dispersion modeling output of emission concentrations for Boston, Massachusetts. Emission density is an exposure surrogate that refers to the area-normalized vehicle emission mass per a user-defined geographical area. The block emission densities have already been calculated outside of this project due to emission density factor (EDF) research conducted by Dr. Gregory Rowangould, Ph.D. and Brittany Antonczak, Ph.D. student at the University of Vermont. The Highway Performance Management System (HPMS) dataset collects nationwide traffic data that contains a variety of vehicle characteristics, such as vehicle type. This dataset also contains the annual average daily travel (AADT) for light duty vehicles (LDV), medium duty vehicles (MDV), and heavy duty vehicles (HDV) for each road segment in the United States. 
The EPA’s recommended pollutant emissions factor model, MOVES, produced estimations of vehicle traffic’s emission rates for each roadway segment on a county-by-county basis for the entirety of the United States. This was simplified by attributing each county to a unique climate-county fuel combination. The resulting emission rates were multiplied by HPMS traffic estimates by vehicle type (LDV, MDV, or HDV) which established average vehicle emissions per day for each roadway link within the HPMS dataset. This was done for fine particulate matter (PM2.5) and nitrogen dioxide (NO2) as these pollutants are commonly used in air quality research and are considered to significantly contribute to negative health impacts. Emission rates were estimated for each US census block by a 250 meter spatial buffer outside each block to account for potential overlap. To estimate the final emission densities at the block level, the summation of the pollutant emissions from each roadway segment and the spatial buffer were divided by the Census block land area. While this research was done for each road segment and vehicle type in the United States, I will only be using the LDVs’ emission densities factors relating to the Boston area in comparison with emission concentrations. 
Air Quality Dispersion Modeling
In past research, air dispersion modeling and subsequent health impacts analysis has relied on the four-step travel demand model (4TDM) or traffic counts for vehicle activity and not the HPMS dataset. The advantage to using the HPMS data is the national traffic dataset opposed to the 4TDM which has varying levels of quality and gaps in available data. The 2018 HPMS dataset contains average annual daily traffic (AADT) differentiated by vehicle type and fuel consumption. I used Antonczak’s (2021) MOVES output from the 2018 HPMS dataset which produced emission rates estimations for each roadway segment in Boston, Massachusetts for LDVs. The roadway network used for analysis is pictured below. 
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Figure 2. Road Network Derived from HPMS Dataset for Study Area
One limitation of the HPMS dataset is that the data assumes that vehicle volume occurs linearly throughout the day which is not an accurate representation of traffic behavior. To transform the dataset to represent true traffic behavior, I determined and applied quarterly time factors based on the Suffolk county’s traffic data which was obtained from the Massachusetts Department of Transportation. These time-of-day factors were applied to the MOVES’ estimated emission rates for LDVs based on peaks of traffic volume. This created roadway segment emission rate estimates (g/mi/day) at four different time periods throughout the day. The MOVES output (g/mi*veh) was converted to g/mi*hr by multiplying the emission factor by the AADT data from the HPMS dataset and dividing by roadway distance. This transformation was done for four quarters of the day for the averaged 1st and 15th of January, April, July, and October to account for unpredictable variables such as seasonal travel and changes in weather. 
The on-road vehicle pollutant emission rates with the time-of-day allocation (veh/hr) were used as the input to the air dispersion model. Air dispersion modeling describes the process of estimating the dispersion of pollutant from a user-defined source. This depends on different atmospheric processes that can impact the spread of air pollutant concentrations (EPA, 2023). The EPA recommended air quality dispersion model, AERMOD, was used to estimate near-road vehicle pollutant emission concentrations in Boston (EPA, 2016). AERMOD is the only allowable model that can be used to determine compliance with the National Ambient Air Quality Standards (NAAQS) and State Implementation Plan (SIP) revisions, which is why AERMOD is preferred to other air dispersion models. 
AERMAP is a terrain processor that calculates base elevations and must precede the use of AERMOD. AERMAP accepts national elevation dataset (NED) files which provides elevation data for the Boston area. These NED files were downloaded from the United States Geological Survey (USGS) as recommended by the EPA. The AERMAP input files were created by determining the extent of the receptor network at the fine and coarse level. 
This research used a gridded approach through methods developed by Rowangould (2015) to successfully run AERMOD over a large area such as Boston. The Boston and surrounding area’s road network were intersected with 1 km x 1 km grid through ArcGIS modeling with each grid indicating another AERMAP and AERMOD run. This modeling considered fine and coarse receptor networks with the fine receptor grid capturing pollutants most near roadways and the coarse receptor grid capturing the long-range effects. The fine receptor grid necessitated a 3 km x 3 km grid of receptors for each 1 km grid with 100 m spacing centering the 1 km cell. The fine receptor grid was buffered with 2 km grid to evaluate the bordering effects. The course receptor grid had 500 m spacing buffered by a 4 km grid. This process yielded 5749 1 km grids which determined the number of times AERMAP and AERMOD had to be executed. Both AERMOD and AERMAP required inputs of location files which were produced through calculating the cartesian coordinates of the start and end of each road segment. The roadway widths were also calculated assuming uniform 12 feet lane widths. The road network with the one-kilometer grid allocation is demonstrated below. 
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Figure 3. Illustrates the Grided Approach
Additional AERMOD input files were also created. Parameter and variable emission files were made by transforming the first emission factor (g/mi*hr) to g/[s*m2] by unit conversion and through dividing by width of the road. Variable emission input files were produced through ratios of the emission factors by season and time of day in relation to the first emission factor (January, 1st quarter of the day). Each type of input file (location, parameter, variable emission, AERMAP, and AERMOD) was created for every one-kilometer grid. These input files were created through modifying Python scripts from past research (Rowangould, 2015). Python and R script performed a majority of this analysis through running AERMAP and AERMOD and completing processes in ArcGIS Pro. The process of comprehending, revising, and running these past scripts was time consuming and required considerable trouble-shooting methods. 
AERMOD requires meteorology data from the National Oceanic and Atmospheric Administration (NOAA) to estimate pollutant emission concentrations. I received Grey, Maine’s upper air data and Logan airport’s surface data for 2021 from the Massachusetts Department of Environmental Protection. AERMAP and AERMOD were run for the entirety of Boston, Massachusetts to estimate pollutant emission rates for fine and coarse receptor grids. The 1st and 15th of January, April, July, and October were averaged and then modeled for four daily time periods (16 total emission factors) to holistically evaluate the pollutant emission concentrations for 2018. This produced on-road vehicle pollutant emission concentrations for the coarse and fine receptor network. 
AERMOD Post-Processing
The coarse and fine receptor grids’ annual output were combined to create an aggregate file. I conducted post-processing of the AERMOD output adapting methodology created by Mohammad Tayarani from the University of New Mexico for an EPA project. This required spline interpolation of the emission concentrations for the coarse and fine aggregate results. Each negative concentration contained in the spline output was removed. The coarse and fine spline datasets without the negative concentrations were combined into one dataset. The 2020 United States Census data was then used to estimate emission concentrations at the block level. 
Emission Density and Emission Concentration Comparison
The relationship between emission density and emission concentration was analyzed through first normalizing the emission concentrations and the emission densities between a 0 and 1 scale. This returned an estimated difference between these two values and was displayed on a map found in Figure 6. The pollutant concentration and emission densities were plotted against each other to estimate the correlation coefficient. Finally, a linear regression model was performed to further evaluate the correlation between the two datasets for the raw, normalized, and logarithmic model. 














Results
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Figure 4. AERMOD Output of On-Road Vehicle Emission Concentrations (μg/m3) for PM2.5
The post-processed AERMOD output, as summarized in Figure 4, succeeds in representing the most extreme emission concentrations at high-volume roadways in Boston’s densest region.
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Figure 5. Street View of Emission Concentrations (μg/m3) at the United States Census Block Level for PM2.5
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Figure 6. Emission Concentrations (μg/m3) at the United States Census Block for PM2.5
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Figure 7. Emission Densities at the U.S. Census Block Level for PM2.5
Visualized in Figures 4 and 5, emission density and emission concentration both follow the expected pattern of the surrounding high-volume roadways. The emission concentrations in central Boston demonstrate more long-range effects as the distance from the roadway increases when compared to emission density. 
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Figure 8. Normalized Difference Between Emission Density and Emission Concentration at the Census Block Level with HPMS Boundary Overlay
As seen above in Figure 8, the roadways with highest vehicle volume and traffic emissions resulting in an under estimation of emission densities. The HPMS road network in the study area is overlaid to communicate the project boundaries. The normalized differences outside of the project area that convey an overestimate of emission densities can be considered negligible.
When plotted against each other, emission concentration and emission density had a correlation coefficient of 0.597 as shown in Figure 9. The raw and normalized dataset had the highest adjusted R2 value of 0.356 while the logarithmic version only resulted in an adjusted R2 value of 0.134 as summarized in Table 1. 
 



Table 1. Illustrates the Linear Regression Model Results for Each Transformation of Datasets
	Data Type:
	 
	Estimate
	Pr(>|t|)
	Adjusted R2

	Raw
	Intercept
	0.533
	<2e-16  ***
	0.3562

	
	ED
	1.24E-05
	<2e-16  ***
	

	Normalized
	Intercept
	0.024
	<2e-16  ***
	0.3562

	
	ED
	1.18
	<2e-16  ***
	

	Logarithmic
	Intercept
	-2.85
	<2e-16  ***
	0.1344

	
	ED
	0.573
	<2e-16  ***
	


Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
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Figure 9. Emission Density (µg/m2) vs. Emission Concentration (µg/m3) with Regression Line for PM2.5

Discussion
Successfully conducting air dispersion modeling utilizing HPMS data is promising when considering applying this research on a larger scale. Replacing the 4TDM or traffic counts with HPMS data when evaluating traffic data/vehicle activity would eliminate the current gaps in research, available data, and resources. HPMS data is easily accessible and available nationwide which opens opportunities for national modeling of electric vehicle adoption scenarios outcomes on emission concentrations and health impacts. Another application of this research is freight electrification and changes in fuel consumption/fuel type at the national level. 
As seen in Figures 6 and 7, the emission concentrations and emission densities both represent the expected traffic volume and behavior of on-road vehicles. Similarly, both datasets yield the highest values in central Boston. Referring to Figure 9, the normalized difference reveals that there is an underestimate of emission densities where traffic volumes are the highest, central Boston. Identifying and addressing this limitation could help strengthen the relationship between emission density and emission concentrations. 
The correlation coefficient of 0.597 suggests that there is a relationship between the two values, but that it is not a perfect representation. The same can be concluded for the adjusted R2 values from the linear regression models. Further research should be done before transforming and utilizing emission densities in replacement of emission concentrations. This research can be expanded to produce a more statistically significant relationship between the two values through modifying the HPMS time-of-day values to better represent traffic volumes. Additionally, the fine receptor network could be modified to have less spacing between receptors, capturing even more defined near-road emissions.
Despite the limitations in the air dispersion model and the incomplete statistical relationship between emission density and emission concentrations, the results of this study are optimistic. The suggestion of any correlation between these two randomized datasets is encouraging. If further research produces a strong statistical relationship between the datasets, this will bypass the need for air dispersion modeling which is time consuming and tedious. This could lead to nationwide health impact modeling at the county-level with significant equity analysis. 
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