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Abstract
TheUtahTransit Authority (UTA) servesUtah’sWasatch Front, a rapidly growing conurbationwith a
current populationof∼1.8Mpeople.UTAuses an electronic fare collection (EFC) system that requires
riders to tap onas they enter a bus or train and tap off as they exit, aswell as an automatedpassenger
counter (APC) system that counts interruptions of infrared beams across vehicle doorways as riders
board and alight.We analyzedEFCandAPCdata for 2016, alongwith service schedules and routes from
GeneralTransit Feed Specification (GTFS)data, to estimate the impact ofUTAon the air quality in its
service regionby accounting for vehiclemiles traveled, gasoline gallons equivalent of fuel consumed, and
multiple pollutant species emitted. Buses, light rail, and commuter railwere found to collectively offset
approximately 1.5%of the onroad emissions from the counties servedbyUTAdue to transit use
replacing single passenger vehicle use. These offsets are not homogeneous; ridershipdrops significantly
(∼20%–50%depending on themode)during the summermonths as someof the largest users are
educational institutionswithnoticeable seasonal cycles. Low transit use during theweekendnegates
someof the air quality benefits as buses and trains travel at lower capacity. Central routes, particularly
during peak travel hours provide noticeable congestion, fuel consumption, andpollutant emissions
reductiondue to trips takenby transit replacing personal vehicles but off-peak, andnon-central routes,
show lower benefits. Because the light rail is electric, its local air quality benefits are significant due to the
electricity being produced primarily outside the airshed.Upgrading the busfleet to 2010model, and
newer, diesel and compressednatural gas (CNG)buses, aswell asmodeling an envisioned change toTier
3 locomotives for the commuter rail system,was found to significantly reduce regional nitrogenoxides
(NOx),fineparticulatematter (PM2.5), and sulfur oxides (SOx) emissions.

1. Introduction

1.1.Motivation
Cities exist to facilitate interactions betweenpeople (Bettencourt 2013).Muchof this interaction ismediatedby
movement of people through theurban area, andvehicularmobility hasprofoundly influencedmodern cities.While
generating enormousbenefits to their populations, vehicular transport also createswell-knownproblems in cities,
including congestion anddegraded air quality. Public transit services performmultiple functions in cities. First, transit
assists economic activity by enablingmobility of commuters and consumers. Second, transit can strengthen social
equity by supplementingmobility options fornon-affluentpopulations.Third, transit can reduce environmental
externalities such as congestion andpollution.Rational decision-making in this space is non-trivial.Not only do
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planning andoperationof transit services demand tradeoffs between these diverse andpotentially competing
priorities, but evaluating the costs or benefits transit imposes onanyoneof thesepriorities canbedifficult. In the case
of air-quality impacts, the overall impact transitmakesonurban air quality is not only a functionof transit operations
directly (by themselves a complexobject of study), but also a functionof anyunobserved impacts thatwouldbe
generatedbyothermodes in the absence of transit. Public transit servicesmay reduce emissions frompersonal
vehicles by capturing ridership and therebydisplacingpersonal vehicle trips.A fundamental questionhere iswhether,
and towhat extent a transit service’s operationsmake anet positive impact onurbanair quality.

TheUtahTransit Authority (UTA) operates transit services along theWasatch Front of northernUtah, a
conurbationwith a current population of∼1.8 Mpersons that is growing rapidly and expected to reach a total
population of∼2.5 Mwithin the next 30 years (KemC.Gardner Policy Institute 2017). UTAprovides public
transit throughout a 7-county area,most of which has significant air quality concerns and is qualified as areas of
nonattainment andmaintenance formultiple pollutants as seen infigure 1 (UtahDivision of AirQuality 2018).

In operation since 1970, the transit operator carries∼45Mpassengers per year via a network of local and
express buses, the TRAX light-rail system, the FrontRunner commuter-rail system, a streetcar line, and a system
of on-demand paratransit buses (UtahTransit Authority 2017). AsUTA juggles themultiple social goods that
transit seeks to promote, this transit authority has worked aggressively over the past two decades to expand the
extent andmodal diversity of its provided services, andwas named 2014Outstanding Public Transportation
Systemby the American Public Transit Association (American Public TransportationAssociation 2016).

The geographic, demographic, and ridership heart ofUTA’s service area is the Salt LakeValley (SLV), an
urbanized airshedwith significant air quality problems that houses the state capital, Salt LakeCity, and a population
of∼1.34Mpeople in 2018.The SLV is boundedby theWasatchMountains on the east, theOquirrhMountains to
thewest, and theGreat Salt Lake to the northwest.During thewinter,meteorological ‘inversion’ eventswithwarmer
air sitting on topof cooler air suppress atmosphericmixing and trappollutantswithin the valley, leading tohigh
levels offineparticulatematter (PM2.5) (Bares et al 2018). During the summer, elevated levels of ozone are a regular
occurrence (Horel et al 2016).Health concern for this large urbanpopulationmotivates the questionwe seek to
address in this paper:what areUTA’s actual andpotential impacts on air quality in the SLVairshed?

1.2. Previouswork
Thework reported onhere draws fromandbuilds ona variety of results fromdifferentfields. The current ‘big data’
era has fed a growing interest in analyzing large-scale properties of humanmobility e.g. Brockmann et al (2006), and
study of patterns in humanmobility at the scaleof individuals e.g.González et al (2008). Such researchdepends on
the existence of large volumes of spatial and temporal data. Twodata-capture technologies facilitate unprecedented
examinationof individual-scale pollutant emissions frommobility. Electronic fare collection (EFC) systemsnow
generatefine-graineddata on transit ridership that openuppossibilities for analyzing transit-rider travel behavior in
newways; a comprehensive review is given byPelletier et al (2011).Data volume and thenature of spatio-temporal
data pose challenges anddemandnovel analysismethods (Tao et al 2014,Chu2015,Ghaemi et al 2015). Availability
offine-grained transit ridership data is increasing; in our study area,UTAuses a smart card systemallowingmonthly
and annual fare-purchasers to ‘tap on’ and ‘tap off’ all transit serviceswithout holding a ticket or paying a cash fare.
Therefore, themining of EFCdata performed in this study requirednew techniques and sets this study apart from

Figure 1.Utah nonattainment andmaintenance air quality areas. The black border outlines areas within onemile of theUTA service
area andwhite lines show county boundaries: (a)UTA service area (yellow), (b)PM2.5 nonattainment (green) andCOmaintenance
(dark green), (c) ozone nonattainment (blue), and d) SO2 (yellow), PM10 (red), both SO2 and PM10 (orange)nonattainment areas.

2

Environ. Res. Commun. 1 (2019) 091002



previouswork.Another important component is the automatedpassenger counter (APC)devices installed on all
UTAvehicles. These counters use infrared lights on vehicle doorways to trackpassenger boarding and alighting, and
has also beenused in other literature tounderstandpassengermovement (Furth et al 2006).

Another technology enabling novel research is theGeneral Transit Feed Specification (GTFS) (Wong 2013).
Originally developed byGoogle in cooperationwith Tri-Met, the transit operator in the PortlandORmetro area,
GTFS is an open data specification for representingmovement in time and space of scheduled transit services for
a given transit operator. GTFSwas originally developed to extend support for internet-based trip-planning to
transitmodes, but such data is increasingly used to study patterns of access to urban resources such as
employment or groceries; e.g. Farber et al (2014) andWidener et al (2015).

A substantial research literature focuses on the assumed emissions benefits of transit. This literature includes
three generalmethodological approaches: observational studies of pollutant concentration, econometric
modeling, and simulationmodeling.

1.2.1. Observational studies of pollutant concentration
Oneway to determine transit’s net impacts to air pollutant emissionswould be to directly observemode choice
andmovement of a region’s travelers, as well as directly observing pollutants. In practice this is difficult and
expensive to implement—measurement of emissions (or pollutant concentrations) remains expensive and
therefore observational data are limited. Also, observing the counterfactual of an avoided auto trip that has been
mode-shifted to transit is difficult. For example, Chen andWhalley (2012) used direct observations of pollutant
concentrations for 1 year before and 1 year after the opening of a new subway line in Taipei, Taiwan, to
investigate transit’s impact on air quality. UsingDiscontinuity Based ordinary least squares regression, they
concluded that the sudden (one-day) jump in transit ridershipwas responsible for reductions in carbon
monoxide (CO) and ground-level ozone concentrations. However, this work did not examine carbon dioxide
(CO2), and did not seek to relate the observed emissions benefits to auto trip volume directly, beyond
recognizing that the sudden addition of riders to the subway systemwould have represented a sharp
perturbation of the equilibrium automode share. Beyond these challenges, a recent review emphasizes the
variability in attributes of amarginal transit rider (vehicle efficiency etc) that would influence net influence on
emissions as a challenge to estimating such effects (Beaudoin et al 2015). These authors conclude that that ‘there
is very little empirical evidence of the incremental effect that transit supplymay ormay not have on air quality’.
There has been observational work in this vein directly withinUTA’s service area. Teague et al (2015) examined
the impact of a voluntary auto trip reduction program inUtah on ground-level ozone concentrations.While
these authors found a small but statistically significant reduction, their study design looked only at vehicular
trip-making, not potential absorption of avoided auto trips by transit. Additionally, Ewing et al (2014) found a
decrease in vehicular traffic in an arterial road connecting downtown Salt LakeCity to theUniversity ofUtah
after the extension of the light rail linewhich led to reduced congestion and potentially lower emissions. Public
transportation can thus address an environmental issue by providing amethod tomitigate not only air quality
pollutants, but alsoCO2 and other greenhouse gas emissions frompersonal vehicles.

1.2.2. Statistical models
Another avenue for investigating the relationships between transit travel, automobile travel, and air quality is
econometricmodeling. Glaeser andKahn (2010)modeled emissions fromurban areas of theUS, including
automobile and transit emissions (separately) via regressionmodeling of data from the 2001National
Household Travel Survey.Model results were associated to tract-level population and housing data and
extrapolated up to the county and themetropolitan area.Whilemodeling regional total emissions fromboth
automobile and transitmodes, this study did not examine the tradeoffs inmode choice nor in emissions sources
or intensities between the twomodes. Other econometric studies have attempted to capture thesemode
transfers. Lalive et al (2013) used regression analysis tomodel the effect of increased passenger rail service on
emissions reductions of CO, nitrogenmonoxide (NO), nitrogen dioxide (NO2), sulfur dioxide (SO2), and ozone
(O3) at the scale of counties for all of Germany and concluded that the railmode’s capture of trips from autos was
responsible for declines in pollutant concentration.

Ultimately, however, the spatial granularity of econometric analyses is limited. The capacity of econometric
models to extrapolate from samples to populations is linked to the coarse resolution of these studies, where
space, time, and individuals are pooled to produce aggregate results. The present study’s high spatial and
temporal resolution, in conjunctionwith transit service disaggregation, enables amore detailed analysis at sub-
city scales. Furthermore, the increased resolution facilitates the quantification of local-scale air quality effects
which are critical in denser urban areas where onroad vehicle emissions dominate pollutant exposure (HEI
Panel on theHealth Effects of Traffic-Related Air Pollution 2010).
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1.2.3. Simulationmodeling
Simulationmodeling has been used as a way to understand the net influence on pollutant emissionsmade by the
interplay between transit operations and personal vehicle traffic. Griswold et al (2014) used a simulationmodel
of an abstract transit system to explore how transit level of service (LOS) impacts rider per-capita emissions.
Theirmodel showed thatwhile during peak travel hours per-capita emissionswere reduced by using transit,
during off-peak hours transit actually increased per-capita emissions due to buses or trains. This is due to transit
systems operating well below capacity during off-peak hours.

Simulation can also be applied to actual geographic areas, vehiclefleets, or operation cycles. Lau et al (2011)
modeled direct emissions from the public transit bus fleet of Toronto, Canada, usingmicrosimulationmodels of
busmovements and a passenger learningmodel that allocated observed demand volume observed at stops
according to an agent-based passengermodel. Their work explicitly accounted for idling emissionswith realistic
start-stop drive-cycles and allowed them to examine differences in total and rider per-capita emissions across
routes and under scenarios of varying fuel and fleet age. They found that aside from the intuitive impacts of fuel
source and vehicle age, per-capita emissionswere variable between routes, potentially outweighing those from
passenger cars on low-ridership routes. This suggests that service planning (scheduling/routing)may be a tool
for transit planners to reduce overall urban emissions.

Waraich et al (2016)modeled direct emissions from a system-wide fleet of buses using amicrosimulation
transportationmodel. Their work examined the entire busfleet forMontreal, Canada, using real service
schedules and parameterizing fleet characteristics and emissions factors from the actual bus fleet. Ridershipwas
estimated using stop-level regressionmodels of demand and an agent-basedmodel to track boardings and
alightings. Like thework of Lau et al (2011), these results emphasize the significance of variability in ridership on
the question of whether transit provides a net positive or negative impact on emissions but did not attempt to
account for net emissions due to avoided auto trips. Ewing andHamidi (2014) studied the transitmultiplier in
Portland,Oregon and showed that for every transitmile traveled, 3.04miles of personal vehicle travel were
avoided, due to increasedwalking trips in compact land use areas near transit stations.

1.3.What does it add to previous studies?
This study builds on previous work in several ways. Herewe analyze public transit’s impact onmobility-related
pollutant emissions, for an entiremetropolitan region in northernUtah over a completemeteorological year but
resolvedfinely in numerous dimensions: space (at the grain of individual transit stops), time (at hourly
resolution), andmode (separating out bus, light rail, and commuter rail services). The higher resolution of this
study permits amore comprehensive and detailed analysis of neighborhood-scale air quality impacts of transit
and car trips. This is a critical component for transit systemoperations decision-making processes as air quality
impacts can nowbe quantified at unprecedented scales. Our approach allows us to capture the strong diurnal
and seasonal variability in both ridership and transit operations. This variability is critical from an air quality
perspective because of its interactionwith the region’s significantmeteorological fluctuation.We also capture
the impacts of service operations changes, whichUTA implements three times per year. To our knowledge, this
is thefirst study tomodel disaggregate vehicle emissions for an entire transit system that combines all the
following:

• Utilizes GTFS data to represent the service operator’s actual service schedule;

• Reflects actual ridership patterns as captured in EFCdata, and corrected scaled up to include systemboardings
using APCdata; and

• Examines the net impact of the transit operations, as opposed to direct impacts from the transitfleet only.

Ourwork provides a comprehensive analysis ofUTA’s trips bymode, hour, day of week, and location, and
represents an upper-bound estimate of the net impact UTA’s transit services have on emissions of CO2 plus
three other criteria pollutants.

The paper seeks to answer the following questions:

• What are the spatial and temporal patterns of net impact to emissions of various pollutants (CO2, CO,NOX,
and PM2.5), attributable toUTA’s transit service operations?

• HowdoUTA’s impacts to local pollutant emissions vary bymode (bus, light rail, commuter rail), andwhich
service produces the largest amount of net avoidedCO2 emissions?

• How is the benefit of these avoided net differences in emissions distributed over the regional spatially?
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2.Methodology

This study seeks to quantify realizedUTA transit impacts (passengermiles traveled, fuel consumed, or pollutants
emitted) from trips taken via transitmodes (‘transit’ hereafter), hypothetical avoided automobile impacts
associatedwithUTA riders (‘avoided’hereafter), and net emissions impacts fromUTA’s service operations (‘net’
hereafter), at an hourly and 0.002 deg×0.002 deg resolution for annual, seasonal, andmonthly intervals.
Estimates for the quantities rely on data supplied byUTA:GTFS feeds andUTA’s Transit EmissionsQuantifier
Tool for the realized emissions, andGTFS feeds together with EFC ridership data for the gross avoided
emissions. UTA’s Transit EmissionsQuantifier Tool is an adapted version of the American Public
TransportationAssociations Transit EmissionsQuantifier Tool v10 (American Public Transportation
Association 2017)modified to useUtah vehiclefleet specific emission factors.

2.1. ProcessingGTFS feed data
UTA’s EFC ridership data are aspatial, containing only numeric identifiers for route traveled and origin/
destination stations.We usedUTA’s GTFS feeds to trace each EFC trip’s trajectory through space for estimating
gross avoided emissions. Similarly, GTFS datawas used to trace outUTA’s vehiclemovements for estimating
realized emissions.

GTFS feeds include route information including stop timeand location and canbeused to generateGIS features
depicting the geometryof each transit route.We found the spatial representationof routes inUTA’sGTFSdata to be
inconsistent,whichUTAconfirmedas a known issue theyhave since resolved.Theproblemmanifested as occasional
missing vertices, resulting in route segments that donot follow roads and insteadmay cut through the corner of a city
block.Although rare, and affecting less than1%of the routes, this sometimes led toobservable errors in the spatial
representationof transit routes, particularly on express routeswhichhave fewer stops.

Using ArcMap 10.3.1 (ESRI) andfields joined from the ‘shapes’, ‘trips’, ‘stops’, and ‘stop times’ tables of a
givenGTFS feed, we generated a geospatial polyline feature representing the route between adjacent stations for
each scheduled vehicle trip. Tao et al (2014) refer to such segments as ‘mini trips’. The stop sequencing
information in theGTFS data then allows us to look up an arbitrary trip origin stop on an arbitrary route and
reconstruct the set of stops passed and the path through space traversed to the corresponding trip destination
stop.We intersected thesemini trips with a grid of rectangular cells representing themodeling grid used in urban
atmospheric studies currently being performed at theUniversity ofUtah. Thisfinely-resolved regular grid (0.002
deg×0.002 deg or∼200 m×200 m inNorthernUtah) approximates the scale of a typical city block.

Fromthe intersectedmini-tripswe constructed aflat table recordingorigin anddestination (O/D) stop id and
stop sequence for every successivepair of stops oneach route, alongwith grid cell coordinates and total distance
through the grid cell traversed.Weused this table to allocate passengermiles implicit inUTAroutes orEFCrecords to
the grid. The temporal assignment is to thehourly bin coincidingwith the timeof trip origination.

UTApublishes updatedGTFS feedsmultiple times each year, someofwhichupdates correspondwith scheduled
service changes three times each year on ‘changedays’, andothers ofwhich correct errors in earlier versions. For this
workweused the earliest feedpublishedpost-changeday,whilewatching for feedswith abnormally highnumbers of
trips. Rides from theEFCdataweremappedusing theGTFS feed inuse byUTAon thedate of travel.

2.2. UTA transit emissions
Thebus and commuter rail systemsproducedirect emissions through combustion.The light rail system is electric,
and its electrical demand indirectly induces emissions at points of power generation. In this studywe estimatedboth
direct and indirect emissions and allocated thedirect emissions spatially and temporally using route information as
described in section 2.1.Weestimated indirect emissions at anhourly resolutionbut didnot allocate themspatially as
these emissions are producedoutside the study area’s airshed.Due toUtah’s topography, airsheds are identified as
definedvalleys surroundedbymountains.Most ofUtah’s electricity is generated in the central easternpart of the
state,well outside theUTAservice area. For each trip, all segmentswere binned to thehour associatedwith the route’s
first stop.We independently estimated emissions factors basedondata from theUSEnvironmental Protection
Agency (Lindhjem1997,United States Environmental ProtectionAgency 1998, 2005, 2008), and found a close
correlationbetween the emission factors providedbyUTAand theUnited States Environmental ProtectionAgency
(EPA); thus theUTA-provided emissions factorswereused for this study.

2.2.1. Transit vehicle emission factors
WeaggregatedUTA’s seven largest services into three classes according to emission profiles.We grouped regular
Buses, Express Buses, Ski Bus, and ParkCity Bus as the Bus class. TRAX and Streetcar were grouped as Light Rail,
and the FrontRunner constituted theCommuter Rail. Since the light rail is powered by off-site generated
electricity, the emission factors for the light rail were obtained based on power plant emission data specific to
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Utah. The emissions factors listed for buses in table 1 are disaggregated by bus business unit. Table 1 also
contains the sensitivity analysis, or expected future emission factors, due tofleet upgrades.

We estimated bus emissions usingGTFS bus trips and emission factors provided byUTA separately for each
of four subregional bus ‘business units’:Meadowbrook, Timpanogos, Ogden, andCentral. Details on thefleet
composition and activity for each business unit is found in table A1. Although the distribution varies by business
unit, on average approximately 50%of traveled bus fleetmiles are frombuses that are from2010 or newer
vintages (considered ‘clean diesel’) andCNG.Commuter rail emissionswere estimated usingGTFS trip
information as well as locomotive emission factors provided byUTA. The commuter rail systemusesMPXpress
MP36PH-3C locomotives which are rated Tier 0+, themost polluting category of refurbished locomotives (US
Environmental ProtectionAgency 2016b). Light rail indirect emissions are estimated using data on vehiclemiles
traveled and electricity consumed provided byUTA fromUTA’s internal Transit EmissionsQualifier Tool
for 2015.

2.2.2.Modeled future transit fleet scenario
Afleetmodernization approach forUTA encompasses the replacement of all older buses with either CNGand
EPA clean diesel buses (USEnvironmental ProtectionAgency 2019), which are defined as buses from2010 or
newer, as well as upgrades to the commuter rail locomotives. UTA’s plan at the time of this study is to upgrade
theCentral bus fleet to 100%CNG,Ogden andTimpanogos fleet to 100%EPA clean diesel, andMeadowbrook
will be 50%CNGand 50%clean diesel (UtahTransit Authority Strategic Planner 2018). Furthermore, the
commuter rail locomotives are expected to be changed fromTier 0+to Tier 3 (USEnvironmental Protection
Agency 2016b). Locomotive tiers correspond to emission standards established by the EPA; Tier 3 locomotives
would on average reduce emissions by 50%–70%compared to Tier 0+locomotives, depending on the
pollutant in questions. These fleet upgrades aremodeled as a sensitivity analysis test to understand the
implications of improved technology on system emissions.

2.3. Avoided emissions
For all observed transit trips we estimate avoided emissions for avoided auto trips that would otherwise take
place.Wemake three simplifying assumptions in this approach. First, we assume each transit trip represents an
avoided auto trip that would have beenmade in a single passenger vehicle had it not used aUTA service. Because
of low cross-elasticity of demand between auto and transitmodes, this assumption likely overstates gross
avoided emissions (Paulley et al 2006). That said, a study by theWasatch Front Regional Council (WFRC), the
regionalmetropolitan planning organization, found that over 87%of total passenger car trips are performed by
single occupancy vehicles (Wasatch Front Regional Council 2013), afinding that supports our use of this
assumption in this work. Second, we assume that the avoided auto trip would have followed the same route as
theUTA service trip observed in the EFCdata. Because trips taken using autos are not obliged to follow the fixed
routes that trains and busses do, this assumption also likely overstates gross avoided emissions, although this
impact is likely to be relativelyminor forUTA’s highest-ridership routes (i.e. commuter rail, light rail, and
express and arterial bus routes), which followmajor commuting routes by design. Finally, as not all riders pay
their fare via EFC cardwe assume that the spatial and temporal distribution of trips by cash fare-payers (and
passengers who avoid paying fares altogether) is proportionate with trips by EFC fare-payers. Directmodeling of
these effects is beyond the scope of this study, whichwe believe nonethelessmakes a contribution by revealing
broad patterns of net emissions impacts from transit services.

2.3.1. UTA’s EFC system
UTAcollects rider fares via on-board cash fare collection (bus service), paper tickets purchasedprior toboarding
(commuter rail and light rail services), and also via an electronic fare collection (EFC) system (all three services),which
cameon-line on January 1, 2009.Riders using thisEFC systempay their fare byplacing a card-passwith amagnetic
strip against a card reader;we call this ‘tappingon’. Riders paying viaEFCare also required to tapoffwhen alighting.
TheEFC systemcomputes the trip length and charges the cardholder variably by lengthof trip; if no tap-off is
recorded, the cardholder is charged for themaximumtrippossible (i.e. to the endof the line)on that route.

For bus services, the EFC card reader is on board the bus, thus allowing the EFC information system to
record the card unique ID, the route, plus the unique stop ID and time of boarding or alighting. For commuter
rail and light rail services the card reader is on a pedestal at the train station, and therefore records the location
(via unique station ID) and time of boarding or alighting, but not (explicitly) the route used. AsUTAoperated
three different light rail routes during our study period and the routes overlap for certain segments, this required
us to impute the route travelled on the basis of start and end points together with tap-on/tap-off times. Subject
to this caveat, UTA’s EFCdata in conjunctionwithGTFS feeds specifying the geometry and timing of route
services therefore allow us to track an (anonymized) rider in space over the length of a trip.
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Table 1.Emissions factors used for this study. This table is derived fromdata provided byUTA’s Transit EmissionsQuantifier Tool.

NitrogenOxides

(NOx)
Nonmethane

hydrocarbons (NMHC)
Carbon

Monoxide (CO)
Fine ParticulateMatter

(PM2.5)
SulfurOxides

(SOx) GreenhouseGas (CO2)
GasolineGallon

Equivalent (GGE)

Current Emission Factors

Bus –CNG (g/mile) 5.132 0.0475 0.5562 0.1291 0.0137 2,026 126.67

Bus -NewDiesel (g/mile) 3.0550 0.0471 0.7978 0.0724 0.0064 1,940 0.88

Central Bus -Diesel (grams/mile) 7.1842 0.1591 1.3868 0.1759 0.0227 2,339 0.88

Meadowbrook Bus -Diesel

(grams/mile)
6.3736 0.1830 1.4818 0.1712 0.0207 2,133 0.88

MtOgden Bus -Diesel

(grams/mile)
9.1470 0.3945 2.5831 0.3900 0.0196 2,013 0.88

Timpanogos Bus -Diesel

(grams/mile)
6.7934 0.1746 1.3529 0.1729 0.0195 2,006 0.88

Commuter Rail (grams/mile) 257.09 13.6810 22.6735 13.8347 0.1835 19,032 0.88

Electric Propulsion (g/kWh) 0.9568 0.0070 0.1975 0.0623 0.4372 811.734 33.40

SingleOccupiedCar (g/mile) 0.8326 0.5427 6.1940 0.0189 0.0070 476.8 0.04149

Sensitivity Test Emission Factors

NewBus Fleet (grams/mile) 4.2841 0.0472 0.756 0.105 0.00914 1,973 0.88

Tier 3Commuter Rail

(grams/mile)
176.75 5.928 22.6735 5.5339 0.0734 19,032 0.88
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UTA also uses infrared automated passenger counter (APC) devices on all UTA vehicles. These systems
detect interruptions of an infrared beam across vehicle doorways, thus counting boardings and alightings at
every stopwithout any input from riders. APCdata allow us to reconstruct passenger counts for every stop-to-
stop segment of aUTA vehicle serving a given route, and from these to calculate total system-wide passenger
miles travelled, but they do not support inference of the point-to-point path followed by any single rider.

2.3.2. Nature of EFC data
According to estimates derived froma 2015–2016 onboard survey (UtahTransit Authority 2016),
approximately 47%of bus, 45%of light rail, and 53%of commuter rail boardings represent riders paying fares
with EFC.However, due to various reasons (e.g. equipmentmalfunction, failure to tap on/off properly, travel in
the downtown free fare zonewhere no fare or tap on/off is required, etc) the number of recorded EFC trips is
smaller than the estimated EFC trips by 37%, 54%, and 15% for the bus, light rail, and commuter railmodes,
respectively.We address both of these undercounting issues by scaling observed EFCmiles of travel, for each
individual transitmode, using annual,mode-specific total passengermiles of travel taken from2016APC
results. In all following discussion,mention of EFC ridership refers to the upscaled amounts reflecting these
APC-derived correction factors. These values are annual averages but can vary across the year due to student
ridership decreasing during the summer. Since the APC correction factors are only available at an annual
resolution, this estimatemay carry a small amount of intrinsic error.

There are two potential sources of bias in EFCdata. Thefirst is that severalmajor employers and
organizations inUTA’s service area provide EFC cards to their employees or students. These organizations
include theUniversity ofUtah, IntermountainHealthcare, and theChurch of Jesus Christ of Latter-day Saints
(Mormon), whose international organization is headquartered in the region. This fact likely skews theO/D
locations of EFC trips to these larger institutions as theirmembers are likely to use them regularly to commute.
The second potential source of bias is that except for higher education students, who are typically lower-income,
such programmatic availability of transit passes as an employee benefit likely skews to individuals of higher
socioeconomic status. For this studywe used data for every EFCboarding and alighting for calendar year 2016.

The EFCdatawas provided byUTA viamonthly files. Each record consists of an EFC card ID, time, date,
stop id’s for location of tap on, of tap off (if available), and route number (for bus only). Several issues were found
and catalogued in the EFC data.One commonly observed problem is incomplete trips, likely the result of riders
failing to tap off. Others include incorrect origin and destination stops, inclusion of test routes run for research
studies, and origin/destination pairs not found in theGTFS data.We removed all such identified problem trips
and their removal was adjusted for by scaling up the EFCdata using the APCdata, as described above.

2.3.3.Modeling avoided emissions attributable toUTA ridership
The processingmethods for avoided emissions fromUTA ridership are analogous to those in section 2.2. Each
passenger trip listed in the EFCdataset was joined to a specific vehicle trip in the processedGTFS database using
the tap on and tap off locations, time of day, and route (if available). Bus and commuter rail trips in the EFCdata
do not involve transferring since the passengermust exit the vehicle and tap off, thus ending the trip.However,
light rail tripsmay have line transfers which do not necessitate tapping off the first line and tapping on to another
line. Therefore, light rail trips that involve tap on and tap off locations that are not in the same line are further
disaggregated into two separate trips using a common connection point. Once theUTA vehicle trip carrying the
EFC rider was identified, it was decomposed into ‘mini-trips’ in a similarmanner as Tao et al (2014). Themini
trips were binned to the hour of EFC tap-on and gridded as detailed in section 2.1 above.

Gross avoided emissionsweremodeled bymultiplyingmiles traveled (binned to the hour and grid cell) by
the per-mile emissions from a typical personal vehicle using data provided byUTAbased on accepted emission
standards (United States Environmental ProtectionAgency 2005, 2008). This simulates the displacement of a
UTA trip by a single-occupancy vehicle.

2.4. Net Impacts
Net impacts from avoided emissions (and other quantities, including passengermiles traveled and fuel
consumption) are estimated by subtractingUTA transit impacts from avoided impacts. The subtraction yields a
positive value if gross avoided impacts imputed to transit-displaced automobile trips are larger than realized
impacts from theUTA system.

3. Results and discussion

3.1. Analysis dimensions
Our analysis is sub-divided into four components:
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(1) Total emissions: This analysis focuses on a system-wide overview without any temporal or spatial
disaggregation.

(2) Spatial patterns: This analysis focuses on annual spatial data.

(3) Temporal patterns: This analysis focuses on monthly and hourly data without incorporating spatial
information.

(4) Spatiotemporal patterns: This analysis explores both the space and time disaggregation, leveraging the
power of the high spatiotemporal dimension available in our datasets andmethodology.

For each of these components, we present gross avoided emissions due to transit use (referred to as
‘avoided’), realizedUTA system emissions (referred to as ‘system emissions’), and net avoided emissions
(referred to as ‘net’) for eachmode of transit and emission species.

3.2. Total transit emissions fromUTA services
Table 2 shows realizedUTA transit emissions derived from the use of 2016GTFS data and table 1. Energy
consumed and emissions generated by the light rail are fromoff-site facilities; thus, they are calculated, but not
counted in estimating on-site system-wide energy demand and emissions. Emissions from anewer, upgraded
fleet (‘Sensitivity Test’) show that the greatest benefit would be in bus emissions, where emissions ofmost species
(including PM2.5 andNOx)would be reduced by approximately 50%,whileNMHCemissionswould be reduced
by over 75%. The slight increase in fuel consumption of the newfleet is due to larger numbers of CNGbuses
which are slightly less fuel-efficient than diesel. Upgraded commuter rail engines would reduce emissions of
PM2.5 and SO2 by over 50% and emissions ofNOx by 32%. The upgrade of vehicles on both of thesemodes
would have significant impact on local airshed air quality.

Table 3 lists the 2016modeled annual vehiclemiles traveled, fuel consumed, and emissions replaced due to
expanded EFCuse for the three largest UTA services. The number of EFC trips we successfully geospatially
matched toGTFS routes is 90%which is comparable to the 87%-89% achieved by Tao et al (2014). These vehicle
miles reflect up-scaling the EFCdatawithAPC scaling factors. The fuel consumption and emissions are
calculated using themiles traveled and the emission factors for personal vehicles listed in table 1. Although the
light rail system fuel column in table 2 lists kWh, gasoline gallon equivalent (GGE) is used to compare across all
fuel types. All three transitmodes are responsible for similar avoidedmiles of single occupancy vehicle travel and
resulting avoided fuel consumption and emissions.

Figure 2 and table A2 show the avoided 2016modeled annual vehiclemiles traveled, fuel consumed, and
emissions. Figure 2 compares the avoidedVMT, fuel consumption, and emissions from the use of UTA’s
services against the onroad sectorVMT, fuel consumption, and emissions for the seven-countyUTA service
region (UtahDepartment of Transportation 2017). Approximately 1.5%of total onroad emissions for the
service area are offset due to the use of transit.WithinUtah’sWasatch Front, onroad transportation account for
between 25%-50%of pollutant emissions. Therefore, any reduction that can be achieved in this sector is
significant in the overall emissions budget. As shown in table 2, the significant potential emissions reductions
due tofleet upgrades can substantially improve air quality, particularly forNOx and PM2.5 bus emissions.

Thenet impacts values (tableA2)were calculated by subtracting realizedUTA transit values (table 2) fromgross
avoided results (table 3). Negative valuesmean that theUTA system is responsible formore fuel consumptionor
emissions than if the upscaledEFC tripswere replacedby a single-occupancy vehicle.Notably, everyUTAmode
reduces themiles of travel; however, only the light and commuter rail systems reduce theGGE fuel consumption.
Due to the combinationof high ridership and cleaner energy generation, the light rail systemwas found tobe the
most efficient system for emissions reductions,with the exceptionof PM2.5 and SO2 emissions. This is because
electricity generation inUtah relies on a combinationof natural gas and coal (USEnvironmental Protection
Agency 2016a), which emit substantial amounts of PM2.5 and SO2, but all electricity-related emissions are outside
the airshed.While the commuter rail is responsible for a net reductionofmost pollutants and fuel consumed, this
service is still a net emitter of PM2.5 andNOx.The bus systemconsumes larger amounts of fuel than it displaces via
mode-captured auto travelers and is a net emitter of PM2.5 andNOx.However, since buses share roadswith the
automobileswhose trips theymaydisplace viamode capture, they are responsible for a significant amount of
congestionmitigation, accounting for over 83million avoided vehiclemiles traveled. This studydoes not quantify
the congestionmitigation and increased trip duration effects,which are a non-negligiblebenefit of the transit
system. Since an averagebus length is three times that of a personal vehicle, a rough approximation suggests that
modal shift frompersonal vehicle to bus (or othermodes of traffic)may lead to a significant reduction in the amount
of vehicles of road at anyone time, thus reducing congestion at a non-trivial level.Thequantifiable benefits of the
modest current ridership supports arguments for initiatives to provide incentives for increased transit utilization
such as free fares and increased system,while the benefits to air quality arising fromafleet upgrade are also evident.
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Table 2.Miles traveled, fuel consumption, and emissions for 2016UTA transit vehicles derived using emission factors from table 1 andmodel output results. The top portion shows emission using current emissions factors, the bottom
portions shows potential emissions for cleaner vehicles: CNGand 2010 and newer diesel buses, andTier 3 locomotives. There is no change for light rail emissions. All emissions are inmetric tons.

VehicleMiles

(×1000miles)

Energy or Fuel

(×1000Gal

or kWh)
NitrogenOxides

(tonneNOx)
Nonmethane hydro

carbons (tonneNMHC)
CarbonMonoxide

(tonneCO)
Fine Particulate

Matter (tonne PM2.5)
SulfurOxides

(tonne SOx)
GreenhouseGas

(tonneCO2)

GasolineGallon

Equivalent

(x1000Gal)

Current Emission Factors

Bus (Diesel/CNG) 18,223 3,798 131.51 3.99 31.16 4.09 0.36 38,029 4,316

Commuter Rail

(Diesel - Gal)
1,356 2,506 348.69 18.55 30.75 18.76 0.25 25,813 2,847

Light Rail Elec-

tric (kWh)
6,764 40,166 38.43 0.28 7.93 2.50 17.56 32,604 1,202

Sensitivity Test Emission Factors

Bus (Diesel/CNG) 18,223 3,872 78.07 0.86 13.78 1.91 0.17 35,946 4,399

Commuter Rail

(Diesel - Gal)
1,356 2,506 239.72 8.04 30.75 7.51 0.10 25,813 2,847
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Table 3.Miles traveled, fuel consumption, and emissions replaced due to EFCuse for 2016 derived using emission factors from table 1 andmodel output results. All emissions are inmetric tons.

VehicleMiles

(×1000miles)

Energy or Fuel

(×1000Gal

or kWh)
NitrogenOxides

(tonneNOx)
Nonmethane hydro

carbons (tonneNMHC)
CarbonMonoxide

(tonneCO)
Fine Particulate

Matter (tonne PM2.5)
SulfurOxides

(tonne SOx)
GreenhouseGas

(tonneCO2)

GasolineGallon

Equivalent

(x1000Gal)

Bus (Diesel/CNG) 101,545 4,213 84.55 55.11 628.97 1.92 0.71 48,416 4,213

Commuter Rail

(Diesel - Gal)
125,131 5,192 104.18 67.91 775.06 2.36 0.88 59,663 5,191

Light Rail Elec-

tric (kWh)
93,298 3,871 77.68 50.63 577.89 1.76 0.66 44,484 3,871
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3.3. Spatial patterns
The spatial pattern of average annual avoided travel for all services is shown infigures 3–5. Figure 3 shows the
average annual avoided travel due to bus services. The largest amount of avoided travel due to bus use is found in
themost frequently traveled routes, which are generally located in the central parts of cities; in this case Salt Lake
City, Provo/Orem to the south, andOgden to the north. There are some areas in the southwestern part of Salt
LakeCounty that show a negative amount of avoided travel (i.e. moreUTA vehiclemiles traveled than passenger
miles traveled onUTAvehicles). Figure 4 shows the average avoidedmiles of travel due to commuter rail usage.
The commuter rail system reducesmiles of travel across its entire length. The smallest reduction is found in the
segments leading to the twonorthernmost stops; otherwise, the reduction is consistent throughout. The average
avoided travel from light rail services is shown infigure 5. It is evident from this figure that the largest amount of
EFC-observed ride activity takes place in the central north-south trunk line where all three light rail lines travel,
followed by the section immediately southwhere two lines (red and blue) travel jointly. The corridor between
downtown and theUniversity ofUtah also represents a large amount of avoided travel.

3.4. Temporal patterns
3.4.1.Monthly avoidedmiles traveled and fuel consumption estimates
Figure 6 shows the averagedaily avoidedmiles traveled and fuel consumptiondue to transit use for 2016
disaggregatedbymonth anddayofweek.TheGTFSdata forApril 2016has been found tohave trip coding errors
which resulted in lower servicemiles. Thedrop in July is due to limited service onmajorholidays: July 4th andPioneer
Day, aUtahStateHolidayobservedon July 25th in 2016, although the actual holiday is July 24th,whichwas a Sunday.

The difference betweenweekdays andweekend days is larger on commuter rail (figure 6(b)) than buses
(figure 6(a)). Althoughmanyweekday bus routes are not in operation or are less frequent duringweekend days,
particularly Sunday, the commuter rail does not operate at all on Sunday, and the Saturday service is
approximately half of theweekday service.

Multiple bus routes are specifically designed to facilitate school travel, and buses are themain transitmode
used by school and university students, which is why the drop during the summermonths ismore noticeable
than for the other twomodes of service. Since theUniversity ofUtah is the largest provider of EFC cardswithin
theUTA system, the lower number of students during the summer is expected to alter themonthly EFCusage.
The light rail (figure 6(c)) shows a similar seasonal pattern as the commuter rail but has a larger amount of EFC
riders than allmethods onweekends, particularly Sunday. The avoided bus fuel consumption (figure 6(d))
shows amarked decrease during the summermonths andDecember, where the buses become a net positive
source of fuel consumption compared to the offset vehicles. This is directly attributable to the decreased

Figure 2.Percent net avoidedmiles, fuel, and emissions attributable to transit use for 2016, derived using current and projected fleet
emission factors from table 1, andmodel output results. All values are compared against the onroad total values for the seven-county
area serviced byUTA.
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Figure 3.Average annual net hourly passengermiles traveled by bus services.

Figure 4.Average annual net hourly passengermiles traveled by commuter rail. .
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ridership, resulting in less EFC avoided travel during thesemonths, as discussed earlier. Since the bus system
continues to run at a similar frequency throughout the year, the resulting avoided travel is less during these
months. A similar phenomenon is seen in the commuter rail system (figure 6(e)), however, it ismuch less
noticeable.While commuter rail decreases its frequency of service by approximately half, ridership drops to less

Figure 5.Average annual net hourly passengermiles traveled by light rail.

Figure 6.Average daily netmiles traveled and fuel consumption due to bus, commuter rail, and light rail use. Blue denotes weekdays,
orange is Saturday, and green is Sunday.
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than a sixth on Saturdays, compared toweekdays, resulting in thismode becoming a net consumer of fuel
compared to offset vehicles. The light rail showsminimal seasonal differences (figure 6(f)) and is a net reducer of
fuel consumption onweekdays and Saturdays but is a net consumer on Sundays.

3.4.2. Daily average net emissions impacts
Figure 7 shows the daily average net emissions impacts from all threemodes disaggregated by pollutant,month,
and day of week. The light rail is shown as a net reducer of all emissions, as expected given that the induced
emissions used to generate the electricity for its use are outside the airshed.Due to the significantly larger
amount of PM2.5 andNOx that buses and commuter rail emit per vehicle when compared to cars, the effect of
avoided trips isminimal, and this figuremostly reflects realizedUTA system emissions. The impacts are less
negative duringweekends because there is less frequent service. Due to the large amount of passengermiles that
the bus and commuter railmodes can capture, thesemodes are generally net SOx andCO2 reducers. The

Figure 7.Average daily net impacts to pollutant emissions due to bus, commuter rail, and light rail use. Blue denotes weekdays, orange
is Saturday, and green is Sunday. Scales are different for each plot and light rail impacts are always positive as all emissions are outside
the airshed.
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exceptions—Saturdays, and, for buses, the summermonths—is because service frequency does not decrease
greatly in these times, while EFC ridership does.

3.4.3. Hourly average avoidedmiles traveled and fuel consumption
Figure 8 shows the hourly distribution of passengermiles avoided and fuel consumption due to transit use for
2016, disaggregated bymode and day of week. Figures 8(a) and (b) show that the bus and light rail systems follow
a similar pattern reflectingmaximumbenefits, in terms of avoidedmiles of travel, structured by commuting
hours. The commuter rail (figure 8(b)) shows amore pronounced pattern than the bus and light rail which is due
to its usage primarily as a commutingmode, where bus and light railmodes aremore likely to serve discretionary
trips and trips taken during themiddle of the day. During peakmorning and afternoon hours the bus system is a
net reducer of fuel consumption (figure 8(d)). However, during the rest of the day, particularly just before and
immediately after themorning rush hour, the bus system consumesmore fuel than that whichwould be
attributable to displaced personal car trips. This effect is observable for the commuter rail (figure 8(e)) and light
rail (figure 8(f))modes, however these twomodes show fewerweekday hours where they are net fuel consumers,
and themajority of this negative impact is onweekends, as previously discussed.

3.4.4. Hourly average avoided emissions
Figure 9 shows the hourly distribution for the samemode and fuel or pollutant combination as figure 7. The light
rail avoided emissions are all positive since the induced emissions are outside the airshed. Furthermore, since the
avoided travel and emissions are all from reduced personal vehicles whichmodel withfixed emission factors, the
hourly distributions are identical, only varying inmagnitude for each pollutant. Similarly tofigure 7, the avoided
PM2.5 andNOx frombuses and commuter rail is almost always negative, even during the rush hours. This is due
to the significantly larger amount of emitted pollutants from these two vehicle types compared to cars. The bus
PM2.5 andNOx emissions are somewhat offset onweekdays during themorning rush hour and amidday travel
peak lasting into the beginning of the afternoon rush hour. The commuter rail avoided PM2.5 andNOx

emissions show a larger negative value just before themorning rush hour, in a similarmanner as the bus. This
effect is due to the increase in service frequency just before rush hour. The EFC-displaced emissions also offset
some of the commuter rail during themorning rush hour and during themidday hours. The avoided SOx and
CO2 emissions frombuses and commuter rail show similar hourly patterns. Because the commuter rail serves
commutingmobility, the emissions savings aremost clearly observed during the peak hours, while the bus

Figure 8.Average hourly netmiles traveled and fuel consumption due to bus, commuter rail, and light rail use. Blue denotes weekdays,
orange is Saturday, and green is Sunday.
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system shows a slightly less pronounced distribution.Weekends, particularly Saturday, as shown earlier, are a
net negative throughout thewhole daywith a stronger signal during the day on buses.

3.5. Spatiotemporal patterns
Leveraging theuniquedatasets andournovelmethodology,we examined realized, gross avoided, andnet avoided
emissions for all three transit services at high spatial and temporal resolution. Bus servicePM2.5 emissions are shown
in this section for both the current andmodeled futurefleet, tohighlight the impact that cleanerbusfleetsmayhave
on emissions, as themajority ofUTA’s service area has beendesignatednon-attainment for this pollutant.

3.5.1. UTA bus services PM2.5 emissions
Figure 10 shows the average annual hourly PM2.5 emissions frombus services by hour of day for the current
(figures A1(a)–(c)) and the difference between the current and proposed future (figures A1(d)–(f))fleets. The
extent of the bus routes does not vary greatly during the different hours of the day.However, there are some

Figure 9.Average emissions due to bus, commuter rail, and light rail use. Blue denotes weekdays, orange is Saturday, and green is
Sunday. Scales are different for each plot and the light rail is always positive as all emissions are outside the airshed.
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commuter routes that are present during themorning and afternoon rush hours—figures A1(a) and (c) - which
are not present during themidday hours figure A1(b). It can also be seen that the frequency of bus routes leading
to higher PM2.5 emissions are concentrated in the central city areas, such asOgden, Salt LakeCity, and Provo/
Orem. Although a small seasonal component, the ski bus service can be observed on the northeast section of the
middaymap (figure A1(b)). The proposedfleet upgrade significantly impacts service emissions since the
estimated future bus fleet’s PM2.5 emission factors are expected to be less than half of the current bus fleet’s. This
results inmarkedly lower system emissions across the network.

3.5.2. EFC replaced PM2.5 emissions
The average annual hourly replaced PM2.5 emissions frombus services by hour of day can be seen infigure A2.
Commuter travel is best represented by the elevated travel during the 7 AMand 5PMcommute (figures A2(a)
and (c)). The overall spatial pattern shows that travel in the downtown areas of the three large cities, Salt Lake
City, Provo, andOgden, is consistently higher than at other locations. Elevated travel is discernable along the
routes connectingOgden to Salt LakeCity during themorning peak hour (figure A2(a)), and even at noon.More
generally,midday travel (figure A2(b)) shows a slight attenuation of transit use, particularly in downtown areas.

Figure 10.Average hourly net PM2.5 emissions due to bus use by hour of day. Current fleet: (a) 7AM, (b) 12 PM, and (c) 5 PM;
difference due to upgrade (futurefleet - current fleet): (d) 7AM, (e) 12 PM, and (f) 5 PM.
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3.5.3. Avoided PM2.5 emissions
Figure 10displays the averagehourlynet avoidedPM2.5 emissions attributable due tobususebyhourof day.Although
thebus systemdoes reducemiles traveled,whencompared to replacement trips bypassenger vehicles, there are
marked spatiotemporal differences inPM2.5 emissions.During themorning and afternoon rushhours (figures 10(a)
and (c)), the busdecreases thenet amount ofPM2.5 emitted in thedowntownarea and in several of the inter-city
transit routes.The afternoon rushhour (figure10(c)) also shows anet reduction inPM2.5 emitted in the southernmost
part of the system, fromOremtoSantaquin, a townat the extreme southern endofUTAbus service.During thenoon
hour (figure10(b)), the bus reduces the amountof PM2.5 emittedprimarily along the inter-city routes and in some
downtown locations. Themodeled avoidedPM2.5 emissions following abusfleet upgrade result in anet total of nearly
zero emissions (figure 2, table 5). Thedowntownand inter-city corridors result innetPM2.5 emissions reductions
across all time scales due tobususe.The exurb areas reduce their overall PM2.5 emissions, however, not all of them
exhibit net reductions because bus systememissions still outpace transit-replaced car use.

4. Conclusions

4.1. Findings
This study resolved the transit system emissions and avoided emissions due to buses, light rail, and commuter
rail use at an hourly and 0.002 deg× 0.002 deg resolution. The high spatial and temporal resolution of our
approach allows policymakers and transit planners to assess otherwise unobservable impacts to net emissions
stemming from service changes or ridership changes. Our findings support the consideration of policies such as
free fare periods, particularly during poor air quality events.

We found significant spatial and temporal differences between the differentUTA services and their
associated net avoidedmiles of travel, fuel consumption, and emissions. As expected, themorning and
afternoon commute hours result in the largest amount of avoided travel and emissions (figures 6–8). Although
there is always a reduction inmiles traveled due to transit use, several pollutants emitted by buses and commuter
rail are not offset, even during these higher-travel hours. The effect onweekend days is significantly worse since
EFC ridership decreases proportionallymore thanUTA service.

Spatially, the benefits of net avoided emissions frombuses were found to be strongest in the central parts of
cities and inter-city connecting routes, while the commuter rail had amore homogenous effect throughout its
route. Light rail ridership, and offset emissions, was highest in the central trunk line and on the route connecting
theUniversity ofUtah to downtown Salt LakeCity. The electricity necessary to power the light rail was also
accounted for andwas relatively constant throughout the day; however, as it was generated offsite, the light rail
was a net emissions reducer within theUTA service airsheds. If the emissions due to electricity generationwere
to be accounted for inside these airshed, therewould be a negative impact in the air quality due to a net increase
in SO2 emissions (figure 2) as a large fraction of electricity inUtah is generated using coal. However, the other
pollutants show a similar decrease as by the busmode, compared to avoided onroad emissions.

Salt Lake, Utah, Davis, andWeber Counties areUtah’s fourmost populated counties and account for three
quarters of the State’s total population. These counties encompass themajority ofUTA service trips and are also
the counties with themost non-attainment ormaintenance areas. Since themajority ofUTA’s service area is in
non-attainment for PM2.5, an upgrade to a cleaner fleet of buses and commuter rail engines would significantly
help offset emissions. All UTA services already reduceVMTand congestion, as well as CO,NMHC, SO2, and
CO2 emissions. Afleet upgradewould significantly reduce PM2.5 andNOx emissions, significant contributors to
elevatedwintertime smog and summertime ozone levels, respectively.

A possible, albeit costly, way to improveUTA’s net impact on emissionswould be to replace higher-emitting
vehicles with newer trains and buses. UTA’s busfleet is systematically being upgraded by replacing older diesel
vehicles with newer diesel and natural gas buses. Furthermore, in the near future, some of the newer buses will
become electric, thus reducing on-site combustion emissions. Some older buses, which are deployed
significantly less as they are near the end of their use, are responsible for asmuch as twice the emissions permile
traveled than the newermodel buses.

Upgrading buses to newer diesel andCNGwould turn the bus system from anet contributor of additional
NOx andPM2.5 emissions to a net reducer of these pollutants due to avoided car trips. The commuter rail system
currently uses Tier 0+locomotives and upgrading these older locomotives to amore stringent Tier 3 standard
has the potential to reduceNOx emissions by over 30% andPM2.5 emissions bymore than 60%.Within the
confines of this study, these emissions reductionswould reduce the commuter rail’s net emissions (gross
avoidedminus realizedUTA system) ofNOx and PM2.5 emissions by nearly 50% and 70%, respectively.
Ultimately, although not explicitlymodeled in this study, the conversion of bothmodes to electric-powered
units would significantly benefit the local air quality although the electricity productionwould affect the air
quality of another airshed unless therewas a significant shift towards renewable energy sources.

19

Environ. Res. Commun. 1 (2019) 091002



4.2. Limitations
A limitationof the system impact quantification is that light rail trains range from1 to4 cars dependingon timeofday
anddayofweek,with changes to train configurationshappening at sub-hourly scale.However, due to lackof available
date associating train-set configurationwith specific scheduled trips, for thepurposes of this studywemodeled all light
rail configurations as requiring the sameamountof electricity, resolved as the total number amountof electricity
consumeddividedby thenumberof light rail trips.This yielded train lengthsof approximately 2.5 cars.All the trip
segmentswerebinned to thehour associatedwith the route’sfirst stop.Thismay cause a small discrepancybetween the
times associatedwith each trip segment, however, theUTAnetwork is small enough thatmost tripswere found tobe
less thananhour induration.The impact of transit useoncongestionwasnot estimated as itwouldbebeyond the
scopeof this study. It is reasonable to suggest that the impact of transit on congestion is non-negligible as abusor train
carwould takeup significantly less road space than the estimatednumberof personal vehicles itwould replace.

Avoided auto trips are represented solelybyEFC tripswhichonly account for approximately half ofUTA’s total
trips. This has the potential to bias overall trip volumesboth spatially and temporally because the non-EFC
passengers couldhave considerably different transit travel behavior compared toEFCusers. Since only the largest
commercial and educational institutions have programs that provideEFCcards to employees and students, only a
segment of thepopulation is captured in this study.Although there is a Salt LakeCity resident specific subsidized
EFCprogram (‘HivePass’)other cities inUTA’s service area donot have a similar program.Therefore,while scaling
factors are used to account for cash-payment trips, these only increase themodeledEFC trips already in place. This is
likely to spatially bias trip counts to these larger institutions andundercount areaswhere cash fares, or other fare
media, are predominant. Since these large institutions also followa traditional 9 to 5 schedule, it is possible that very
early or very late trips are underrepresented.More temporally and spatially disaggregatedAPCdatawould allow for
a better representationof thedifferences betweenEFCand cash-payment trips. This could remove someof the
potential biases that cannotbe accounted in the current formof this study.

Since avoided tripswere spatially located following the same route as the transit equivalentof theEFC trip, our
methodologyhas thepotential tooverestimate someavoided emissions since themost efficient or shortest route for an
automobile travelermaynotbe theone takenby thebus.Alternatively, thismayunderestimate light andcommuter rail
avoided emissionsbecause routes of dedicated rights-of-way for thesemodes couldbemore efficient than those taken
by aprivate car. It is alsounclearwhether every transit trip represents an avoidedpersonal vehicle trip. It has been
shown that cross-elasticityof demandbetweenauto and transitmodes is low, and furthermore, that car tripdemand is
less responsive to transit trippricing thanvice versa (Paulley et al2006). In this studywe simplified thepersonal vehicle
fleet throughhomogenization (24.1MPGandassociated emissions factors).However, emissions factors vary
substantially bymake,model, andyear of vehicle,whichwill be strongly controlledbyhousehold income (Ferrell and
Reinke2015). This is strongly spatially structuredwithin theUTAservice area, and so it is likely thatouruseof a single
‘average’ vehicle formodeling avoided emissions substantially over- andunder-predicts avoided emissions in various
parts of the service area.Additional data estimating thenumberofmiles traveledby sub-groupsof vehicles could
improve thedistributionof emittedpollutants through travel apportionment, however this data is not readily available.

While our work does not capture variability in transit direct emissions attributable to variation in the vehicle
fleet or in operational variables such as drive-cycle behavior, we note that such representation comes at a
significant cost, involving large-overhead and complex agent-basedmodels e.g. Lau et al (2011), (Waraich et al
2016).We suggest that future research should investigate the cost/benefit tradeoffs of these respective
approaches.While this work does not address drive-cycle behavior, our sensitivity analysis discussed in
section 2.2.2 does highlight the potential impacts of cleaner transit vehicles.

Spiller and Stephens (2012) demonstrated that there is significant spatial variability in gasoline price
elasticity, with elasticity significantly lower formore rural households.However, while outskirtsmay shownet
positive emissions during off-peak hours, public transit servesmultiple functions (equity; congestion
alleviation; etc), and it is unlikely thatUTA could restructure service solely tominimize net carbon emissions.
FurthermoreNishiuchi et al (2013) found thatmost riders don’t follow a single pattern of dailymovement.

4.3.Directions for future research
There are several future research avenues to consider following this study.Because theWasatchFront experiences two
poor air quality seasons a year, the impact poor air quality hason transit ridership is an important question to ask. Is it
possible that certain air quality sensitivepopulationsmay avoid exposure due towaiting at stops andwalking, andare
there groups thatmay take transitmoreoftenduringpoor air qualitydays to alleviate the impact of single passenger
vehicle?The impact of rider behavior as a response to gasolineprices can alsobe studied since studies founda large
drop in vehiclemiles traveledbypersonal vehicles during the2008 recession. Inorder to estimate the impact of free (or
reduced) fares onvalleywide air quality,multiple ridershipmodels couldbedesigned. Since the largest contributors to
poor air quality andgreatest contributors topersonal exposure arepersonal vehicles, howmany carmiles of travel need
tobe removedduringpoor air quality days to avoidpollutant concentrations fromreachingunhealthy levels?While
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this studydoesnot quantify the congestionmitigation effect, it is anon-negligible benefit of a transit systemandcould
be a significant benefit of transit usage, particularly duringpeak traffichours. Inorder to answer someof these
questions, itwouldbenecessary tounderstand, givenpresentUTA infrastructure,what is the realistic limit ofUTA’s
capacity to reducepersonal vehicle traffic. If used at full capacity,whatwouldbe the accompanying emissions
reductions? Investigation into thesequestionswould refine the estimateofnet impacts thisworkhas produced, and
wouldbegin to leverage topublic healthprofessionals, transit planners, andpolicymakers thepotential benefits that
suchanestimateoffers.
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Appendix

Figure A1.Average hourly transit PM2.5 emissions fromBus services by hour of day. Current fleet: (a) 7AM, (b) 12 PM, and (c) 5 PM;
difference due to upgrade (currentfleet - future fleet): (d) 7AM, (e) 12 PM, and (f) 5 PM.

21

Environ. Res. Commun. 1 (2019) 091002



Table A1.Busfleet composition and activity by business unit. The number
of buses, fuel consumed (in diesel gallons equivalent), andmiles traveled is
disaggregated by bus technology.

Central Bus Fleet

Manufacturing

Year

Number

of buses

Fuel Consump-

tion (DGE)
BusMiles

Traveled

1991–1997 0 0 0

1998–2001 20 66,681 269,413

2002–2006 0 0 0

2007–2009 26 170,607 766,973

2010– 0 0 0

CNG2013 - 47 393,140 1,598,967

Fleet Total 93 630,428 2,635,353

Meadowbrook Bus Fleet

Manufacturing

Year

Number

of buses

Fuel Consump-

tion (DGE)
BusMiles

Traveled

1991–1997 0 0 0

1998–2001 50 169,795 731,137

2002–2006 31 150,101 626,056

2007–2009 71 549,605 2,619,681

2010– 97 883,624 4,418,537

CNG2013 - 0 0 0

Fleet Total 249 1,753,125 8,395,411

Mt.Ogden Bus Fleet

Manufacturing

Year

Number

of buses

Fuel Consump-

tion (DGE)
BusMiles

Traveled

1991–1997 11 18,446 79,989

1998–2001 19 89,502 421,014

2002–2006 47 412,618 1,963,117

2007–2009 0 0 0

2010 - 34 334,390 1,876,096

CNG2013 - 0 0 0

Fleet Total 111 854,956 4,340,216

Timpanogos Bus Fleet

Manufacturing

Year

Number

of buses

Fuel Consump-

tion (DGE)
BusMiles

Traveled

1991–1997 0 0 0

1998–2001 11 28,983 140,660

2002–2006 10 78,471 336,557

2007–2009 28 275,500 1,420,854

2010 - 23 176,873 953,487

CNG2013 - 0 0 0

Fleet Total 72 559,827 2,851,558
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TableA2.Net (avoided due to transit use - transit system caused)miles traveled, fuel consumption, and emissions due to transit use for 2016 derived using emission factors from table 1 andmodel output results. All emissions are inmetric
tons. Since the light rail consumes electricity but saves gasoline frompersonal vehicle travel, there is no estimate for net avoided fuel, however, gasoline gallon equivalent (GGE) is used to normalize fuel consumption.

VehicleMiles

(×1000miles)

Energy or Fuel

(×1000Gal

or kWh)
NitrogenOxides

(tonneNOx)
Nonmethane hydro

carbons (tonneNMHC)
CarbonMonoxide

(tonneCO)
Fine Particulate

Matter (tonne PM2.5)
SulfurOxides

(tonne SOx)
GreenhouseGas

(tonneCO2)

GasolineGallon

Equivalent

(x1000Gal)

UsingCurrent Emission Factors

Bus (Diesel/CNG) 83,322 414 −46.97 51.12 597.80 −2.17 0.35 10,386 −103

Commuter Rail

(Diesel - Gal)
123,775 2,685 −244.50 49.35 744.31 −16.40 0.63 33,850 2,344

Light Rail Elec-

tric (kWh)
86,533 NA 39.25 50.35 569.95 −0.74 −16.90 11,880 2,668

Using Sensitivity Test Emission Factors

Bus (Diesel/CNG) 83,322 341 6.48 54.25 615.20 0.006 0.55 12,470 −186

Commuter Rail

(Diesel - Gal)
123,775 2,685 −135.54 59.87 744.31 −5.14 0.78 33,850 2,344
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