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HIGHLIGHTS

o Traffic and congestion vary considerably over time and place.

e Few analyses account for this spatiotemporal variation.

e Areas closer to highways had the largest spatiotemporal variations in concentrations.

o In regions with low congestion, AADT data was sufficient to capture pollution patterns.

o In regions with high congestion, resolved data captured greater variation in pollution.

ARTICLE INFO ABSTRACT

Keywords: Localized variations in traffic volume and speed can influence air pollutant emissions and corresponding con-
Traffic-generated air pollution centrations in nearby communities, but most studies have utilized only aggregated traffic activity data. In this

dispersion model
RLINE

Vehicle emissions
Exposure assessment

study, we compared the estimated influence of highway traffic activity on concentrations of primary oxides of
nitrogen (NOy) and fine particulate matter (PMss) in communities near highways using a dispersion model
informed by highly spatiotemporally-resolved variations of traffic volume and flow compared to the use of
Annual Average Daily Traffic (AADT) data at a few locations.

We used two sources of traffic activity data on 500 half-mile roadway segments on the five major highways in
the Washington State Puget Sound during 2013. The first consisted of vehicle counts available every half-mile
and 5 min; the second was traffic information (e.g., AADT) aggregated across the year and roadway network.
Using the Motor Vehicle Emissions Simulator (MOVES) and the Research Line source dispersion model (RLINE),
we modeled hourly concentrations of primary NOy and PMj s generated by highway traffic at nearly 4000
residences within 1 km of major highways. These concentrations were aggregated to daily and annual average
concentrations, which were compared by input data source.

At most locations, concentrations of primary NOy and PMy s modeled using the resolved traffic data had
similar spatial and temporal distributions to concentrations predicted using the AADT data. However, several
areas showed large differences. For example, 25% of residences within 150 m of a highway had concentrations
that differed by more than 19% (8 ppb) for NOy and 32% (0.7 pg/ms) for PM; 5, and the AADT data consistently
predicted lower concentrations than the resolved traffic data.

Our findings indicate that temporal and spatial variation in traffic patterns can result in complex spatiotem-
poral variations of air pollutant concentrations that can be captured with the use of dispersion modeling with the
appropriate inputs. The use of spatiotemporally resolved traffic activity data can improve exposure estimates and
help reduce exposure measurement error in epidemiological studies, especially in communities near highly
congested highways.
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P. Filigrana et al.
1. Introduction

Exposure to traffic-related air pollution remains a public health
concern due to associations with increased risks of mortality and adverse
cardiovascular and respiratory endpoints (Health Effects Institute (HEI),
2010). Concerns are especially evident for communities near major
highways given elevated concentrations within hundreds of meters of
large roads (Health Effects Institute (HEI), 2010; Zhu et al., 2002). This
has important implications given that up 45% of the United States
population in large urban areas lives within 300-500 m of major roads
(Health Effects Institute (HEI), 2010; Meyer et al., 2013). Near-road
populations also include larger proportions of low-income households
and minority racial/ethnic groups (Gunier et al., 2003; Havard et al.,
2009; Houston et al., 2004; Meyer et al., 2013; Morello-Frosch et al.,
2002; Tian et al., 2012; Wu and Batterman, 2006) that may be more
susceptible and vulnerable to effects of pollutant exposure.

Accurately estimating exposures to traffic-related air pollutants is
challenging since many factors determine both vehicle emissions and
corresponding concentrations (Batterman et al., 2015a; Gokhale, 2011;
Kimbrough et al., 2013). A key factor is traffic activity, which can vary
considerably over time and place, both within and between highways.
For example, traffic can transition from free-flowing to congestion
conditions in time and distance scales of minutes and kilometers,
respectively. Such variations can influence concentrations of
traffic-related pollutants in nearby communities yet have not been
routinely incorporated into exposure models for epidemiologic studies
given data limitations. Rather, most epidemiologic studies of short-term
exposures to traffic-related air pollution have used daily or hourly
variation in concentrations measured at air quality monitoring stations
(AQS) (Atkinson et al., 2016; Basagana et al., 2015; Finnbjornsdottir
et al., 2015; Grazuleviciene et al., 2004; Tsai et al., 2010). This is likely
problematic, however, since monitoring sites in most networks are too
sparse to capture the full spatiotemporal variation of traffic-related air
pollution in the near-road environments. Land use regression or hybrid
models are increasingly able to characterize daily variation utilizing a
combination of surface and satellite measurements, and dispersion
model outputs, but generally have insufficiently fine resolution for
traffic-related primary pollutants (Parvez and Wagstrom, 2019; Son
et al., 2018; Wilton et al., 2010).

Vehicle emissions and dispersion models have recently been used in
environmental health studies as methods that can overcome many of the
challenges of assessing population exposures to traffic-related air pol-
lutants in near road environments (Batterman et al., 2020, 2015b; 2014,
2010; Chang et al., 2015; Isakov et al., 2014; Jerrett et al., 2005; Kanda
et al., 2013; Levitin et al., 2005; Patterson and Harley, 2019; Snyder
et al., 2014, 2013a; Vette et al., 2013; Zhai et al., 2016; Zhang and
Batterman, 2010). These models can predict air pollutants from traffic
over a large area with high spatiotemporal resolution by combining
emissions from on-road traffic volumes and flow with physical processes
in the atmosphere due to meteorology. However, due to a paucity of
spatiotemporally resolved traffic data and computational demands, re-
searchers have generally used traffic data aggregated over time and
space as inputs to these models. For example, they have used annual
average daily traffic (AADT) volumes estimated at a few permanent
traffic recorders (PTR), along with regional trends in traffic activity
across hours, days, and months and national averages for vehicle speeds
(Batterman, 2015; Batterman et al., 2015b, 2014; Chang et al., 2015;
Milando and Batterman, 2018a, 2018b; Snyder et al., 2014). Although
these approaches help account for temporal variability and have shown
improvements in modeling vehicle emissions compared to (unchanging)
AADT (Lindhjem et al., 2012), aggregated traffic metrics may not
completely capture differences in traffic emissions from localized traffic
patterns that vary over time and place.

This research describes the air quality modeling approach we used to
estimate exposure to primary oxides of nitrogen (NOx) and fine partic-
ulate matter (PMa5) generated by highway traffic in support of an

Atmospheric Environment 242 (2020) 117758

epidemiological study conducted to quantify associations between these
pollutants and daily mortality in communities near major highways of
the Puget Sound in Washington State, U.S. In this study, we aimed to
characterize the influence of variations in highway traffic activity on
concentrations of NOy and PM,s generated as primary pollutants
(herein referred to as traffic-generated NOy and PMys) at residential
locations of all non-accidental mortalities that occurred within 1 km of
major highways. We estimated these concentrations using vehicle
emissions and a line-source dispersion model with a unique source of
traffic data that had finely resolved spatiotemporal variations of traffic
volume and speed. We compared these predicted concentrations to those
estimated using more typical and aggregated traffic data. We conducted
this research in the urban area of the Washington Puget Sound, one of
the few regions that has very highly resolved spatiotemporal traffic data.

2. Methods

To predict concentrations of traffic-generated NOyx and PM3 5 from
highways in near-road communities, we used two sources of traffic ac-
tivity data for the main highways in the Puget Sound (i.e., Interstates 5,
405 and 90, and State Routes 167 and 520) during the year of 2013. The
first dataset had traffic volume and speed data recorded every half-mile
and 5 min (herein referred to as our “resolved traffic data”); the second
had traffic volume and speeds aggregated across the year and space
(referred to as “AADT data”). These data were incorporated into the
Motor Vehicle Emissions Simulator (MOVES, version 2014) (U.S Envi-
ronmental Protection Agency, 2014) to generate hourly emission factors
(g/vehicle-mile) of primary NOyx and PMys from the Puget Sound
highways. We then used the Research Line source dispersion model
(RLINE v1.2) (Snyder et al., 2013a) to predict hourly concentrations of
traffic-generated NOy and PMjys at residential locations of all
non-accidental deaths that occurred within 1 km of a highway between
2009 and 2013. These are intended to represent the exposure distribu-
tion of the population and will be informative for our future epidemi-
ological study using this model. Finally, we compared the spatial and
temporal distribution of the traffic inputs and predicted concentrations
between the two data sources. Below, we describe in more detail the
three major components of this modeling framework. Fig. 1 shows the
air quality modeling framework.

2.1. Receptor locations

In preparation for our related epidemiological study, we estimated
concentrations of traffic-generated NOy and PM3 5 at the 3784 residen-
tial locations of all individuals that died from non-accidental causes
within 1 km of our targeted highways between 2009 and 2013. We
obtained death certificates with geocoded residential addresses from the
Washington Department of Health (WADOH). We also predicted con-
centrations at regulatory monitoring stations in the Air Quality System
(AQS) in the Central Puget Sound that sampled for reactive oxides of
nitrogen (NOy, n = 1 monitoring site) as an indicator for NOy and PM> 5
(n = 5, monitoring sites). Fig. 2 displays the receptor locations and the
study domain: 9.5% of receptors were within 150 m of the nearest large
roadway).

2.2. Traffic data

We obtained spatiotemporally resolved data on traffic volume and
vehicle speeds for each half-mile of the highways in the region at 5-min
resolution from the Washington State Transportation Center at the
University of Washington (TRAC-UW). These five highways are classi-
fied as National Functional Classes (NFC) 11 (Urban Interstate) and 12
(Urban Other Freeway or State Routes) and totaled 250 miles in length.
Induction loop detectors embedded in the pavement measure real-time
traffic volume and vehicle speeds in each direction. These data un-
dergo routine quality assurance screening by the TRAC-UW to ensure
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Fig. 1. Flow chart of the air quality modeling framework and input data.
Note: The dashed boxes represent input data, the ovals represent computational
software and the rectangular elements represent output data. The input data
represented in this flow chart corresponds to the AADT data. The main differ-
ence with the resolved traffic data is that we used measured hourly traffic
volume and vehicle speeds for each half-mile as opposed to the AADT at PTRs,
TAF and national vehicle speed used for the AADT data.

Atmospheric Environment 242 (2020) 117758

high data quality.

For the same roadways, we obtained AADT data from the Washing-
ton State Department of Transportation (WSDOT), derived from traffic
counts in 2013 at 20 PTRs distributed along the five highways and re-
ported for each direction of the highways (i.e., I-5: six, [-405: five, I-90:
three, SR-167: three and SR-520: four). We obtained local temporal
allocation factors (TAFs) from the Washington State Department of
Ecology that describe general patterns in traffic volumes by month, day
of week (weekday and weekend) and hour of day for the region. Due to
the absence of aggregated local data for vehicle speeds, these data were
obtained from the National Speed Survey for five time periods of the day
(i.e., Off-peak-1: 12:00 a.m.-6:59 a.m., morning peak: 7:00 a.m.-8:59 a.
m., mid-day: 9:00 a.m.-3:59 p.m., afternoon peak: 4:00 p.m.-6:59 p.m.,
and off-peak-2: 7:00 p.m.-11:59 p.m.) (De Leonardis et al., 2018).

For both sources of traffic data, we used information on vehicle class
from the WSDOT collected at the PTRs and mapped these data to the six
Highway Performance Monitoring System (HPMS) classes (i.e., motor-
cycles, passenger cars, light-duty trucks, buses, single-unit trucks, multi-
trailer trucks). We further obtained data from the WSDOT on vehicular
age distributions and fuel formulation for King County as inputs to Mobil
Vehicle Emissions Simulator model, the emissions simulator, as
described below.

For our resolved traffic data, we calculated hourly traffic volumes by
vehicle class for each half-mile road segment and direction for all 8760 h
of 2013 by weighting our resolved traffic volumes by the vehicle class
fractions. For the AADT data, we estimated hourly traffic volume by
vehicle class using the AADTs and TAFs for each roadway segment be-
tween PTRs by roadway direction.

Study Area
*  Residential locations

{ @® Air Quality Stations
Y P Main Highways

/
/ Other Roadways
Water Resources
Census Tracts

WIND SPEED

8.80 - 11.10
5.70 - 8.80
3.60 - 5.70
2.10 - 3.60
0.50 -2.10

Fig. 2. Study area including major roadways, receptor locations, and prevailing wind direction. in the Central Puget Sound, WA.
Note: Fig. 2 shows the study domain including the five major highways represented as red lines, receptor locations (i.e., 3748) where we predicted concentrations of
air pollutants denoted as green dots and the prevailing wind direction at the National Oceanic and Atmospheric Administration (NOAA) station at the Renton Airport.

Of the 3748 receptors 9.5% were within 150 m of a highway.
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Locational data from the Tiger products of the US Census Bureau
were obtained to map the road network of our five targeted highways
https://www2.census.gov/geo/tiger/TIGER2013/ROADS/.

2.3. Meteorological data

We obtained the hourly meteorological parameters from the Renton
airport station operated by the National Oceanic and Atmospheric
Administration (NOAA, 2013). These data were processed through the
AERMET program by the Puget Sound Clean Air Agency. AERMET es-
timates boundary layer parameters required for RLINE to model
dispersion, including friction velocity (u*), convective velocity (w*),
surface roughness height (zp), Monin-Obukhov length (L), moisture,
albedo, cloud cover, and temperature. We selected the Renton airport as
the primary data source based on its location in our study region and
because comparisons of wind profiles measured at other meteorological
stations in the region showed similar behavior as that found at the
Renton airport.

2.4. On-road mobile vehicle emissions

For both our resolved and AADT input data, we generated hourly
vehicle emissions factors (g/vehicle-mile) of NOy and PMy 5 for each
road segment using MOVES-2014 (U.S Environmental Protection
Agengy, 2014). Following the approach of Cook et al. (2008) and Snyder
et al. (2014), we ran MOVES at the county scale using rate-per-distance
calculations of emission rates. We generated emission rates of NOx and
PM, 5 for the running exhaust and evaporative emission processes for
the unique combinations of 6 HPMS vehicle types, 16 vehicle speed bins
(ranging from 2.5 to 75+ mph), local ambient temperature and relative
humidity (every 5 °F), and month. Since running losses during extended
idling are not related to highway driving, we did not include this
emission process in our calculations (Cook et al., 2008; Snyder et al.,
2014). We did, however, include non-exhaust emissions of PMj s such as
tire wear and brake wear in our models.

To estimate total emissions for each road segment and hour, we in-
tegrated the outputs from MOVES with the hourly traffic volume and
speed for each vehicle class by road segment based on the month and
weather. We performed these calculations for each of the two sources of
traffic data described above, resulting in hourly, segment-by-segment
emission factors for NOy and PM, 5 for the resolved and AADT data-
sets that accounted for local weather and traffic activity in each road
segment and direction.

2.5. Dispersion modeling

We ran a modified version of the RLINE dispersion model (v1.2) to
predict hourly concentrations of primary NOy and PMjy 5 originating
from vehicle emissions on the major highways at our receptor locations.
RLINE simulates the dispersion of primary, chemically inert pollutants
in near road environments without accounting for chemical trans-
formations or deposition.

The model includes more advanced wind and roadway configuration
algorithms providing more advantages of RLINE over previous disper-
sion models recommended by EPA (Snyder et al., 2013a). Performance
evaluations of RLINE have shown good agreement between model es-
timates and measured air pollutant concentrations (Milando and Bat-
terman, 2018a, 2018b; Snyder et al., 2013a). The model also has been
recognized as a valid approach to assess air pollutant exposure from
traffic emissions in epidemiological studies (Pennington et al., 2018;
Zhang et al., 2020).

We implemented RLINE using the numerical integration method
with an iteration limit of 1,000, an error limit of 0.001, and the beta
algorithms for roadside noise barriers. To avoid running RLINE for each
air pollutant, we used the unit emission rate (1 g/m/s) input approach
(Snyder et al., 2014) and then scaled hourly RLINE outputs for the
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pollutant-specific emission factors from MOVES for each road segment.
This assumes that chemical transformations of NOyx and removal pro-
cesses for PM, 5 have relatively small effects at the spatial scale (<1 km)
of our modeling.

A field study showed good agreement between estimates modeled by
RLINE and measurements of NO collected at 7 m and 17 m from the
roadway shoulder though the model performed better in downwind as
compared to upwind estimations. In both cases, however, the model
over-predicted as compared to observed concentrations (Snyder et al.,
2013b).

2.6. Concentration estimation

We aggregated the modeled hourly concentrations of traffic-
generated NOy and PM, 5 contributed by every road segment in the
highway network to each receptor location to obtain 24-h and annual
average concentrations. RLINE predictions of NOy concentrations in pg/
m> were converted to ppb using the average conversion rate of 1 pg/m>

NOy = 0.5495 ppb NOx.
2.7. Data analysis

We characterized the spatial and temporal distributions of traffic
volumes and speeds as well as predicted concentrations of NOy and
PM; 5 from highway traffic for the two sources of traffic data using
descriptive statistics, Spearman correlation coefficients, box plots, cu-
mulative density function graphics, and heat maps. We also compared
the modeled 24-h average concentrations of traffic-generated NOy and
PM, 5 with the measured daily concentrations at AQS monitoring sites.
We made comparisons across the two data sources for the entire period
of study and by weekdays/weekends and distance to roadway. We also
split the variation into a spatial component by evaluating only the
annual average concentrations at different locations and a temporal
component by focusing on differences in daily concentrations from an
annual average. All analyses were conducted using Stata statistical
software version 14.1 (Stata Corp) and ArcGIS version 10.1 (ESRI).

3. Results
3.1. Variation in traffic volume and speed on major highways

Table 1 shows some differences in the daily average traffic volumes
between the two sources of traffic data, e.g., higher traffic volumes in the
resolved traffic data as compared with the AADT data for most regions
on all highways except for I-405. We found regions where traffic vol-
umes for the resolved traffic data were greater than 50% (e.g., I-5 and I-
90) or twice (e.g., SR-520) the volumes of the AADT data. Traffic vol-
umes were more than 12% and 30% higher on weekdays as compared
with Saturdays and Sundays, respectively, and 60% higher during
morning and afternoon rush hours as compared to off-peak periods
(Table 2).

We also observed substantial spatial variation across road segments
within the same roadway, especially for I-5 (Fig. 3 and Supplemental
Figure S1, Panels A and B). As expected, the within-highway variation
was substantially greater in the resolved traffic data: the AADT volumes
in the resolved traffic data were 1.5-3.5 times more variable than the
AADT traffic data. As shown in Fig. 3, Panel B and Figure S1, Panel A,
most of this variability is driven by the I-5 road segments located in the
highly congested area of downtown Seattle, which reached maximum
daily average traffic volumes of 450,000 vehicles.

We also found substantial day-to-day variation in traffic volumes in
the resolved traffic data, with 60% of road segments reporting between-
day standard deviations across weekdays and weekends of over 22,000
and 28,000 vehicles, respectively (Supplemental Figure S1, Panel B).
This variation was especially great for the interstate highways. In
contrast, for the AADT data, traffic volumes were less temporally
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Table 1
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Annual average daily traffic volumes (SD) by traffic activity data, highway, PTR and day of week.

Highway PTR AADT data in 1000s of cars/day Resolved data in 1000s of cars/day % Difference for weekdays
Weekdays Saturdays Sundays Weekdays Saturdays Sundays

I-5 Pl 185 (12) 162 (7) 141 (6) 187 (24) 169 (43) 151 (25) 1.1
S189 200 (13) 176 (8) 152 (6) 184 (23) 168 (43) 153 (25) 8.3
P3 186 (12) 163 (7) 142 (6) 182 (25) 163 (42) 148 (27) 2.2
R0O46 208 (13) 183 (8) 158 (7) 236 (54) 310 (79) 290 (45) 12.6
$202 230 (15) 202 (9) 175 (7) 334 (41) 182 (45) 168 (28) 36.9
S809 195 (13) 172 (8) 149 (6) 213 (27) 182 (47) 170 (29) 8.8
Average 200 (19) 176 (14) 152 (12) 210 (62) 186 (71) 171 (£58) 4.9

1-405 $824 119 (8) 105 (5) 91 (4) 124 (18) 107 (27) 91 (15) 4.1
$822 192 (12) 169 (8) 146 (6) 186 (28) 160 (42) 136 (23) 3.2
$204 201 (13) 177 (8) 153 (7) 178 (25) 159 (44) 138 (26) 12.1
D1 150 (10) 132 (6) 114 (5) 145 (20) 132 (34) 117 (19) 3.4
$821 155 (10) 136 (6) 118 (5) 148 (21) 136 (35) 121 (19) 4.6
Average 175 (26) 154 (22) 133 (19) 148 (32) 132 (40) 114 (26) 16.7

1-90 RO17 135 (9) 119 (5) 103 (4) 221 (33) 180 (48) 166 (29) 48.3
$203 148 (10) 130 (6) 113 (5) 154 (22) 129 (33) 118 (20) 4.0
$825 125 (8) 110 (5) 95 (4) 128 (20) 108 (28) 98 (17) 2.4
Average 135 (12) 119 (9) 103 (8) 150 (42) 125 (44) 115 (33) 10.5

SR-167 P6 119 (8) 105 (5) 91 (4) 139 (16) 134 (10) 109 (18) 15.5
R113 97 (6) 85 (4) 74 (3) 99 (13) 89 (8) 69 (12) 2.0
Average 98 (8) 86 (6) 75 (5) 133 (26) 121 (23) 96 (23) 30.3

SR-520 S502 46 (3) 40 (2) 35(1) 103 (18) 66 (22) 59 (13) 76.5
D10 63 (4) 56 (3) 48 (2) 111 (18) 72 (29) 64 (18) 55.2
$533 95 (6) 83 (4) 72 (3) 124 (23) 82 (25) 71 (16) 26.5
S547 75 (5) 66 (3) 57 (2) 138 (22) 98 (28) 83 (15) 59.2
Average 66 (19) 58 (16) 50 (14) 114 (25) 76 (28) 66 (18) 53.3

Note: For the AADT data, the standard deviation (SD) was obtained by applying the TAFs by month, day of week and hour a day to AADT reported at the PTRs
throughout the highways. PTRs are located in the following mileposts I-5 (P1: 184.5, S189: 179.5, P3: 176.5, R046: 168.5, S202: 162, $809:148), 1405 (S824: 29, S822:
19, D1: 9, S821: 7), 1I-90 (R0O17: 4, S203:10.5, S825: 14.5), SR-167 (P6: 25, R113: 14.5), SR-520 (S502: 0.5, D10: 4, S533: 8, S547: 12).

Table 2

Hourly average traffic volumes (SD) on weekdays by traffic activity data, highways, and rush hours.

Highway  AADT data in 1000s of cars/day Resolved data in 1000s of cars/day
Morning rush hours Afternoon rush hours Off-peak (Mid-day Morning rush hours Afternoon rush hours Off-peak (Mid-day
(6:00-8:59 am) (4:00-6:59 pm) and Night) (6:00-8:59 am) (4:00-6:59 pm) and Night)

I-5 10 (3) 15 (1) 7 (4) 12 (4) 13 (3) 8(5)

1-405 93 13 (2) 6 (4) 8(2) 9(2) 5@

1-90 7(2) 10 (0.9) 5(3) 10 (3) 10 (3) 54

SR-167 5(2) 7 (0.6) 3(2) 7(2) 71 503)

SR-520 3() 5 2(2) 8(2) 8(2) 4(3)

Note: For the AADT data the standard deviation (SD) was obtained by applying the TAFs by month, day of week and hour a day to AADT reported at the PTRs

throughout the highways.

variable, with between-day standard deviations across weekdays and
weekends below 14,000 and 13,000 vehicles for all highways,
respectively.

Consistent with the volume data, daily average speeds also varied
over space and time, and between and within highways (Fig. 3, Panel C).
Unlike the volume data, however, this was only evident in the resolved
traffic data as there was no (spatial or temporal) variation in the AADT
data. Like the volume data, speed was especially variable in the half-mile
road segments on I-5 near the Seattle downtown as well as near the
SeaTac Airport in Renton south of the I-5/1-405 junction. We also found
day-to-day variation in speed for the resolved traffic data, with 60% of
road segments with between-day standard deviations across weekdays
of over 8 mph (Supplemental Figure S1, Panel C). In contrast, weekend
data were less variable (60% of road segments with between-day stan-
dard deviations over 4 mph). Speeds in the resolved traffic data also
showed the expected pattern of stop-and-go congestion during morning
and afternoon peak hours (Supplemental Figure S2). As shown in
Figure S3, speeds on the five highways drop from 70 mph to less than 40
mph several times a day.

3.2. Comparison of modeled traffic-generated NO, and PM> 5
concentrations to measurements

At the AQS monitoring sites, modeled 24-h average concentrations of
traffic-generated NOy slightly exceeded measured concentrations of
ambient NOy (Supplemental Table S1), while modeled concentrations of
traffic-generated PMj 5 were only 10-40% of measured concentrations
of ambient PMj 5, which represents primary and secondary contribu-
tions from both traffic and non-traffic sources. PM, 5 predictions were
similar to measured BC concentrations, which is an indicator of traffic-
related particulate matter. Modeled concentrations were moderately
correlated with measured daily AQS data (Rs, for NOy:0.5 and PMy s
0.3-0.5). (Supplemental Table S1).

3.3. Spatial variation of traffic-generated NOy and PM 5 in near-road
communities

At the residential receptors, NOy and PM; 5 concentrations predicted
using the resolved traffic data were slightly higher than those using
AADT data (Supplemental Table S1), although the spatial distributions
were similar, e.g., for annual average concentrations, the Ry, for both
NOx and PMjys5 was 0.96. (Supplemental Table S1). As expected,
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Fig. 3. Spatiotemporal variation of traffic volumes within the AADT (A) and resolved (B) traffic datasets and vehicle speed (C) by day of week and traffic activity
data for all roads (maps) and for I-5 (boxplots).

Note: The maps illustrate the mean volume and speed by road segment on all roads for weekdays and weekends separately. The box plots illustrate the within-road
segment variability of traffic volumes and speed for all segments along I-5 (north and southbound combined). Mean speed for the AADT data is represented as red line
(mean weekday and weekends: 70 mph). Mean speed for resolved traffic data is represented as a green line (mean weekday: 63 mph and mean weekend: 68 mph).



P. Filigrana et al.

concentrations increased near areas with more traffic and in downwind
areas (Fig. 4 and Supplemental Figure S4). Both models predicted higher
concentrations at receptors near highways, e.g., the highest concentra-
tions 65 and 72 ppb for NOx and 3 and 4 ug/m3 for PM5 5 were obtained
within 50 m for the AADT and resolved traffic data, respectively,
compared to 30 and 33 ppb for NOy and 1.8 and 1.6 pg/m® for PMy 5
obtained for the AADT and resolved traffic data, respectively beyond
300 m. (Supplemental Figure S5). However, several areas showed large
differences, especially those nearest to highly congested road segments
and areas with the greatest differences in traffic volumes between the
two data sources (Fig. 5 and Supplemental Figure S6). As shown in
Fig. 5, we found that 25% of our receptors had differences in concen-
trations between the two models that were larger than 15% (i.e., 4 ppb)
for NOy and 17% (0.3 pg/mg) for PMj 5 with the AADT data consistently
predicting lower concentrations than models using the resolved traffic
data (Supplemental Figure S6 shows results for PMy 5). These differences
were greater among near-road receptors (i.e., <150 m) where 25% of
the receptors had differences larger than 19% (i.e., 8 ppb) and 32% (i.e.,
0.7 pg/mg) for NOy and PM; s, respectively.

Traffic volume showed substantial influence on NOy concentrations,
while vehicle speed showed greater contributions to the variability of
PM, 5. For example, we found greater NOy concentrations for both sets
of traffic activity data on receptors close to regions where traffic vol-
umes were the highest (i.e., close to I-5 and I-405 for the resolved and
AADT data, respectively) (Fig. 4). These two areas also showed the
greatest differences in modeled NOy concentrations between the two
sets of traffic activity data (Fig. 5). In contrast, greater concentrations
and greater differences in concentrations of PMj 5 were found on areas
with greater variability in vehicle speed such as those close to I-5 and the
highly congested area near downtown Seattle (Supplemental Figures S4
and S6).

3.4. Temporal variation of traffic-generated NOy and PM 5 in near-road
communities

Among all receptor locations, the daily variability of NOy and PM5 5
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concentrations from both models was greatest for receptors within 150
m of highways and near road segments with high traffic variation (Fig. 6
and Supplemental Figure S7). These near-road areas also showed the
greatest differences in the temporal variability between the two models,
e.g., 25% of receptors within 150 m had differences in the between-day
SD that are greater than 19% (6 ppb) for NOy and 21% (0.7 pg/m>) for
PM, 5 (Fig. 7 and Supplemental Figure S8).

4. Discussion

In this study, we characterized the influence of highway traffic ac-
tivity on traffic-generated NOy and PMj 5 concentrations in near-road
communities using dispersion modeling and two sources of traffic
data. Our results suggest that, in general, AADT and resolved input data
produced similar concentrations of traffic-generated NOy and PMjys.
However, a key finding of our work is that omitting variable traffic
volume and speed will lead to increased exposure error, particularly at
receptors near major roadways. The magnitude of the difference in
predicted concentrations by models was non-trivial. We found the
greatest differences in concentrations of both air pollutants between the
two models in regions where there were highly variable vehicle density
and stop-and-go conditions during rush hours, with models using the
AADT data consistently predicting lower concentrations than models
using the resolved traffic data. Regions with highly variable traffic flow,
such as near the highly-populated area of downtown Seattle, are pre-
sumably better captured by the resolved traffic data that has information
over very short distances.

In addition, we observed greater differences between the models
downwind from roadways, where RLINE is known to better predict
concentrations (Snyder et al., 2013b). Factors causing these differences
differed somewhat by pollutant: traffic volume was the most substantial
contributor to the variability of NOy concentrations, and vehicle speed
for PM3 5 concentrations. Specifically, the availability of variable vehicle
speeds with our resolved traffic data allowed us to capture the influence
of brake and tire wear emissions characteristic of stop-and-go traffic
conditions on PM, 5 concentrations. This differed from the national
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speed data, which showed no temporal variation and thus has much
smaller predictions from this non-exhaust source (Health Effects Insti-
tute (HEI), 2010; Padoan and Amato, 2018; Thorpe and Harrison, 2008).
Differences between the data sources due to stop-and-go traffic condi-
tions could be larger than those found in this study since the estimation
of brake and tire wear emissions is highly complex and MOVES may
underestimate these non-exhaust emissions contributions. Nevertheless,
our analysis suggests the importance of traffic activity for NOx and
PM; 5, and future work might explore differences in other pollutants (e.
g., metals and polycyclic aromatic hydrocarbons), that might be strongly
related to stop-and-go conditions.

Incorporating detailed traffic data did not significantly increase the
computational demands in the air quality modeling. For the same
number of receptors, there was only a 17% increase in the time of RLINE
implementation and post-processing of modeled concentrations with the
resolved traffic data. This suggests that the inclusion of detailed
spatiotemporal traffic data into dispersion models, when available, may
be a worthwhile refinement for some regulatory purposes and epide-
miological studies. For example, it may be that using more resolved
traffic activity data in the exposure modeling for an epidemiological
study of traffic-generated air pollution will increase the variability of
exposures and thus the power to detect associations. It may also reduce
bias due to exposure measurement error (Sheppard et al., 2012; Szpiro
and Paciorek, 2013). This is likely to be especially true for areas with
high variations in traffic patterns.

Despite of the strengths of our approach, there are some limitations
of this study. First, the ability to use finer resolved traffic data may only
apply to major highways with traffic monitoring, a subset of the true
roadway system. While this is likely not problematic for receptors near
these highways that are the focus of this work, this may be an important
omission for receptors further from major highways that might receive
the contributions from non-highway roads (i.e., principal and minor
arterials). Thus, future work is needed to explore if a similar approach is

possible for the impacts of vehicles on smaller roads. A dense network of
traffic recorders (each half-mile in the case study) is unusual and costly,
and such information is unavailable in other cities. Despite detailed
quality assessment reviews, the resolved traffic data may contain errors,
e.g., as shown by differences in traffic volumes for Route 520. Finally,
RLINE’s performance is known to be sensitive to many factors such as
the model input data and assumptions regarding the impact of the local
terrain. We cannot confirm the accuracy of our pollution estimates, and
RLINE does not account for terrain and complex wind fields that are
likely to be present in Seattle. This is in part mitigated by the similarity
and correlation between modeled and measured levels of NOy; these
correlations are within ranges found previously (Milando and Batter-
man, 2018a). For PMj 5, concentrations and correlations were lower.
However, traffic is only one of many sources in urban environments and
our predictions are consistent with the expected fraction (~12%) of
traffic-generated PMy 5 (Health Effects Institute (HEI), 2010). Lastly,
RLINE does not portray atmospheric transformation and deposition
(Milando and Batterman, 2018b, 2018a), however, our application
emphasized sites within 1 km of roads where these omissions may be less
limiting.

5. Conclusion

Temporal and spatial variation in traffic patterns has both regular
and aperiodic components that can result in complex spatiotemporal
variations of air pollutant concentrations. The use of dispersion
modeling with appropriate inputs can capture much of this variation.
Concentrations of traffic-related air pollutants predicted using Seattle’s
unique and comprehensive traffic monitoring dataset had greater tem-
poral and spatial variability than estimates based on aggregated traffic
data, particularly near major roads that are frequently congested. The
use of spatiotemporally resolved traffic activity data may improve
exposure estimates and help reduce exposure measurement error in near
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road communities in epidemiological studies.
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