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ABSTRACT
Simulation Study of Day‐Night Variations in Emissions Impacts and Network
Augmentation Schemes:
An Application to PierPASS Policy for Port Trucks in California
By
Ankoor Bhagat
Doctor of Philosophy in Civil Engineering
University of California, Irvine, 2014
Professor Jean‐Daniel M. Saphores, Co‐Chair
Professor R. Jayakrishnan, Co‐Chair

Freight operations are critical to our prosperity, but they also generate substantial external
costs in the form of additional congestion, air pollution, and health impacts. Unfortunately
these external costs are not well understood. In this dissertation, I focus on the drayage trucks
that serve the San Pedro Bay Ports (or SPBP, i.e. the Ports of Los Angeles and Long Beach in
Southern California), which is the largest port complex in the country. This research focuses on
the PierPASS program, which shifts drayage trucks traffic from mid‐day and peak hours to the
evening and night hours. External costs from drayage trucks remain a major concern for
communities adjacent to the ports because they bear a disproportionate fraction of the health
impacts (respiratory and cardiovascular illnesses, cancers, and premature deaths) associated
with the pollution generated by ports operations. In this context, the purpose of my
xix

dissertation is analyze the impacts of shifting freight traffic to off‐peak periods with an
emphasis on congestion, air pollution (NOx, and PM) and related health impacts. This impact
analysis was conducted using a framework that integrates microscopic traffic simulation with
emission estimation, air dispersion, and a health impact assessment. The research also
developed a new approach for origin‐destination demand estimation on large microscopic
simulation network that is made by augmenting an existing simulation network. Thus the
research makes both policy analysis and methodological contributions, and is expected to help
enable policy makers to craft cleaner logistics policies. I found that PierPASS had little impact on
traffic congestion and on overall emissions of various pollutants. However, PierPASS had a
significant impact on the distribution of these emissions between day and night. During night‐
time, total port truck emissions increased by 71% for NOx and 72% for PM, while day‐time
emissions decreased by 9% for both NOx and PM. My dispersion analysis shows that PierPASS
increased air pollutant concentrations during both day time and night time because of
boundary layer effects. Finally, my health impact analyses using EPA’s BenMAP model show
that the annual social costs due to PierPASS are $438 million.

xx

Chapter 1. Introduction

Freight operations are critical to our prosperity, but they also generate substantial external
costs in the form of additional congestion and air pollution that affects the health of local
residents. Unfortunately these external costs are not fully understood for several reasons. First,
microscopic traffic and emission models require large amounts of data and time‐consuming
analyses so they are not yet widespread for policy analysis. By contrast, macroscopic emission
models are fairly easy to use but their results are crude as it is now well known that they cannot
capture vehicular emission under stop‐and‐go conditions due to congestion or traffic control
devices. Their ability to estimate air pollutant emissions is therefore questionable (Nesamani et
al., 2007). Second, most studies concerned with external costs from freight movement do not
analyze the dispersion and health impacts of air pollutants. There is therefore a clear need to
analyze the external costs related to freight movement in order to help policy makers craft
more environmentally friendly policies.

1.1. Research Objectives
The objective of my research is to quantify the impacts on traffic congestion and health of off‐
peak heavy‐duty truck PierPASS program at the Ports of Los Angeles and Long Beach (also called
the San Pedro Bay Ports, or SPBP). The PierPASS program was implemented to reduce traffic
congestion that resulted from explosive growth of the SPBP complex. Before and after
scenarios are studied by expanding the microscopic traffic simulation model from a previous

1

study (Lee et al. 2012) using a novel scheme that reduces the time needed to perform an origin‐
destination analysis to replicate real traffic conditions. After estimating vehicular emissions
using EPA’s MOVES model, I performed an air pollutant dispersion analysis followed by a health
impact analysis using EPA’s BenMAP software.

1.2. Research Contributions
My dissertation makes two contributions. First, I perform an in‐depth analysis of the congestion,
environmental and health impacts of the PierPASS program, whose goal was to shift the traffic
of drayage truck from peak to off‐peak hours to reduce congestion and air pollution in the
region. This research was conducted using a framework that integrates microscopic traffic
simulation with emission estimation, air dispersion, and a health impact assessment. Second, it
proposes a new approach for performing an origin‐destination analysis on a large microscopic
simulation network that is expanded from an existing network. Thus my research makes both
policy analysis and methodological contributions.
While my study started from an existing modeling framework developed earlier for a
study of traffic‐related atmospheric pollution impacts, the modeling framework was
significantly augmented to incorporate simulations for a complete representative day of 24
hours. As in associated studies such as Lee (2011) and in most applications of microscopic traffic
simulation, only peak periods or short periods of length 3‐4 hours are typically analyzed which
contrast with the 24 hours simulated in this study to better capture the impacts of within‐day
policies such as shifting freight operations from peak to off‐peak periods. This required
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addressing several computational and practical issues, and a contribution of my dissertation is
in the handling of such issues.
Traffic network calibration is usually done for peak period analysis based on simulation
output for the same peak period. Even for peak period demand calibration, dynamic OD
demand estimation is a very time consuming process that requires many iterations to converge
(50 iterations is not uncommon). To circumvent this problem that is especially severe in large
networks such as the one considered in this dissertation, a novel procedure was developed for
obtaining the origin‐destination matrices of an extended network based on the calibrated origin
destination matrices for a starting network. To my knowledge this research project has among
the largest dynamic OD demand trip matrices ever estimated for an urban area, with demand
matrices developed for 96 time period of 15 minute each, for 449 zones and 4 classes of
vehicles over 24 hours, for a total demand of 3.7 million vehicles.
For OD estimation part, an algorithm developed by Choi et al. (2009) was utilized.
Though I did not attempt any extensive analysis of algorithmic issues in this study, valuable
insights were made that are of use in future studies on efficient use of such algorithms. Key
observations in this regard were related to the convergence of the algorithm and the effect of
using a single gradient step size when additional areas are added to an existing calibrated
network and the iterative improvement of simulated and observed flows need to be at
different rates for different areas and OD pairs.
Another practical contribution of this dissertation is a sensitivity analysis for
temperature and humidity in estimating vehicular emissions rates for NOx and PM using EPA’s
MOVES model.

Based on vehicle trajectory data from simulation, emissions of various
3

pollutants were estimated using an operating mode lookup tables approach.

Emission

estimation was followed by an air dispersion analysis, as a key step for estimating health
impacts from PierPASS. Using CALPUFF (a non‐steady state Gaussian Puff model), nighttime
and daytime concentrations of NOx and PM were estimated for each seasons to capture
seasonal variations in pollutant concentrations. Finally, health impacts were estimated using
EPA’s BenMAP model to understand the consequences of changes in the timing and amounts of
emissions of various pollutants following the implementation of PierPASS.

1.3. Dissertation Structure
My dissertation includes seven chapters. As discussed previously, Chapter 1 introduces the
research objectives and contributions of this study.
In Chapter 2, some key papers dealing with off‐peak logistic operations, environmental
impacts, health impacts, and the PierPASS program are reviewed to inform and guide the work
performed in this dissertation.
In Chapter 3, a novel approach that expands Origin and Destination matrices from a
smaller calibrated network embedded in the expanded network is proposed and its successful
application to a large case study is discussed. In addition Chapter 3 describes the study area,
data requirements and the OD estimation methodology for microscopic traffic simulation, as
well as scenarios that relate to before and after the implementation of PierPASS program.
In Chapter 4, I estimate vehicular emissions from second by second microscopic traffic
simulation results before and after the PierPASS program. The emission estimation was
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performed using operating mode lookup tables, which were extracted from EPA’s MOVES
emission model.
In Chapter 5, I perform a dispersion analysis of nitrogen oxides (NOx) and particulate
matter (PM), which are two pollutants of concern emitted by drayage trucks, using EPA’s
Gaussian puff dispersion model (CALPUFF). The basic concepts of atmospheric boundary layer
are briefly discussed and dispersion results are discussed.
Chapter 6 examines the impacts of the PierPASS program on human health using U.S.
EPA’s health impact assessment model (BenMAP).
Finally, Chapter 7 summarizes my findings and proposes directions for future research.

1.4. References
Choi, K., Jayakrishnan, R., Kim, H., Yang, I., Lee, J. (2009). “Dynamic O‐D Estimation using
Dynamic Traffic Simulation Model in an Urban Arterial Corridor”, Transportation
Research Record: Journal of the Transportation Research Board, 2133, 133–141.
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Chapter 2. Literature Review and Background

This chapter presents a literature review of relevant papers dealing with off‐peak logistics
operations, their impacts on the environment, and the health impacts from air pollution
generated by motor vehicles.

2.1. Off‐peak Logistics Operations
Various policies have been proposed to deal with externalities such as air pollution and traffic
congestion that result from freight movement, including adopting cleaner vehicle technologies
(an example is the Clean Trucks Program in Southern California), mandating cleaner fuels,
shifting container transport from trucks to trains for long distance travel, or shifting freight
deliveries from peak to off‐peak hours to reduce congestion and the resulting additional air
pollution.
The concept of shifting freight deliveries to off‐hours has been around for a long time:
approximately around 45 B.C., for example, the Roman Emperor Julius Cesar banned
commercial deliveries during daytime, and allowed deliveries only during evening hours to
reduce urban congestion (Holguin‐Veras, 2008). In recent years, the possibility of shifting
logistics operations to nighttime has grabbed the attention of policy makers, because it could
decrease freight trucks trips during peak hours, thus reducing traffic congestion and air
pollution.
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Around the world nighttime off‐peak policies have been implemented recently to
reduce traffic congestion and emissions from vehicles. Geroliminis and Daganzo (2005)
presented examples of green logistics schemes and policies that were tried in various cities
including Paris, Barcelona and Rome; one of the strategies they discuss is congestion mitigation
by implementing night‐time delivery. The city of Barcelona, for example, has dedicated some of
its main boulevards for off‐peak delivery operations (Dablanc, 2007).
In Southern California, the PierPASS Off‐peak program was launched in 2005 to reduce
congestion in and around the San Pedro Bay Ports (or SPBP, i.e., the Ports of Los Angeles and
Long Beach) by charging Traffic Mitigation Fees (TMF) for freight truck movements during peak
periods. Before the PierPASS Off‐peak program at the SPBP complex, 17% to 21% of the port
traffic moved during off‐peak hours. However, since the inception of PierPASS in 2005,
approximately 45% of port traffic is taking place during off‐peak hours (PierPASS Final Report,
2008). In 2007 PierPASS Inc. announced that its off‐peak program at the SPBP has diverted over
5 million trucks trips from daytime traffic since the programs launch.
A comprehensive assessment of city logistics off‐peak policies could involve the
following steps (Sathaye, Harley, and Madanat, 2009):
1.

Consider its feasibility based on economic, political, administrative and social
considerations;

2.

Evaluate the logistics operators’ capability for adaptation;

3.

Estimate its impacts on traffic congestion;

4.

Assess its effects on traffic incidents / accidents (Life cost);

5.

Analyze its potential for delaying the delivery of goods;
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6.

Estimate its impacts on tailpipe emissions from passenger and freight vehicles;

7.

Assess the resulting pollutant concentrations through atmospheric dispersion
modeling; and

8.

Estimate the environmental impacts on human health.

The first three steps and a part of the sixth step were considered by Campbell (1995),
Guiliano and O’Brien (2007), and Quak and de Koster (2007, 2009). Some detailed studies by
Kinney et al. (2000), Sathaye, Harley, and Madanat (2009), Lee et al. (2009) and Wu et al. (2009)
included steps seven and eight.

2.2. Environmental Impacts
In this dissertation, I am especially interested in quantifying the potential impacts of off‐peak
urban freight policies on air pollution and its health impacts because air pollution from
vehicular traffic is a major environmental problem in California, and especially in Southern
California. California’s geography and sunny climate are conducive to the formation of air
pollution, especially in Los Angeles County and the central valley region, where the terrain,
topography and proximity to the Pacific Ocean cause temperature inversions which in turn trap
in the atmosphere various air pollutants emitted by vehicular traffic. These trapped primary air
pollutants like Nitrous Oxides (NOx) and Volatile Organic Compounds (VOC’s) then react
chemically in the presence of sunlight to produce secondary pollutants like Smog or Ozone (O3).
California’s increasing population and continued economic growth make it difficult to reduce air
pollution.
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Another concern is the emission of greenhouse gases (GHG). In 2006, Assembly Bill 32
(AB 32), The Global Warming Solutions Act of 2006, was passed by the California legislature.
AB32 requires the State of California to reduce its Greenhouse Gas (GHG) emissions to 1990
levels by the year 2020. It also directed the California Air Resources Board (CARB) to develop
various actions to reduce GHG emissions, One such action is the Heavy‐Duty Vehicle
Greenhouse Gas Regulation (CA‐ARB, 2008), which was adopted in December 2008 to reduce
GHG emissions by increasing the fuel efficiency of heavy‐duty vehicles through improvements
in vehicle aerodynamics and the use of low rolling resistance tires. This regulation is expected
to reduce GHG emissions by approximately 1 million metric tons of CO2 equivalents by 2020.
According to National Air Quality Trends Report (2007) highway vehicles and non‐road
mobile sources together contribute approximately three quarters of national CO emissions
(approximately half of national CO emissions from Highway vehicles). Moreover, according to
SCAG (2013), the demand for freight transportation is expected to grow by 80% to 100%
between 2008 and 2035 As a result, freight truck related CO2 emissions are expected to reach
490 million metric tons by 2030 (Annual Energy Outlook 2009).
A number of studies suggest that off‐peak policies, night‐time delivery operations, can
reduce traffic congestion and emissions. For example, a case study in the United Kingdom
shows that deliveries during night time and on Sundays reduce air pollution and improves day
time traffic flows by removing traffic from peak hours, thus improving the efficiency of
deliveries (OECD, 2003).
In California (especially around the SPBP complex), off‐peak delivery policies were
promoted by the passage of California Assembly Bill (AB) 2650 in the year 2000, which
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encouraged port terminals to adopt gate appointments or off‐peak operating hours to reduce
idling truck queues at gates, penalties could be applied to trucks idling in queues for more than
30 minutes (Giuliano and O’Brien, 2007). Giuliano and O’Brien (2007) used TransCAD and
Caltrans count data for their study and found that PierPASS had been successful at containing
peak period congestion and at reducing midday congestion in spite of growth in container
volumes. However, they found no evidence that AB 2650 reduced truck emissions.
However, some recent studies Panis and Beckx (2007), Hu et al. (2009) and Sathaye,
Harley and Madanat (2009) have highlighted some environment and health drawbacks of off‐
peak logistic operations. These studies find that shifting freight transportation to night‐time
disproportionally increases the concentration of local air pollution because the atmospheric
boundary layer is more stable at night than during the day and pollutant dispersion takes place
when atmospheric boundary layer is unstable.
Panis and Beckx (2007) relied on a simple Gaussian plume dispersion modeling and high
resolution meteorological data to study the impact of shifting the timing of truck transportation
activity in the port of Antwerp, Belgium, to night‐time on local air pollution; they assumed a line
source of pollutant with an emission strength of a unit kilogram per hour to derive resulting
concentrations for receptor points at various distances from the emission source. Their results
indicate that emission concentrations are higher at night than during the day, however they
discarded the effect of changing traffic volumes, and assumed equal speed and traffic dynamics
to study the marginal effect of one unit of pollutant emitted at different times during the day.
Hu et al. (2009) studied air pollutant concentration downwind of a segment of I‐10
freeway in Santa Monica during pre‐sunrise hours by measuring pollutant concentration using a
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mobile platform (A Toyota RAV4 sub‐SUV electric vehicle) equipped with fast response
monitoring instruments. To make measurements they drove this mobile platform along an
arterial crossing the I‐10 freeway and passing through a large residential neighborhood. Their
results indicate that even though traffic volumes on the freeway during pre‐sunrise hours were
lower than that during the day, downwind air pollutant concentrations were significantly higher
during pre‐sunrise hours than during the daytime. They attributed this pre‐sunrise pollutant
concentration phenomenon to atmospheric stability, low wind speeds, low temperatures and
high humidity.
The work of Sathaye, Harley, and Madanat (2009) is especially interesting here because
they accounted for both different metrological conditions at night and for human intake while
people are sleeping. They quantified PM2.5 concentrations resulting from truck tailpipe
emissions at two locations (in the vicinity of I‐880 in Oakland and I‐580 in Livermore, both in
Northern California) under hypothetical scenarios in which truck trips were shifted out of peak
hours corresponding to the PierPASS program at the Ports of Los Angeles and Long Beach. Their
study locations, which correspond to roadways that are heavily used by freight vehicles as they
serve traffic associated with the Port of Oakland, capture conditions at a coastal site (the
Oakland location) and at an inland site (the Livermore location).However, these studies did not
rely on microscopic traffic simulation models to estimate emissions to study the effectiveness
of off‐peak deliveries.
Another reason why restricting peak period delivery may not work as well as planned is
that freight distribution companies may circumvent peak‐period truck restrictions by using
smaller vehicles, thus increasing the environmental impacts of freight deliveries and traffic
11

congestion. For example, in 1991 the City of Los Angeles prepared an ordinance to regulate
large truck movements during peak hours to reduce traffic congestion, Campbell (1995) studied
this ordinance to estimate the impact of a switch from large trucks to small trucks on emissions.
He found that emission could increase if there is a switch from large trucks to small trucks.
Quak and de Koster (2009) studied the impact of governmental time windows, vehicle
restrictions, and different retailers’ logistical concepts on the financial and environmental
performance of retailers. They used two good distribution case studies in the Netherlands. The
retailers provided data on the stores, vehicle fleet, product carriers, distribution process,
vehicle planning and routing, and other organizational and cost related data of the distribution
process between their distribution centers and their stores. Using vehicle routing software, the
researchers used linear regression techniques to calculate the impacts of different scenarios on
polices by varying the retailers logistics concepts. They found that time window and vehicle
restrictions (vehicle size and type) increase local PM10 and NOX emissions as well as global CO2
emissions.
One other environmental drawback of off‐peak delivery is noise pollution from logistic
operations during night. Noise is mostly caused by engines, tires, door opening, body rattle of
freight vehicles, and use of freight lifting equipment such as forklifts (OECD, 2003). In Barcelona
for example, concerns about noise pollution during nighttime deliveries lead to the
requirement that trucks be equipped with anti‐noise systems (Geroliminis and Daganzo, 2005;
Forkert and Eichhorn, 2008). Likewise, the Netherlands set up in December 2004 a program
that allows delivery vehicles to access urban areas during off‐peak and night hours if they
operate below 60/65 decibels (OECD, 2003). Noise generated due to off peak deliveries is the
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main motivation for municipalities to restrict off‐peak deliveries (Browne et al., 2006). In this
dissertation the impacts of noise related to off‐peak deliveries are not studied.

2.3. Health Impacts
According to the Multiple Air Toxic Exposure study (MATES‐II, March 2000) 70 % of cancer risk
from air pollution in the South Coast air basin comes from diesel particulate emissions. Also
according to the more recent Multiple Air Toxic Exposure study (MATES–III, September 2008)
which was released in September 2008 by the South Coast Air Quality Management District
(SCAQMD), diesel exhaust accounts for over 80 % of total air toxic risks and modeling shows
that areas around the SPBP complex are at the highest risk from air toxics.
This situation, of course, is by no means unique to Southern California. For example,
Kinney et al. (2000) measured concentrations of PM2.5 and diesel exhaust particles (DEP) on
sidewalks in Harlem, New York, following concerns that residents had about the potential
health impacts of diesel vehicle (cars, buses and trucks) emissions. Their results indicate that
spatial variations in pollutant concentration are related to the magnitude of local diesel sources.
Houston et al. (2008) documented, by using videotapes and truck counts, that Port‐
related heavy‐duty diesel trucks often reach 400 to 600 per hour for several hours immediately
upwind of sensitive land uses such as schools, residences and open field parks. Their study area
is located north of the Ports of Los Angeles and Long Beach. Their findings on truck volumes
near sensitive land use raise concerns about the elevated levels of diesel exhausts on nearby
sidewalks, local businesses and eating establishments.
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Rowangould (2013) estimated the size and distribution of the population living near high
volume roads in the U.S by considering the coverage of national ambient air quality monitoring
network. Results indicate that 19% of the population lives near high volume roads and
nationally greater traffic volume and density are associated with large shares of non‐white
residents and lower median household incomes. Moreover, higher traffic density zones in the
Los Angeles metropolitan area have larger proportions of low income and minority residents.
In the Ports of Los Angeles and Long Beach, a number of programs have been
implemented to reduce air pollutant emissions from port operations [e.g., see POLB (AQ) and
POLA (AQ)]. These programs targeted different sources from the ocean‐side e.g., limiting ship
speeds via the Vessel Speed Reduction program and managing their queues, the harbors e.g.,
providing power to the ships so they do not have to run their engines (Alternative Maritime
Power Technologies program), the landside (the most ambitious measure is the Clean Trucks
Program, which regulates drayage truck emissions and provides funds for their upgrade, the
PierPASS off‐peak program, Alameda corridor rail service), and the policy side, e.g., Clean Air
Action Plan at the SPBP and strict California Diesel Particle filter standards. However, external
costs from drayage trucks remain a major concern for the communities adjacent to the ports
because they bear a disproportionate fraction of the health impacts (respiratory and
cardiovascular illness, cancer, and premature death) associated with the pollution generated by
ports operations.
Some studies have used intake fraction (iF) to quantify the relationship between
pollutant emission and inhalation for health risk assessment and policy analysis. Bennett et al.
(2002) discussed and developed approaches for quantifying the relationship between emissions
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and human intake for risk investigations. They defined the Intake Fraction (iF) as “the
integrated incremental intake of a pollutant, summed over all exposed individuals, and
occurring over a given exposure time, released from a specified source or source class, per unit
of pollutant emitted.” i.e. it is the fraction of a pollutant emitted from a source that is inhaled
by a specified population. The iF can be expressed by the equation below:

∑

(2‐1)

,

A few years ago, Marshall et al. (2003) studied the intake fraction of pollutants emitted
by vehicles in Southern California Air Basin (SoCAB). They combined ambient monitoring data
with time activity patterns and used the EMFAC2000 model to estimate the population intake
of CO and Benzene emitted from motor vehicles during 1996 and 1999. Their results for CO are
consistent with similar intake fraction studies completed previously: they found that monthly
intake fraction averages are approximately 2 times higher in the winter than in the summer.
More recently, Marshall, Teoh, and Nazaroff (2005) studied three methods to
characterize the Intake fraction of non‐reactive vehicle emissions in the US urban areas. In the
first method they used a one‐compartment steady state mass balance model incorporating
meteorological, land use, and demographic data. In the second method they used an empirical
emissions to concentration relationship that incorporates US EPA’s MOBILE5 emission factors
developed by Glen et al. (1996) for vehicle carbon monoxide in 15 US urban areas. In the third
method they analyzed model results for Benzene and Particulate matter from the US EPA’s
National‐Scale Air Toxic Assessment (NATA) study. Their results indicate that seasonal average
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intake fractions of emissions are higher in the winter than in the summer because of seasonal
variability in the atmospheric mixing height.
Wu et al. (2009) relied on the CALINE4 dispersion model and traffic count data on
freeways near the SPBP complex to study exposure to PM2.5 and EC (Elemental Carbon)
emissions from diesel and gasoline vehicles in communities near the ports. Their results show
that surface streets are impacted more than freeways, and that LDV’s contribution to PM2.5
emissions are higher than the contribution from HDV’s. They also found that the Intake
Fraction (iF) in the winter is 1.4 times higher than in the summer because Los Angeles
experiences substantial surface inversion in the winter, which traps traffic emissions.
Hitchins et al. (2000) studied exposure risks related to particulate matter in outdoor
environments by measuring concentrations of particulate matter from vehicle emissions at
increasing distances from a major road in Brisbane (Queensland, Australia), using a Scanning
Mobility Particle Sizer and Aerodynamic Particle Sizer. They report that concentrations of
pollutants emitted from vehicles are high near heavily travelled roadways and that the
concentrations of particulate matter is high within 15 to 150 meters of major roadways.
Zhu et al. (2002) systematically measured the concentration and size distribution of
ultrafine particles in the vicinity of the I‐710 freeway in Los Angeles and compared their
measurements with previous studies measurements on that freeway. They find that ultrafine
particle number concentration measured at 300 meter downwind from the freeway are
indistinguishable from upwind background concentrations.
Gauderman et al. (2007) conducted a medical study of 3677 children from 12 southern
California communities to investigate the association between residential exposure to traffic
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and 8‐year lung‐function growth. They conclude that children who live within 500 meters of a
freeway have affected lung development, which could result in important deficits in attained
lung function in later life.
Using questionnaire and statistical analysis, McConell et al. (2006) examined the
relationship between local traffic‐related exposure, asthma, and wheeze in southern California
school children. Their finding show that residing within 75 meters of a major road is associated
with an increased risk of lifetime asthma; conversely, the higher risk of asthma near a major
road decreases to background rates at 150 to 200 meters from the road.
Adar and Kaufman (2007) reviewed some studies of associations between air pollution
and adverse cardiovascular health effects. Their review demonstrated that higher
concentrations of vehicular pollutants, traffic source factors, closer proximity to traffic sources,
and periods spent in traffic have been associated with adverse cardiovascular health effects in
many studies where different methodologies have been applied.
Seagrave et al. (2006) statistically examined the toxicity of Particulate Matter collected
from urban sites with different contributions of transportation and industrial sources, within
the Southeastern Aerosol Research and Characterization (SEARCH) air monitoring network
during the winter and summer seasons. They report that samples taken from urban sites during
seasons with the largest contributions of PM2.5 from diesel and gasoline powered vehicles and
industry were the most toxic. Moreover, the biological effects from introducing PM2.5 into the
trachea differ as a function of sites and seasons.
As PM2.5 exposure is associated with chronic respiratory diseases Liu, Frey and Cao
(2010) utilize EPA’s Stochastic Exposure and Dose Simulation Model for Particulate Matter
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(SHEDS‐PM) to study in‐vehicle concentration and human exposure for PM2.5 based on
surrounding roadway ambient air quality and variability in vehicle operation to estimate PM2.5
exposure for people living in Wake County, North Carolina. SHEDS‐PM uses a linear regression
model to estimate in vehicle PM2.5 concentration based on ambient PM2.5 concentration from
fixed monitoring site or from average concentration estimates from an air quality model. They
conclude that near‐road PM2.5 concentrations on freeways are 6 times larger than on local
roads, and 3.5 times greater than on arterials.

2.4. The PierPASS Program
Over the past two decades, waterborne international container trade with East Asian countries
increased freight transportation demand by 7% annually in the United States (Giuliano and
O’Brien, 2008). This increased demand caused severe peak‐period congestion, increased wait
and idle times, and worsened air quality around the SPBP complex. In California the first
attempt to reduce idling truck queues at terminal gates by encouraging off‐peak deliveries via
gate appointments and off‐peak operating hours was promoted by the passage of Assembly Bill
2650 in 2000. The PierPASS Off‐peak program, which was launched in July 2005, is a night and
weekend gate operating hours program created by marine terminal operators (MTO) at the
Ports of Los Angeles and Long Beach to reduce peak‐period congestion, improve terminal
operating efficiencies, reduce truck wait and idle times, improve air quality around the SPBP
area, and lessen community impacts. The PierPASS program provides an incentive for cargo
owners and their carriers to move cargo at night‐time periods and on weekends, to reduce
truck traffic during peak daytime periods on major freeways around the Ports. All loaded
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containers entering or exiting the marine terminals at the ports by trucks during daytime shifts,
i.e. Monday through Friday between 3:00 a.m. to 6:00 p.m. are charged a Traffic Mitigation Fee
(TMF) (FHWA, 2009). The original TMF was $40/TEU, where TEU (twenty‐foot equivalent unit) is
a unit of cargo capacity based on the volume of 20 feet long and 8 feet wide standard
intermodal metal container. Proceeds from this fee were allocated to terminal operators to
offset additional costs associated with extended gate operations (Giuliano and O’Brien, 2008;
FHWA, 2009). On April 24, 2006 the TMF fee was increased to $50/TEU to cover the expected
cost of sustaining the off‐peak program. On August 19, 2013 the TMF was further increased to
$66.5/TEU (PierPASS Announcement, 2013).
Containers entering or exiting by truck during the off‐peak shifts are exempt from the
TMF, thus providing an incentive for cargo owners and their carriers to move cargo during these
time periods. All intermodal containers departing or arriving via the Alameda Corridor are
exempt from the TMF. Also, there is no TMF for empty containers, chassis, or bobtails moving
through the terminal gates (FHWA, 2009).
Before the implementation of the PierPASS program, container terminal gates at the
SPBP were operating mainly during daytime shifts, i.e. Monday through Friday between 8:00
a.m. and 5:00 pm. However, some terminals offered extended gate hours on an “as needed”
basis, based on the demands of some high‐volume shippers for off‐peak pickup or delivery of
containers. The off‐peak program is administered and managed by PierPASS Inc., a non‐profit
organization created by the MTO’s at the ports to collect the TMF’s and disburse them to the
MTO’s (Giuliano and O’Brien, 2008).
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This off‐peak program created two prominent shifts in truck traffic from ports: first day
time truck traffic was reduced and night time truck trips (between 6:00 PM and 1:00 AM)
increased substantially (PierPASS Final Report, 2008). Table 2‐1 shows shifts in the Port of Long
Beach truck traffic in 2005, after the inception of PierPASS program weekday day time truck
traffic decreased from 90% to 66% and weekday night time truck traffic increased from 3% to
24%, weekend truck traffic also increased slightly from 7% to 10%. Table 2‐2 shows shifts in
truck traffic distribution on the I‐710, north of the Pacific Coast Highway (PCH), before and after
the inception of PierPASS program, for both I‐710 northbound and southbound directions truck
traffic decreased during day time and increased during night time after PierPASS policy was
adopted. Figure 2‐1 shows the total number of port containers traffic in ports of Los Angeles
and Long Beach from 2001 to 2013. At port of Los Angeles there was an increase of 1 million
TEU, and at port of Long Beach there was an increase of 0.5 million TEU after PierPASS program
was introduced, however due to bad economic conditions in the U.S., port container traffic
started declining from 2007 onwards till 2009.

Table 2‐1 Port of Long Beach 2005 Truck Traffic Trend
Time Period

Daytime
Nighttime Weekend Total
Weekday Weekday Truck
Truck
Truck
Traffic
Traffic
Traffic
Jan 1, 2005 to Jul 23, 2005
90%
3%
7%
100%
Jul 24, 2005 to Dec 31, 2005
66%
24%
10%
100%
Source: FHWA Operations Support – Port Peak Pricing Program Evaluation, Final Report
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Table 2‐2 Time‐of‐Day Truck Traffic Distribution on the I‐710 (North of the PCH)
Northbound
Southbound
May‐05 Feb‐05 Feb‐07 Sep‐07 May‐05 Feb‐05 Feb‐07 Sep‐07
Time Period
8:00 am to
71.20% 62.80% 60.00% 54.80% 73.80% 63.00% 64.10% 63.90%
6:00 pm
6:00 pm to
28.80% 37.20% 40.00% 45.20% 26.20% 37.00% 35.90% 36.10%
8:00 am
Source: FHWA Operations Support – Port Peak Pricing Program Evaluation, Final Report

Figure 2‐1 Port Container Statistics
Source: Derived from the websites of Ports of Los Angeles (POLA, 2013) and Long Beach (POLB,
2013).
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Chapter 3. Microscopic Traffic Simulation

Microscopic traffic simulation models such as TransModeler, Paramics, VISSIM, and Aimsun are
widely used by public and private agencies to study traffic operations and control, gauge traffic
management options, analyze intelligent transportation system strategies, explore incident
management strategies, and to study vehicular emissions. In this chapter, I describe the
framework used for simulations in this study, along with the details of the network used and
the preparation of demand inputs, along with the estimation of time‐dependent origin‐
destination trip matrices. As an existing calibrated network was augmented with additional
areas for this study, a new scheme was developed that does not substantially change the
demand inputs into the exiting portion of the network while the demand tables are estimated
for the calibration of the newly added areas, thus improving the efficiency of simulation model
preparation.

3.1. Data
The San Pedro Bay Ports (SPBP) are essential to the regional and the national economy. For
example, in 2004 these two ports processed over 36% of all U.S. container trade (Haveman,
Jennings and Shatz, 2006). However, the SPBP complex is also a major source of air pollution.
Freight routes providing access to the SPBP comprise a major rail‐line, the Alameda Corridor,
which lies between the I‐110 and I‐710 freeways, which both carry thousands of trucks per day.
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My study area is located in Los Angeles County, California as shown on Figure 3‐1. A previous
study at ITS UCI (see Lee et al., 2012; Soyoung et al., 2010) provided a starting network for this
research. This starting network was extended to include arterials on the west side of the I‐110
freeway, on the east side of the I‐710 freeway, and some new SR‐91 and I‐405 segments. That
network was developed for studying the Clean truck program in southern California and
required network augmentation for the purposes of this study. For instance, the I‐405 freeway
needed to be extended, as literature showed the importance of trucks on I‐405 near SPBP
(Giuliano and O’Brien, 2007). New arterials needed to be added as literature showed the
importance of trucks volumes near sensitive areas such as schools, residences and open field
parks (Houston et al. 2008).
My starting network had 289.2 miles of freeways and 140.7 miles of arterials. I
expanded this network to 314.4 miles of freeways and 281 miles of arterials by adding parts of
the I‐405 as well as a number of arterial segments west of the I‐110, north of the S‐91, and east
of the I‐710. The augmented areas can also be seen later in the chapter in Figure 3‐9, which
illustrates that these were 5 separate sub‐networks added to the starting network, with no
connections among them except through the existing network.
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Figure 3‐1 Study Area

Traffic Signal Control Data ‐ AADT data and Traffic signal control data were obtained from
traffic engineers working in the following cities: Carson, Lomita, Long Beach, Los Angeles,
Lynwood, Rancho Palos Verdes, Rolling Hills Estates, and Torrance in the study area and Los
Angeles County. Based on information provided by local traffic engineers and knowledge of
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study area, actuated traffic signal systems were modeled for most of the newly added arterials.
For signalized intersections where traffic signal data could not be obtained, traffic signal control
parameters were assumed to be similar to that of neighboring locations. Moreover, traffic
signal control parameters for intersection on Artesia Boulevard and some other major
intersections were manually adjusted to smooth traffic patterns during simulation. At
intersections with no traffic signal, stop signs or yield signs were installed based on detailed
inspection using street views on Google Maps and Google Earth.

Detector Location ‐ Geographic location data (latitude and longitude) for each loop detector in
the study area was collected from the Caltrans Freeway Performance Measurement System
(PeMS). From this data a detector location GIS layer was developed to help correctly code
detector location in the study area simulation network.

Ramp Metering ‐ Ramp metering controls were located based on detailed inspection using
street views on Google Earth and then correctly coded ramp metering location in the study area
simulation network. Since detailed information about freeway ramp metering is not available,
freeway ramp meters were set to release up to one vehicle per lane every two seconds i.e.
1800 vehicles per hour per lane.

Traffic Count Data – Since performing iterative dynamic origin‐destination demand estimations
and calibrating network supply characteristics is very time consuming, simulating traffic for
multiple days was not attempted. As in (Lee et al., 2012), March 9, 2005 (Wednesday) was
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selected as a typical weekday. Freeway loop detector traffic count data was collected from
PeMS database, which is maintained by Caltrans. Sometimes loop detectors fail to register
counts so the count data was processed to remove detectors that do not have any data. Then
5‐minute counts were aggregated to 15‐minute counts for 24 hours and then simple flow
conservation was applied to data wherever applicable. Unfortunately, traffic count data for the
southern‐most section of I‐710, which extends from Port of Long Beach to I‐405 and I‐710
interchange, is not available. For this particular section, AADT data provided by Caltrans was
utilized as a proxy for traffic count data.
For OD estimation process traffic count data for 354 detectors was processed, and
prepared. The details regarding mainline, ramp and arterial detectors are shown in Table 3‐1.

Table 3‐1 Details of Coded Detectors in Simulation Network
Number of Detectors

Location in Network

Traffic Count Data Source

147

Mainline

PeMS

86

Ramp

PeMS

121

Arterial

AADT (from various Cities)

Since automated traffic count data are not available for arterials, bi‐directional traffic count
data (AADT) provided by the Los Angeles Department of Transportation, local traffic engineers,
and data from a study conducted by the Ports of Los Angeles and Long Beach were combined. A
portion of the data included counts based on intersection movements: through, left turn, and
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right turn. For intersections without such data, turning flow fractions similar to those of
neighboring locations were assumed. Since AADT and traffic count data is bi‐directional, it is
important to know directional AADT and traffic count data for OD estimation process. To
estimate directional AADT, a simple approach was used. Simple traffic assignment was run on
study area planning model (SCAG) using TransCAD 5.0 to find the total traffic for each direction.
Using a proportion based on the directional traffic count outputs from the assignment, it is
straightforward to find directional AADT. The simple approach is illustrated in the example
below:

Example – Consider “Example Avenue” with bi‐directional AADT = 12000. In the planning model
(see Figure 3‐2), the link corresponding to “Example Avenue” is link AB (bi‐directional). After
running a simple traffic assignment, total directional traffic output is trips from A to B = 6000,
and trips from B to A = 4000, i.e. 60% of trips move from A to B and 40% of trips move from B to
A. Now AADT for Example Avenue can be split as:
Example Avenue East Bound AADT = 12000 x 60% = 7200
Example Avenue West Bound AADT = 12000 x 40% = 4800

Figure 3‐2 AADT Split Illustration
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Traffic Count Profile for OD Estimation
Planning model demand data is available for 4 different time periods. AM peak, Mid‐day, PM
peak and Night‐time encompassing 24 hours. These periods are divided into 15‐miinute
intervals for simulation. AM peak (6 am to 9 am = 3 hours) includes 12 fifteen minute periods,
Mid‐day (9 am to 3 pm = 6 hours) includes 24 fifteen minute periods, PM peak (3 pm to 7 pm =
4 hours) includes 16 fifteen minute periods and Night‐time (7 pm to 6 am = 11 hours) includes
44 fifteen‐minute periods.. All these periods sum up to a total of 96 fifteen‐minute time periods
for simulation. Using the planning model and running the assignment for 4 different time‐of‐
day periods provides link count for 4 different periods. Let us consider the east bound trips
AADT distribution for the example stated previously.
A to B trips during AM peak = 2000
A to B trips during Mid‐day = 1000
A to B trips during PM peak = 2000
A to B trips during Night‐time= 1000
Total 24 hour A to B trips = 6000
AM Night‐Time (From midnight to 6 am): Now for i = 1 to 24, AADTi = 7200*((1000/6000)/44)
AM Peak: Now for i = 25 to 36, AADTi = 7200*((2000/6000)/12)
Mid‐day: Now for i = 36 to 60, AADTi = 7200*((1000/6000)/24)
PM peak: Now for i = 61 to 76, AADTi = 7200*((2000/6000)/16)
PM Night‐time: Now for i = 77 to 96, AADTi = 7200*((1000/6000)/44)
The first two periods are warm up periods and are not used in OD estimation so after removing
the data for first two time periods, we get traffic counts for 94 time periods.
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Thus we get a step shaped traffic count profile to be used in OD estimation process, an example
of traffic count profile is shown in Figure 3‐3.

Figure 3‐3 Traffic Count Profile

Table 3‐2 SCAG Planning Model Vehicle Type
SCAG Vehicle Type
1
2
3
4
5
6
7
8
9
10

Description
PC (Passenger Car – Single occupancy)
HOV 2+ (High Occupancy PC)
HOV 3+ (Very High Occupancy PC)
LDT (Light Duty Truck)
MDT (Medium Duty Truck)
HDT (Heavy Duty Truck)
Port PC (Port related Passenger Car)
Bobtail: Truck tractor units only without trailer (Port HDT)
Chassis: Truck tractor units with trailer, not container units (Port HDT)
Container: Tractor trailer with chassis and container units (Port HDT)
33

3.1.1. Microscopic Traffic Simulator
For this study, we used TransModeler 3.0, a microscopic traffic simulator, developed by Caliper
Corporation. TransModeler offers a number of advantages over other microscopic traffic
simulators. First, it is versatile: it can simulate a wide range of road types, from freeways to
local roads, and it can evaluate traffic flow dynamics while accounting for traffic signals and ITS
operations. Second, TransModeler works seamlessly with TransCAD and with Geographic
Information System (GIS) data, both for inputting network information and for visualizing
results. Third, it generates vehicle trajectory data that are easy to process link by link to
estimate emissions of various pollutants. Fourth, using TransModeler allowed us to build on our
previous work (Lee et al., 2012 and Soyoung et al., 2010). Vehicles including motorcycles,
bicycles, buses, articulated transit buses and trains TransModeler models 4 other classes of
vehicles shown in Table 3‐3. These 4 classes of vehicles were used in simulation. To prepare
initial seed demand for OD estimation process (particularly Proportion method) SCAG demands
for vehicle type 1 and 7 were combined for TransModeler’s PC demand, vehicle type 2 and 3
combined for PC (HOV) demand, vehicle type 4 was used for PU demand, vehicle type 5 for ST
demand, vehicle type 6 for TT demand, vehicle type 8, 9, and 10 were combined for TT (Port)
demand, i.e. a total of 6 demands in seed or initial OD matrices.
Table 3‐3 TransModeler Vehicle Class Description
Class Name
PC
PU
ST
TT

Description
Passenger cars
Pickup trucks, vans, and SUVs
Single‐unit trucks
Trailer trucks
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3.2. OD Analysis
Microscopic traffic simulation requires origin and destination demand inputs for traffic
generation, along with a simulation database containing network traffic system details on the
supply side (e.g. traffic signal parameters, speed limits, roadway geometric configurations,
sensor information, etc.). To replicate realistic traffic conditions in a simulation it is imperative
to have well‐estimated origin and destination (OD) matrices.
In the traditional approach for calibrating or estimating OD demand in planning, a
license plate matching survey is used. In this approach license plate numbers of all vehicles
passing points defined by researchers are matched to prepare OD demand. However, this
process is costly, labor intensive and time‐consuming (Lee, 2011). Another approach used for
estimating OD demand in larger networks involves mathematical formulations using initial OD
demands, which minimize the differences between observed and estimated vehicle counts. This
approach is comparatively efficient and cheap for static planning model applications, as
accurate traffic count data and speed measures can be collected from loop detectors. Though
this scheme involves considerable complications while used for simulation data preparation, it
is necessary for the kind of inputs needed in simulation and thus was adopted in this
dissertation. Figure 3‐4 shows the frame work for OD estimation process that I used.
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Figure 3‐4 OD Estimation Process

In microscopic traffic simulation analyses, estimating origin and destination matrices is a
very time consuming and data intensive process.

The next section describes the basic

theoretical foundations of the O‐D estimation process, especially when time‐dependent
variations of demand over smaller intervals (15‐minutes in this study) are to be estimated. To
avoid extensive effort in re‐estimating the matrices for an existing area for which matrices are
already estimated once, an incremental procedure is developed in the subsequent section. This
procedure for obtaining the origin‐destination matrix of an extended network based on the
origin‐destination matrix on a starting network, and the developed procedure is illustrated on a
large network constructed to model traffic in the area between the San Pedro Bay Ports (the
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combined Ports of Los Angeles and Long Beach) and downtown Los Angeles. This new scheme
should be useful to traffic microscopic traffic simulation modelers and practitioners.

3.2.1. Time‐dependent Origin‐Destination Matrix Extimation
The dynamic algorithm described by Choi et al. (2009) is used for O‐D estimation because,
unlike static O‐D estimation, this approach is able to capture time‐dependent traffic patterns
and thus generate more realistic congestion dynamics during simulation, which is important for
correctly estimating vehicular emissions. This algorithm relies on a path‐flow approach and
iterative simulations that start with a seed O‐D table.
The O‐D estimation step is the most time‐consuming aspect of developing simulation
models that yield realistic traffic conditions for emission predictions, and it is hoped that future
research in related topics would also proceed with an appreciation of what this step involves.
The optimization process adjusts the O‐D matrix after each simulation run using a quadratic
objective function that compares simulated and observed traffic counts. It can be written as:
(3‐1)
∈

where

∈

is the link traffic count (total number of vehicles) arriving at link

during time

interval

(i.e. 15 minute interval here), in a network with set of arcs A, over a set of time

steps .

is obtained from the simulation. Similarly the total number of vehicles that

needs to arrive at the link is found from observed data as

. The simulated

is the

result of traffic from different origins departing over different time periods to different
37

destinations and traveling over different paths before arriving at the link and it is defined by:
.
∈

In the above equation,
destination using path ; and

∈

,

,

∈

is the OD traffic flow from origin at departure interval
,

,

at arrival interval

to

is the assignment map, which consists of time‐

dependent link arrival patterns of OD flows from origin at departure interval
destination

(3‐2)

, to

, using path . Thus these flows can be mathematically

specified as the summation of time dependent OD flows from various origins via a set of paths
as found in the simulation. Finding these paths in turn requires outputting vehicle trajectory
files during simulation.
The optimization then proceeds by finding a gradient of the above objective function in
terms of link counts, which can be specified in terms of the path flows with appropriate
equations as in Choi et al., (2009). The gradients of the quadratic objective function are then
essentially in terms of the difference between the observed and simulated counts,
. For each path flow, the gradient used for the update of flow to the next iteration is
then a sum of these count differences on the links along the path. A step size is also calculated
for the flow update in the gradient direction, the details of which can be found in Choi et al.,
(2009). Once the path flows are updated, the sum of them for each OD pair for each departure
time step is the updated OD count for that time step. The process continues with successive
simulations and OD adjustments and convergence is established in terms of the required
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specifications for link‐level matches in terms of the GEH statistics described in the results
section.
Dynamic O‐D estimation was a key step in this study, even though its application to a
large‐scale transportation network is time‐consuming and rarely attempted in a theoretically
sound fashion. Indeed, to our knowledge, this project had among the largest truly dynamic O‐D
trip tables ever estimated for an urban area simulation, which included 96 time periods of 15
minutes each for 449 zones over 24 hours, with a total demand of nearly 3.7 million vehicles.
Each simulation run of this network over the 24 hour period, along with the associated OD flow
update step following the processing of the vehicle trajectory files, took nearly a day. Thus
completing the OD estimation in a reasonable number of iterations is very important here.

3.2.2. Fraction Method
To achieve convergence in a timely fashion, we did not start the O‐D estimation process from
scratch for the entire network. Instead, we developed a method that expands O‐D matrices
from a smaller network embedded in the current network, for which OD estimation was done
in earlier studies at UC Irvine. As the starting network was well‐calibrated, the focus was in
developing OD patterns that match the traffic in the new areas added to the network. The
method fixes the already‐converged OD matrix for the interior smaller portion of the network
that yields acceptable traffic patterns in that portion and adjusts the OD flows affecting the
newly added portion. To my knowledge, such a method has not been applied for dynamic OD
estimation in past research.
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To implement this new incremental OD estimation method, I used TransCAD’s ability to
perform select link analyses, which for any selected link indicates how many vehicles on that
link are traveling between any origin‐destination pair (in the set of O‐D pairs feeding vehicles to
that link).. Using this information, the fraction of trips from a set of origins to a set of
destinations was computed and these fractions were applied to the already estimated interior
network O‐D matrices in order to generate initial O‐D matrices for the extended network. AM,
mid‐day, and PM O‐D travel demands in the smaller network were then used in the fraction
methodology to develop initial O‐D matrices for the extended network while night‐time trip
matrices were separately estimated from the fraction method since there was no information
about night‐time trip in our smaller network. This fraction approach for incremental estimation
was found to help prevent excessive iterations during the dynamic O‐D estimation procedure.
In our case, convergence was deemed satisfactory by the 19th iteration. Note that based on our
experience, such larger networks may typically require over 50 iterations for convergence using
theoretically appealing O‐D estimation processes.
The methodology developed in this section develops extended seed origin‐destination
(OD) matrices for vehicular microscopic traffic simulation by building on an already‐estimated
OD matrix for a starting network in order to reduce the amount of time spent on OD estimation
for an extended network. The process is explained in detail in the sub‐sections below.
The main objective of this section is to illustrate how to generate the seed OD matrices
for and extended network based on already estimated OD matrices for different types of
network extensions.

40

3.2.2.1. Preliminaries
To illustrate our approach, let us consider a starting network with 25 nodes and 12 centroids
(all centroids are nodes) as shown on Figure 3‐5. We assume that we already estimated OD
matrices for this network for four consecutive time intervals t = {1, 2, 3, 4} of 15 minutes each
(the duration of these intervals is not critical in this example) for one vehicle type, which is
assumed to be a passenger car without loss of generality. Now suppose that the starting
network is extended by adding new links and deleting some of the centroids as shown on Figure
3‐6. Instead of starting the origin and destination (OD) estimation process from scratch for this
extended network, which is typically very time consuming, I develop instead a method to create
seed OD matrices for the extended network that builds on the already estimated OD trip
matrices for each time period for the starting network. For simplicity, we assume that centroid
numbering in the planning model matches centroid numbering in the simulation model.
To detail my methodology, which requires distinguishing between nodes and centroids
in the starting and extended networks, let us define a node as a point joining two or more links
or a starting or ending point of a link in a transportation network. A centroid is defined as a
node where trips begin or terminate. In the starting and extended networks centroids are
physical nodes and therefore subset of nodes.
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Note: Centroids are blue square boxes and nodes (excluding centroids) are blue dots, and the
values in square brackets denote link ID.
Figure 3‐5 Starting Network

To illustrate this methodology, let NS = {1,…,25} and CS= {1,…,23,25} respectively
designate the nodes and the centroids (a subset of the nodes) in the starting network.
Moreover, let IS = {11,…,24} denote the set of internal nodes in the starting network. By
construction, centroids and internal nodes form a partition of NS (

∖ ) and the number

of different origins (and destinations) in the OD matrix for the starting network is the number of
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elements in the set of centroids, which here equals 12. Thus, the OD matrix in the starting
network is of size 12 x 12.
When the starting network is extended, some nodes are added and other nodes, which
were at the end of a link and find themselves on links in the extended network, are deleted. Let
NE = {1,...,42} denote the set of all nodes (including deleted nodes) in our extended network
and let DE designate the set of deleted nodes in the extended network. Here, DE = {2, 3, 4, 7, 8,
9}. If AE denotes the set of all actual nodes (i.e. excluding deleted nodes) in the extended
∪

network, then

∖

and

.

Let IE denote the set of all internal nodes (including internal nodes from the starting
network) in the extended network, and let
here,

denote the set of newly added internal nodes;

={37, 38, 39, 40, 41, 42}. Clearly, since our extended network just adds to our

starting network, IE is the union of the set of internal nodes in the starting network (IS) and of
the set of new internal nodes (
Let

):

∪

.

denote the set of centroids in the extended network, which can be obtained by

removing internal nodes from all nodes, as well as deleted centroids in the extended network,
so that

∖

\

; here

1, 5, 6, 10, 23,25

the extended network is the number of elements in

36 . The size of the OD matrix for

, which equals 17 here. Thus the size of

the extended OD matrix is 17 x 17. To find common centroids, let
common centroids in the starting and extended networks
10, 23, 25}.
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⋂

⋂

⋂

denote the set of

; here

⋂

= {1, 5, 6,

Note: Centroids are red square boxes denote deleted centroids. Newly added centroids are
green square boxes and newly added nodes (excluding centroids) are green dots.
Figure 3‐6 Extended Network

Moreover, let

denote the set of newly added centroids in the starting network, i.e.

common area of both the starting and extended networks; here
Let

′

∖

= {36}.

, be the set of all centroids in the extended network except newly

added centroid in the common area, so that

′

= {1,5,6,10,23,25,26‐35}. Moreover, let

denote the set of newly added centroids in the extended network, excluding newly added
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centroids in the common area as well as common centroids in both starting and extended
networks, so

is given by

∖

∖

⋂

′

∖

⋂

, which equals

= {26‐35} here.
In the example here, the two sub‐networks added to the left and right sides of the
starting network are called “west area” and “east area” networks, respectively, for ease of
understanding. In a general case, network areas may be added to various sides of the network,
and the notations in this section would need to be modified accordingly. However, as the
explanations here are specifically for this example and only two areas are added, a simple
naming convention is better for the reader. Note, however that the areas do not have any
direct connections to each other. That is, there is no path connecting a node in one added sub‐
network to a node in the other added sub‐network, which does not traverse at least one node
in the starting network that is retained in the extended network. The example describes the
process in terms of only two such areas being added to a network. To apply the following
scheme to a general network case, the added network areas can be divided in non‐contiguous
areas and pairs of sub‐networks can be considered at a time, just as in the example here. In
other words, there is no loss of generality in using the concepts in the simpler example to a
general network augmentation scheme, though admittedly, certain practical application issues
may arise in general networks. These considered beyond the scope of the research in this study
at this time, but certain pointers are provided inn section 3.2.3.
Let hW denote the set of newly added centroids in the west area enclosed by the green
rectangle and hE denote the set of newly added centroids in the east area enclosed by the
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orange rectangle. hW={31, 32, 32, 34, 35} and hE {26, 27, 28, 29, 30}. hW and hE are non‐
overlapping subsets of set h such that

∪

.

Now from the planning model for the extended network we need to match link ID’s to
the deleted centroids. Let

,

define a set of ordered pairs of nodes, which inn the

example is the set {(2, 102), (3, 103), (4, 104), (7, 107), (8, 108), (9, 109)}. Since there are no two
pairs with the same first component the set
,

of the function
function

,

is

is

,

is a function (i.e., a mapping). The domain

2, 3, 4, 7, 8, 9 , i.e. a set of deleted centroids. Range of the

= {102, 103, 104, 107, 108, 109}, i.e., a set of links were deleted

centroids were located. The set of ordered pairs

,

shows a mapping between the

deleted centroids and set of links that included deleted centroids.
Five cases need to be considered in order to generate the seed OD matrix for the extended
network:
1. Trips from new centroids (O’s) to common centroids (D’s) via deleted centroids
(Inbound)
2. Trips from common centroids (O’s) to new centroids (D’s) via deleted centroids
(Outbound)
3. Trips from new centroids(O’s) to new centroids (D’s) via deleted centroids
4. Trips from new centroids (O’s) to new centroids (D’s)

without crossing deleted

centroids
5. Trips from new centroids (O’s) in Common area to all centroids (D’s)
Let us now explain briefly how to generate the OD matrix for the extended network for
all of these cases. Figure 3‐7 gives an overview of the changes needed in an extended OD matrix.
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Figure 3‐7 Overview of Changes needed in an Extended OD Matrix
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3.2.2.2. New Centroids to Common Centroids via Deleted Centroids (Inbound)
In this case we are trying to find trips from new centroids

= {26‐35} to common centroids
102, 103, 104, 107, 108, 109

= {1, 5, 6, 10, 23, 25} that pass inbound through links

⋂

where deleted centroids

= {2, 3, 4, 7, 8, 9} were located by utilizing trips from the starting

network OD matrix. The first step is to perform a “select link analysis” in the planning model for
the extended network to get how many trips are inbound from
link set

to

⋂

passing through

in order to compute the following fraction:
∑

(3‐3)

where:


is the fraction of trips from newly added centroid  {26‐35} to common centroid
 {1, 5, 6, 10, 23, 25} passing inbound through link

 {102, 103, 104, 107, 108, 109};

and


are select link analysis trips from newly added centroid  {26‐35} to common
centroid  {1, 5, 6, 10, 23, 25} passing inbound through link

 {102, 103, 104, 107,

108, 109}.
After calculating fractions we split the estimated trips

from deleted centroids

=

{2, 3, 4, 7, 8, 9} to common centroids  {1, 5, 6, 10, 23, 25}, where t denote one of 4 time
periods (t  {1, 2, 3, 4}) and

,

,
∑

, we calculate the demands:
,

,
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∗

(3‐4)

where:


= Trips from newly added centroid  {26‐35} to common centroid  {1, 5, 6, 10,
23, 25} for time period t; and
,



is the number of trips found from the planning model assignment from deleted

centroids

= {2, 3, 4, 7, 8, 9} to common centroids  {1, 5, 6, 10, 23, 25}, where t

denotes one of 4 time periods (t  {1, 2, 3, 4}) for this example, and
,

, is the ordered pair mapping set such that

ordered set

,

,

,

pairs are chosen from the

.

For example, consider trips from new centroids {31‐35} to common centroid {10}
passing inbound through links {107, 108, 109} where deleted centroids {7, 8, 9} were located.
After performing a select link analysis we compute fractions as follows (for  {31‐35} and



{107, 108, 109}; l{107‐109}):
,

∑

,

(3‐5)

,

We can now calculate trips from a new centroid {31} to a common centroid {10} for time period
t = 1 as:
,

∑

,

,
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,

∗

,

(3‐6)

3.2.2.3. Common Origins to New Destinations via Deleted Centroids (Outbound)
In this case we are trying to find trips from common centroids

⋂

102, 103, 104, 107, 108, 109

= {26‐35} passing outbound through links

centroids

where deleted centroids

= {1, 5, 6, 10, 23, 25} to new

= {2, 3, 4, 7, 8, 9} were located by utilizing trips from already

estimated OD matrix. The first step is again to perform a “select link analysis” using the
planning model for the extended network to find how many trips are outbound from
passing through link set

⋂

to

, then to compute fractions as stated below:
∑

(3‐6)

where:


is the fraction of trips from common centroid  {1, 5, 6, 10, 23, 25} to newly added
centroid  {26‐35} passing outbound through link

 {102, 103, 104, 107, 108, 109};

and


are select link analysis trips from common centroid  {1, 5, 6, 10, 23, 25} to newly
added centroid  {26‐35} passing outbound through link

 {102, 103, 104, 107, 108,

109}.

After calculating fractions we split the estimated trips
{1, 5, 6, 10, 23, 25} to deleted centroids
time periods (t  {1, 2, 3, 4}) and

,

= {2, 3, 4, 7, 8, 9}, where t denote one of 4
,

50

from common centroids 

, we calculate the demands:

∑

,

,

(3‐7)

∗

For example, consider the trips from the set of common centroid {10} to the newly
added centroids {31‐35} that pass outbound through links {107, 108, 109} where the deleted
centroids {7, 8, 9} were located. After performing a select link analysis, we can compute the
proportions as follows, (for  {31‐35} and

 {107, 108, 109}; l{107‐109}):

,

∑

,

(3‐8)

,

We can now calculate trips from a common centroid {10} to a new centroid {31} for time period
t = 1 as:
,

∑

,

,

,

∗

,

(3‐9)

3.2.2.4. Trips from New Centroids to New Centroids via Deleted Centroids (Inbound‐Outbound
Combination)
In this case we are trying to find trips from new centroids in the set hE to new centroids in hW
passing through link set io, and similarly trips from new centroids in set hW to new centroids in
hE passing through link set io, by using trip information from an already estimated OD matrix in
the starting network.
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The set of inbound and outbound links, denoted by io can be defined from l {102‐104,
107‐109} by the Cartesian product

from which pairs with identical origins and

destinations are removed (so io has k2‐k elements).
Now let lW {107, 108, 109} be the set of links in the west area of the extended network
and lE {102, 103, 104} be the set of links in the east area of extended network. ioWE is our set
of inbound‐links for our inbound‐outbound combination of links starting from the western
extension of the network and ending in its eastern extension. Likewise, ioEW denotes the set of
inbound‐outbound combination of links with origins in the eastern network extension and
destinations in the western network extension. Note that

and

are subsets of the set

.
Now the first step is to perform “select link analysis” on the planning model for the
extended network to get how many trips are going from new centroids in set hW to new
centroids in hE passing through link set ioWE (similarly for trips from new centroids in set hE to
new centroids in hW passing through link set ioEW) then to compute fractions as stated below:
,

,

∑ ∑

,

(3‐9)

where:


,

is the fraction of trips from the new western centroids in hW to the new

eastern centroids in hE passing through inbound‐outbound link set ioWE;


,

is the number of trips (from select link analysis) from western new centroids

in hW to eastern new centroids in hE that pass through inbound‐outbound link set ioWE;
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The fraction of trips from new centroids in hE to new centroids in hW passing through
link set ioEW is given by:
,

,

,

∑ ∑

(3‐10)

where:
,



is the fraction of trips from the new eastern centroids in hE to the new

western centroids in hW passing through inbound‐outbound link set ioEW;
,



is the number of trips (from select link analysis) from eastern new centroids

in hE to western new centroids in hW that pass through inbound‐outbound link set ioEW;

After calculating the fractions we split the estimated trips

,

,

between deleted centroids

d = {2, 3, 4, 7, 8, 9}, where r and v span elements of d, and t denotes one of the 4 time periods
in the example, by using calculated fractions.
Now let  {7, 8, 9} denote the set of deleted centroids in the western extension of the
 {2, 3, 4} denote the set of deleted centroids in its eastern extension. Let us

network and
define

,

as a one to one mapping between the deleted centroids, with

referring to the centroids from where traffic arrives at a west side entry link,
referring to the centroids to which there is traffic from an exit link,

, and

. Now the west to east

demands can be found for any OD pair in the extended network using:
,

∑ ∑

,

,
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∗

,
,

(3‐11)

The east to west demands can be similarly found using:
,

∑ ∑

,

,

∗

,
,

(3‐12)

3.2.2.5. Trips from New Centroids to New Centroids without crossing Deleted Centroids
In this case we find trips between new centroids in set hE, as well as trips between new
centroids in set hW without crossing deleted centroids, using trips from planning model.
The first step is to get Time‐Proportion Profile for all the trips in the starting network
using the already estimated OD matrix.
/ ∑ ∑ ∑
where

(3‐13)

= trips between centroids in set cS, i = j =1, 2, 3, …, number of elements in set cS, and

t {1, 2, 3, 4}, an example of Time‐Fraction Profile is shown in Figure 3‐8.

Figure 3‐8 Time‐Fraction Profile
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I then applied the Time‐Fraction profile to planning model trips between new centroids
in set hW, as well as to trips between new centroids in set hE in the enclosed areas shown Figure
3‐6.
The Time‐Proportion profile is applied to planning model trips are shown by the
following equation:
∗

(3‐14)

is planning model trips: (1) Between centroids in set hW, i = j =1, 2, 3, …, number of

where

elements in set hW; (2) Between centroids in set hE, i = j = 1, 2, 3, …, number of elements in set
h E.

3.2.2.6. Trips from New Centroids in Common Area (in Starting and Extended Networks) to all
Centroids
In this case we are trying to find trips from new centroids in the common area

= {36} to all

centroids in the extended network except newly added centroid in the common area, i.e.
∖

, so that

′

= {1,5,6,10,23,25,26‐35} and similarly from

′

to

′

by utilizing

trips from planning model OD matrix.
The first step is to get Time‐Proportion Profile for all the trips in the starting network
using the already estimated OD matrix.
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/ ∑ ∑ ∑
where

(3‐14)

= trips between centroids in set cS, i = j =1, 2, 3, …, number of elements in set cS, and

t {1, 2, 3, 4}, an example of Time‐Fraction Profile is shown in Figure 3‐8.
I then apply the Time‐Proportion profile to planning model trips as shown in the
following equation:
∗

where

is planning model trips: (1) from

to

(3‐15)

′

; (2) from

′

to

.

3.2.3. Special Cases
In section 3.2.2 I presented a methodology to calculate trips from new centroids (O’s) to new
centroids (D’s) via deleted centroids based on already estimated OD matrices. Here I solved an
example with two disparate sub‐networks being added, one on the east side and one on the
west side. In reality, however, there can be many disparate sub‐networks added to augment an
existing network. The approach to calculate trips from new centroids in one disparate graph to
new centroids in other disparate sub‐networks remains the same as discussed in section 3.2.2,
provided that there is no direct connection between the respective disparate sub‐networks.
Now, a special case arises when there is a direct connection between two sub‐networks.
Consider my abstract network Figure 3‐6, let us assume that there is a direct connection
between west sub‐network and east sub‐network. Let

be a fraction for indirect trips from

all origins in one disparate sub‐network to all destinations in other disparate sub‐network
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passing through links where deleted nodes were located and

be a fraction for direct trips

from all origins in one disparate sub‐network to all destinations in other disparate sub‐network
passing through the direct connection between the respective sub‐networks, thus
1

(3‐16)

These are fractions to be set using the analyst’s judgment of the study area. For my
abstract network, Figure 3‐6, it can be seen that

1 and

0 because there is no

direct connection between west sub‐network and east sub‐network.
It is possible the using just an analyst’s judgment is not sufficient to determine an
appropriate

. In this case, an Incremental Area Addition scheme can be developed as

follows. Two or more areas without direct connections can be selected at a time, and OD
estimation can be done using seed matrices developed with the methodology discussed earlier.
As these areas do not have direct connections we can assume correctly that

1 and

0 for all OD pairs. Once OD estimation is done, the new network becomes the base
network, and additional areas that do not have direct connections can be selected, to add and
repeat the OD estimation process.. The scheme is still expected to yield significant benefits in
speeding up the OD estimation process, but a thorough examination of such schemes were
considered beyond the scope of this research.

3.2.4. Case Study
The methodology developed above was applied to my study area network, which is shown on
the right side of Figure 3‐9. This network was extended from a network from a previous
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research study, which is shown on the left side of Figure 3‐9. Additions are enclosed in red
rectangles and form five separate sub‐networks. All of my microscopic traffic simulation work
was performed using TransModeler.
For testing the methodology presented in this section I chose to simulate one hour
during the morning peak period (7:30 AM to 8:30 AM) of March 9, 2005 because that particular
day was extensively studied for another project and found to be suitable for the purposes here,
due to there being no accident‐induced congestion in the network. I proceeded in several steps.
First, based on my larger study area network, sub‐areas were extracted from the
Southern California Association of Governments (SCAG) 2030 planning model, before
performing a select link analysis on the extracted planning network. As discussed above, this
enabled the computation of fractions that were applied to the four (15 minute) starting
network OD matrices to generate four (15 minute) extended network seed OD matrices.
Second, traffic count loop data for my study area were collected from the Freeway
Performance Measurement System (PeMS) from 7:30 AM to 8:30 AM for March 9, 2005. Then a
path based OD estimation algorithm in Choi et al., (2009) was applied to the extended network
seed OD matrices for OD estimation.
As argued in Lee et al. (2012), for emission studies focus should be on simulating
representative levels of congestion with transient queue formation, dissipation, and stop‐and‐
go conditions over an entire network. Following current accepted practice, as recommended by
the FHWA (Dowling, Skabardonis and Alexiadis, 2004), we relied on the Geoffrey E. Havers (GEH)
statistic to assess simulation results. The GEH statistic is a modified Chi‐squared statistic that
considers differences between observed and simulated traffic counts. It is defined by:
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(3‐17)
0.5
where

and

respectively represent observed and simulated traffic flows, both in vehicles

per hour, for each simulated link. Table 3‐4 shows GEH criteria definition for goodness of fit of a
simulation model.
Table 3‐4 GEH Criteria Definition
GEH
< 5.0
5.0 – 10.0
> 10.0

Match between Simulated and Observed hourly traffic volumes
Good match
Investigation needed
High probability: Problem with data or demand model

The GEH statistic not non‐dimensional, and thus the recommended criteria of fitness are
specifically for one‐hour periods. It can however be used for smaller periods, by using the one‐
hour equivalent flows corresponding to the smaller period flow. It is also interesting to note
that for 15‐minute periods, the recommended criteria (typically a GEH value less than 5 or 10)
can be relaxed, though this has not been studied much in the literature.
To compare the performance of the methodology summarized above with a standard
approach that would start the simulation run using seed OD matrices for the extended network
developed using Fraction method as follows, first I ran a simulation using the generated seed
OD matrices for the extended network from 6:30 AM to 9:00 AM after allowing for a 30
minutes loading period and calculated

(where i = iteration number) statistic

for the 163 common and 191 new loop detectors, then using the demand input and path
information output from my first extended network simulation run as an input for the path
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based OD estimation algorithm I performed first iteration of OD estimation. The updated
demand output of algorithm provided updated OD demand for next simulation run. I ran
simulation again and calculated

. I performed this process for 10 iterations.

Next I ran simulation on extended network using 25% reduced OD demand (static 15
minute OD matrices) from the extracted sub‐area from SCAG 2030 planning model from 6:30
am to 9:00 am after allowing for a 30 minutes loading period and calculated

(where i

= iteration number) statistic for the 163 common and 191 new loop detectors, then using the
demand input and path information output from my first extended network simulation run as
an input for the path based OD estimation algorithm we performed first iteration of OD
estimation. The updated demand output of algorithm provided updated OD demand for next
simulation run. I ran simulation again and calculated
iterations.
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. I performed this process for 10

Figure 3‐9 Case Study Networks (Left: Starting Network & Right: Extended Network)

3.2.5. Network Calibration
Calibration in simulation studies is the set of activities performed on the supply side of the
model to bring it as close to reality as possible, while O‐D estimation focuses on the demand
side. Often calibration is also done during the O‐D estimation iterations, as poor specification
of the signs, signals, ramps, and geometry of links and lanes are often noticed only in congested
traffic conditions that may arise as the iterations proceed, adjusting the OD matrices. In this
study, however, the calibration activities required were not extensive, as a large portion of the
network had been calibrated in earlier studies.
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In preparatory simulations and during iterations of the O‐D estimation algorithm, some
signal timing parameters (e.g., changes in green times) were also adjusted in order to prevent
unrealistic vehicle queues from developing.
To further assess the match between simulation results and actual freeway traffic,
average speeds from simulation and observed speeds from PeMS were compared at different
times and for a range of freeway links. Moreover, simulated average speeds on arterial roads
were sampled at various locations to ensure that their magnitude was plausible.
During the traffic simulation part of iterative OD estimation process, certain unrealistic
vehicle behavior was observed. These were mostly corrected by changing local parameters for
car‐following model, such as the distribution of critical distance and look‐ahead distance in the
lane changing model, and lane use sign specifications. Minor adjustments to signal timing
parameters were also done for traffic signals which were causing unnecessary congestion and
unexpected vehicle queues on freeways and ramps.

3.2.6. Results Related to OD Estimation
In this section, I provide results on two aspects. First, some preliminary results are
provided to show the efficacy of the Fraction method described earlier to essentially preserve
the inputs into portion of the network that had already underwent O‐D estimation. This is
followed by the results showing the improvements in the GEH measure as the O‐D estimation
goes through the iterations.
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3.2.6.1. Fraction Method Results
In the Figure 3‐10 the results of 10 iterations of OD estimation algorithm shows that network
augmentation schemes performs better than performing OD estimation from scratch using a
planning model seed matrix of the total area. Almost 50% of the detectors in the augmented
network have GEH statistic less than 10 whereas only around 30% of the detectors had GEH less
than 10 when OD estimation was performed from scratch. Over the 10 iterations for both
augmented scheme and OD estimation from scratch, the rate of improvement seems constant,
one reason is that I ran just 10 iterations, without supply side calibrations and other
adjustments needed for better GEH results. The results are thus specifically to show how much
better the network augmentation scheme performs and that the improvement obtained in the
first iteration itself in matching the traffic flows, does not disappear over the iterations. Also
note that such an improvement of nearly 20% more links being matched would normally be
achieved only in several dozens of iterations. For a large network of the kind studied here with
24‐hour simulation periods, this translates to several weeks of time in the O‐D estimation
process, as each iteration require several hours of simulation followed by OD adjustments. This
underscores the necessity to focus on network augmentation schemes as an important
component in such studies, and justifies the effort spent in the earlier sections of this chapter
to develop and describe a practical scheme for the same.
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Figure 3‐10 Network Augmentation Scheme Comparison

3.2.6.2. OD Estimation Results
Figure 3‐11 presents iteration wise, with increment of 5 iterations, GEH results by time period
for detectors in my study area. By the 19th iteration, approximately 70% of the detectors in the
study area had GEH values less than 10. For this research, with such a large network and a 24‐
hour simulation period, it was not essential to continue the process with extremely time‐
consuming iterations. Since I am not performing a traffic network calibration for any standard
traffic modeling problem (e.g. calibrating link travel times, or congestion at specific network
points for alternate designs of control or geometry) the convergence was deemed satisfactory
by the 19th iteration. Note, however, that the immediate improvement in an extra 20% of the
locations flow matching at the first iteration itself, due to the fraction method for augmented
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networks did help significantly. At least an extra 15 or 20 iterations might be reasonably
expected, had the O‐D estimations started from scratch, using a seed OD matric cut from the
planning model. Indeed, the starting network that was calibrated in an earlier study is known
to have undergone iterations of that length.

Figure 3‐11 Change in GEH Values for All Detectors

3.3. Traffic Performance Results
In this section first the scenarios are discussed, and their results are presented subsequently.
For analyzing the traffic performance and congestion development in the simulation for each
scenario, I considered four statistics as performance measures: Number of vehicles simulated,
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vehicle miles traveled (VMT), vehicle hours traveled (VHT), and average vehicle speed (Q =
VMT/VHT) for the entire traffic network.

3.3.1. Scenarios
To study the environmental impacts of the PierPASS off‐peak program, I created two scenarios:
(I) A pre‐PierPASS scenario based on a 2004 temporal distribution of drayage truck trips, which
reflects port drayage trucks operations before the implementation of PierPASS; and (II) A post‐
PierPASS scenario based on a 2007 temporal distribution of drayage truck trips (2) that reflects
the shift in port drayage trucks that followed PierPASS. I then applied each truck distribution to
our 96 15‐minute O‐D matrices for each O‐D related to port zones, while conserving the total
number of Port trucks traveling on each O‐D during the 24 hours of our simulation. More
specifically, since I had separate distributions for the I‐110 and for the I‐710, which carry the
bulk of drayage trucks to and from the SPBP complex, I applied the distribution from the I‐710
counter at Route 1 to origins‐destinations closest to the I‐710; likewise, I applied the
distribution from the I‐110 counter at 228th Street to origins‐destinations closest to the I‐110;
finally, I used an average of the two for origins‐destinations in‐between the two. These
distributions are shown on Figure 3‐12.
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Panel A: pre‐PierPASS port trucks distribution

Panel B: post‐PierPASS port trucks distribution

Figure 3‐12 Temporal Port Truck Distributions Before and After PierPASS
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3.3.2. Results
A summary of traffic simulation performance measures by vehicle class for Pre‐PierPASS
scenario and Post‐PierPASS scenario is presented in Table 3‐5 and Table 3‐6 respectively.

Table 3‐5 Pre‐PierPASS Traffic Simulation Performance Measures
Vehicle Class
LDV
LDT
MDT
HDT
Port HDT
Total

No. of Vehicles
3508185
50063
39074
47843
56116
3701281

Pre‐PierPASS
VMT (mi)
17866014
307358
206658
282448
594882
19257360

VHT (hr)
1720692
18285
19840
26135
30092
1815044

Q (mph) = VMT/VHT
10.4
16.8
10.4
10.8
19.8
10.61 (13.6)*

()* indicates average speed in network considering all vehicle classes.

Table 3‐6 Post‐PierPASS Traffic Simulation Performance Measures
Vehicle Class
LDV
LDT
MDT
HDT
Port HDT
Total

No. of Vehicles
3508861
50088
39030
47810
55274
3701063

Post‐PierPASS
VMT (mi)
17866434
308030
207163
282608
580487
19244723

VHT (hr)
1706858
18313
19489
25804
26378
1796842

Q (mph) = VMT/VHT
10.5
16.8
10.6
11.0
22.0
10.71 (14.2)*

()* indicates average speed in network considering all vehicle classes.

During the 24 hour simulation period for each of the two scenario considered involved 3.5
million light duty vehicles, 0.05 million light duty trucks, 0.39 million medium duty trucks, 0.048
million heavy duty trucks, and 0.055 million heavy duty port trucks, for a total of approximately
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3.7 million vehicles. Out of 3.7 million vehicles, 5.2% were trucks, approximately 29.1% of which
were port trucks.
Table 3‐7 presents comparison of traffic simulation performance measures by vehicle
class and Table 3‐8 presents percent changes in traffic simulation performance measures by
vehicle class for both scenarios. As shown in the Table 3‐7, the total number of vehicles
simulated in Pre‐PierPASS scenario was 281 (0.006%) more than Post‐PierPASS scenario and
this change is quite minor. Shifting of port trucks from day‐time to night‐time slightly improved
average speed of all vehicles in the network by 0.54 mph (3.948%) however this change is
insignificant, which suggests that PierPASS had no measurable impact on congestion in our
study area.
As shown in Table 3‐7 and Table 3‐8, VMT and VHT was higher in Pre‐PierPASS scenario,
this is attributed to the result that in Post‐PierPASS scenario there were 842 less port trucks
simulated, which accounts for 1.5% of 0.055 million heavy duty port trucks and is not very
significant.

Table 3‐7 Comparison of Post‐ and Pre‐PierPASS Traffic Simulation Results
Vehicle Class
LDV
LDT
MDT
HDT
Port HDT
Total

No. of Vehicles
676
25
‐44
‐33
‐842
‐218

Change = Post – Pre
VMT (mi)
420
672
505
161
‐14395
‐12637.5

VHT (hr)
‐13833
28
‐351
‐331
‐3715
‐18201.8

Q (mph) = VMT/VHT
0.08
0.01
0.21
0.15
2.24
0.10 (0.54)*

()* indicates average speed change in network considering all vehicle classes.
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Table 3‐8 Percent Change in Post‐ and Pre‐PierPASS Traffic Simulation Results
Vehicle Class
LDV
LDT
MDT
HDT
Port HDT
Total

Percent Change = [(Post ‐ Pre)/Pre]*100
No. of Vehicles
VMT (mi)
VHT (hr)
0.019%
0.002%
‐0.804%
0.050%
0.219%
0.155%
‐0.113%
0.244%
‐1.769%
‐0.069%
0.057%
‐1.268%
‐1.500%
‐2.420%
‐12.344%
‐0.006%
‐0.066%
‐1.003%

Q(mph) = VMT/VHT
0.813%
0.064%
2.049%
1.342%
11.322%
0.947% (3.948%)*

()* indicates average speed change in network considering all vehicle classes.

3.4. Summary
It was found that PierPASS had little impact on congestion in my study area. This does not in
any way imply that their emissions impacts of PierPASS were minor, as will be seen in the next
chapter. It suffices to say that PierPASS as a congestion alleviation scheme may not be that
effective. It should be noted that additional aspects such as additional probability for day time
accidents and the congestion induced by it, were not considered in this study.
The more significant results in this chapter come from the schemes developed for OD
estimation using the network augmentation schemes that can be used when an existing
calibrated network is available, As was found, the new schemes significant improvement in
matching the network conditions to observed conditions in the ID estimation iterations, when
the fraction scheme that combines a planning model assignment results of the large area are
used to roughly preserve the calibrated OD matrices for a starting area, with the OD estimation
focusing primarily on the new areas added to the network.
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Chapter 4. Emissions Estimation

After some background information on pollutants, this chapter details the data I used and the
methodology I followed to estimate emission rates from traffic information about light‐duty
vehicles (LDV), light‐duty trucks (LDT), medium‐duty trucks (MDT), and heavy‐duty trucks (HDT)
using U.S. Environmental Protection Agency’s (EPA) mobile emission model MOVES. I also
present and discuss emission results from Pre‐PierPASS and Post‐PierPASS scenarios.

4.1. Pollutants
The US EPA is required by the Clean Air Act to set National Ambient Air Quality Standards for six
air pollutants, also known as “Criteria Pollutants,” which include ground level Ozone (O3),
Carbon Monoxide (CO), Sulfur Oxides (SOX), Nitrogen Oxides (NOX), Lead (Pb), and Particulate
Matter (PM2.5 and PM10, i.e. particles that are < 2.5 micrometers and < 10 micrometers
respectively). Except for lead, gasoline and diesel vehicles are substantial contributors to the
criteria pollutants. In addition, mobile sources emit other pollutants, including for example
carbon dioxide (CO2), and volatile organic compounds (VOC's; these are generally mixture of
various Hydrocarbons). Some of these pollutants then react and combine to create smog. The
air pollutants emitted from mobile sources and their effects on human health are summarized
in Table 4‐1.
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Air pollution sources are commonly classified as:
•

Stationary Source: It is a fixed source of air pollutants, such as power plants and
petroleum refineries.

•

Mobile Source: It is a non‐stationary source of air pollutants, such as cars, buses,
trucks, trains, etc.

Table 4‐1 Air Pollutants from Mobile Sources and their Effects on Human Health
Pollutants

Effects on Human Health

Ozone (O3)

Aggravation of respiratory and cardiovascular disease and reduced
lung function and increased respiratory symptoms, increased
susceptibility to respiratory infection, and premature death.

Particulate Matter (PM)

Aggravation of respiratory and cardiovascular disease and, reduced
lung function and increased respiratory symptoms, and premature
death.
Aggravation of asthma and increased respiratory symptoms.
Contributes to particle formation with associated health effects.

Sulfur Oxides (SOx)
Nitrogen Oxides (NOx)

Aggravation of respiratory disease and increased susceptibility to
respiratory infections. Contributes to ozone and particle formation
with associated health effects.

Carbon Monoxide (CO)

Reduces the ability of blood to carry oxygen to body tissues
including vital organs. Aggravation of cardiovascular disease.

Volatile Organic
Compounds (VOC’s)

Cancer (from some toxic air pollutants) and other serious health
problems. Contributes to ozone formation with associated health
effects.
Source: 2007 National Air Quality Trend Report
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Ozone
Ozone is an inorganic compound with the chemical formula O3. In the Earth’s atmosphere,
Ozone is found in two regions – at ground level and in the upper regions of atmosphere. Upper
atmospheric ozone, which is also known as “good ozone”, is naturally formed and protects the
earth from the sun’s harmful rays. Ground level or tropospheric ozone also known as “bad
ozone” is produced by chemical reactions between oxides of nitrogen (NOx) and volatile organic
compounds in the presence of sunlight. Emissions from industrial facilities, electric utilities,
motor vehicle exhaust, gasoline vapors, and chemical solvents are some of the major sources of
NOx and VOC that indirectly generate ground level ozone (U.S. EPA, 2003). Ground level ozone
is the main component of smog. Breathing ozone has adverse effects on public health related
to lung function and irritation of respiratory system.

Particulate Matter
Atmospheric particulate matter (PM) is a complex mixture of extremely small particles and
liquid droplets suspended in the earth’s atmosphere as atmospheric aerosol. PM is composed
of a number of components, including nitrates, sulfates, organic chemicals, metals, and soil or
dust particles. The size of PM is important as particle size is directly linked to their potential for
causing health problems. EPA categorizes PM into two categories (see Figure 4‐1 Sizes of
Particulate Matter):


Inhalable coarse particles – Particulate Matter with a diameter between 2.5 and 10
micrometers (PM10); and
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Fine particles – Particulates with a diameter smaller than 2.5 micrometers (PM2.5).

PM2.5 poses the greatest risk to human health because it can get deep into the lungs and from
there reach blood vessels or the heart; this could result in serious health problems such as
reduced lung function, asthma, bronchitis, heart attacks, some cancers, and premature death
(U.S. EPA, 2013a).

Source: U.S. EPA
Figure 4‐1 Sizes of Particulate Matter
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PM comes from many sources: construction sites, unpaved roads, fields, smokestacks, power
plants, industries, and vehicles. In particular, vehicles fueled by diesel such as heavy‐duty trucks
and locomotives produce particulate matter.
Carbon Monoxide
Carbon Monoxide (CO) is a colorless, odorless, and highly toxic gas generated from the partial
oxidation or incomplete combustion of carbon contained in fuel. The majority of CO emissions
to ambient air comes from mobile sources such as vehicular exhaust from on‐and off‐road
vehicles. Exposure to CO can cause harmful impacts on public health such as reducing oxygen
delivery to the body’s organs and tissues, thus damaging heart and central nervous system
(Prockop and Chichkova, 2007).

Nitrogen Oxides
Nitrogen Oxides (NOx) is a group of highly reactive gases that include Nitric Oxide (NO),
Nitrogen Dioxide (NO2), Nitrous acid, and Nitric acid. NOx gases are generated whenever fuel
combustion occurs in the presence of nitrogen from air in internal combustion engines at high
temperatures. One of the oxides of nitrogen, NO2 combines with other particles in the ambient
air and forms a reddish‐brown layer of smog over urban areas. NOx reacts with volatile organic
compounds in the presence of sunlight and forms “bad ozone” which causes critical respiratory
problems. NOx reacts with ammonia, moisture and other compounds to form nitric acid vapor
and related small particles. Inhalation of these particles can cause or worsen respiratory
diseases such as emphysema and bronchitis and aggravate heart diseases (U.S. EPA, 1998).
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Sulfur Dioxide
Sulfur dioxide (SO2) is a highly reactive gas formed during the combustion of fossil fuels (coal
and petroleum derived fuels) containing sulfur compounds. SO2 reacts with other gases in
ambient air to form sulfates and other harmful products. Inhalation of sulfates can adversely
affect health, especially respiratory diseases such as lung disease and asthma (U.S. EPA, 2013b).

Source: U.S. EPA Greenhouse Gases: CO2
Figure 4‐2 U.S. Carbon Dioxide Emissions by Source (1990‐2012)
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Lead
Lead (Pb) is a metallic chemical element in the carbon group of periodic table. It is found
naturally in the environment as well in manufactured products. Historically major sources of
lead emissions have been from motor vehicles and industrial sources. EPA’s regulatory efforts
to remove lead from motor vehicle gasoline resulted in significant reduction of lead emissions
from the transportation sector since 1980. Lead exposure adversely affects the nervous system,
kidney function, immune system, and cardiovascular system by distributing throughout the
body in the blood, and is accumulated in the bones by infants, young children and elderly (U.S.
EPA, 2013c).

Carbon Dioxide
Carbon Dioxide (CO2) is a primary greenhouse gas that traps heat in the atmosphere. The main
human activity that produces CO2 is the combustion of fossil fuels for energy and transportation.
Figure 4‐2 shows U.S. CO2 emissions by source; it shows that the transportation sector
accounted for 31% of total CO2 from 1998 to 2012 (U.S. EPA, 2013d).

Hydrocarbons
Gasoline and diesel fuels are mixtures of hydrocarbons (HC), which are organic compounds that
contain hydrogen and carbon atoms. Hydrocarbons are emitted when fuel molecules in the
engine do not fully burn. They are a major contributor to smog. Exhaust hydrocarbons are toxic
in nature and prolonged exposure may cause cancer (U.S. EPA, 1992).
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Source: Lee (2011)
Figure 4‐3 Procedure for Estimating Emission based on the OpMode Lookup Table Approach

4.2. Methodology
To analyze the environmental impacts of shifting freight deliveries to off‐peak hours, I
combined TransModeler, a microscopic traffic simulation model, with EPA’s MOVES emissions
model. This section presents a discussion of MOVES’ project level domain, vehicle operating
mode based on vehicle specific power and speed/acceleration profile. It also covers the data
needed to generate the operating mode (OpMode) lookup table, as well as the assumption
underlying OpMode lookup tables, and the post‐processing procedures.
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4.2.1. Overview
Since my study area is quite large MOVES cannot be directly used to estimate emissions
because it would be computationally impractical. To estimate emissions I followed the
procedures developed by Lee (2011), which combines microscopic simulation with MOVES
using the OpMode lookup table approach. First, using MOVES OpMode lookup tables were
generated by vehicle class and pollutant based on inputs such as vehicle age distribution and
meteorological data (temperature and humidity). Then, trajectory data from simulation and
OpMode lookup tables are combined in Matlab to estimate the emissions of individual vehicles
by vehicle class and time period. Finally, emission results are aggregated by simulation links
(freeways and arterials) and time period as shown on Figure 4‐3.

4.2.2. MOVES
MOVES, which stands for Motor Vehicle Emission Simulator, is an emission model that was
developed by the U.S. Environmental Protection Agency (EPA) to replace the MOBILE emission
model for federal regulatory purposes. MOVES can estimate exhaust emissions for all type of
vehicles including Particulate Matter (PM2.5 and PM10). MOVES allows emission estimation in
three different domains:
1. National Domain/Scale – This scale can be used to estimate emissions for the entire
nation, for a state, for a group of counties, or for individual counties using VMT as
primary input. In this domain MOVES uses information in its default database to
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calculate emissions for a selected geographic area. This option estimates macro scale
emissions for a large area.
2. County Domain/Scale – This scale is used to estimate emissions for individual counties
using local meteorology, fleet age distribution, fuel formulation and activity information.
It results in outputs that are more precise than the National scale.
3. Project Domain/Scale – This scale is used to estimate emissions for a specific or
relatively small area and in particular microscopic emission estimates for specific links.
In this study I relied on MOVES’ Project Scale for estimating emissions. The project scale
offers three approaches to estimate emissions depending on data availability (Chamberlin et al.,
2011):


Link average speed approach,



Link drive schedule approach, and



Vehicle operating mode distribution approach.
The link average speed approach extracts emission rates based on vehicle classes. It is

most efficient and convenient for a comparatively large‐scale transportation network but it fails
to capture specific vehicle interactions in congested conditions for a given average link speed.
The link drive schedule approach requires specific link speed profiles. It can estimate
emissions from either second‐by‐second vehicle trajectories or from representative link speed
profiles. Using second‐by‐second vehicle trajectories gives more accurate results but it is
computationally impractical for large networks. However, when statistically similar
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representative link speed profiles are used, this approach is computationally practical and fast,
but it is not simple to select representative speed profiles from various link speed profiles.
The operating mode distribution approach depends on modal binning based on vehicle
specific power as well as vehicle speed and accelerations/decelerations from second‐by‐second
trajectory data. This approach can capture specific vehicular interactions such idling, braking,
and accelerating/decelerating suddenly during congested conditions. As a result, estimated
emission are more accurate than for the other approaches at much lower computational costs
than for the link drive schedule approach. For this study, to estimate emissions I followed the
operating mode distribution look‐up table approach as suggested by Claggett (2011).

4.2.3. Vehicle Operating Mode
There are 71 vehicle operating modes based on Vehicle Specific Power (VSP), speed bin and
acceleration/deceleration rates. Out of these 23 operating modes are associated with running
emissions i.e. emissions during idling, cruising, accelerating/decelerating, and braking. Using
second‐by‐second trajectory output from microscopic traffic simulation VSP is calculated by:
(5‐1)

where VSP is vehicle specific power (
rotational resistance term (in
velocity (m/s);

);
);

is a rolling resistance term (in

is an aerodynamic drag term (

designates vehicle acceleration ( / );
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);
);

is a

is vehicle

refers to source mass (metric tons);

= fixed mass factor (metric tons);
and

is the acceleration due to gravity constant (9.81 ),

captures road grade in fraction (U.S. EPA, 2010a).
Based on VSP, vehicle speed and acceleration, the approach developed by Claggett

(2011) considers 23 operating modes associated with running‐exhaust processes. They are
summarized in Table 4‐2 (U.S. EPA, 2009a). The detailed second‐by‐second speed profiles and
acceleration/deceleration rates for individual vehicles of different classes were obtained from
microscopic traffic simulation trajectory output. Table 4‐3 shows vehicle class default values of
constants, such as rolling resistance term, rotational resistance term, aerodynamic drag term,
vehicle source mass and fixed mass defined in MOVES, which are used for VSP calculations (U.S.
EPA, 2010a).
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Table 4‐2 MOVES Operating Mode Attribute Definition for Running Exhaust
OpModeID

OpMode description

VSPt,
(kW/metric
ton)

Vehicle Speed
(ut, mph)

Vehicle Acceleration
(a, mph/sec)

0

Braking

‐

‐

‐
VSPt < 0

‐1≤ ut <1
1≤ ut <25

at≤‐2 or (at <‐1 and
at‐1 <‐1 and at‐2 <‐1)
‐
‐

0≤ VSPt < 3
3≤ VSPt < 6
6≤ VSPt < 9
9≤ VSPt <12
12≤ VSPt
VSPt < 0

1≤ ut <25
1≤ ut <25
1≤ ut <25
1≤ ut <25
1≤ ut <25
25≤ ut <50

‐
‐
‐
‐
‐
‐

0≤ VSPt < 3
3≤ VSPt < 6
6≤ VSPt < 9
9≤ VSPt <12
12≤ VSPt
12≤ VSPt <18
18≤ VSPt <24
24≤ VSPt <30
30≤ VSPt
VSPt < 6
6≤ VSPt <12
12 ≤ VSPt
12≤ VSPt <18
18≤ VSPt <24
24≤ VSPt <30
30≤ VSPt

25≤ ut <50
25≤ ut <50
25≤ ut <50
25≤ ut <50
25≤ ut <50
25≤ ut <50
25≤ ut <50
25≤ ut <50
25≤ ut <50
50≤ ut
50≤ ut
50≤ ut
50≤ ut
50≤ ut
50≤ ut
50≤ ut

‐
‐
‐
‐
‐
‐
‐
‐
‐
‐
‐
‐
‐
‐
‐
‐

1
11

Idling
Low Speed
Coasting
12
Cruise/Acceleration
13
Cruise/Acceleration
14
Cruise/Acceleration
15
Cruise/Acceleration
16
Cruise/Acceleration
21
Moderate Speed
Coasting
22
Cruise/Acceleration
23
Cruise/Acceleration
24
Cruise/Acceleration
25
Cruise/Acceleration
26
Cruise/Acceleration
27
Cruise/Acceleration
28
Cruise/Acceleration
29
Cruise/Acceleration
30
Cruise/Acceleration
33
Cruise/Acceleration
35
Cruise/Acceleration
36
Cruise/Acceleration
37
Cruise/Acceleration
38
Cruise/Acceleration
39
Cruise/Acceleration
40
Cruise/Acceleration
Source: U.S. EPA (2009)
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Table 4‐3 Default Constants for VSP function of each Vehicle Class
Type ID

Vehicle Type

Rolling
TermA

Rotating
termB

Drag
termC

Source
mass

Fixed
mass

21

Passenger Car

0.15646

0.002

0.00049

1.4788

1.4788

31

Passenger Truck

0.22112

0.00284

0.0007

1.86686

1.86686

32

Light Commercial
Truck

0.23501

0.00304

0.00075

2.05979

2.05979

51

Refuse Truck

1.41705

0

0.00357

20.6845

17.1

52

Single Unit Short‐
haul Truck

0.56193

0

0.0016

7.64159

17.1

53

Single Unit Long‐
haul Truck

0.4987

0

0.00147

6.25047

17.1

54

Motor Home

0.61737

0

0.00211

6.73483

17.1

61

Combination
Short‐haul Truck

1.96354

0

0.00403

29.3275

17.1

62

Combination
Long‐haul Truck

2.08126

0

0.00419

31.4038

17.1

Source: U.S. EPA (2010a)

4.2.4. Vehicle Operating Mode (OpMode) Look‐up Tables
Claggett (2011) suggested a very simple approach to use operating mode lookup tables for
estimating emissions for microscopic traffic simulation models. The procedure for extracting
emission rates (lookup tables) based on different operating modes by vehicle class and
pollutants is presented in Figure 4‐4 Procedure for Generating OpMode Lookup Tables from
MOVES. Detailed data requirements for preparing operating mode lookup table are
summarized in the next section.
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4.2.5. Data
As shown in Figure 4‐4 Procedure for Generating OpMode Lookup Tables from MOVES, to
generate operating mode lookup tables, the age distribution of vehicle type, fuel formulation,
meteorological data such as temperature and humidity, and transportation network
characteristics such as link lengths, link speeds corresponding to operating modes, road grade,
and link volumes are needed.

Source: Lee (2011)
Figure 4‐4 Procedure for Generating OpMode Lookup Tables from MOVES
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4.2.5.1. Mapping EMFAC and MOVES Vehicle Classes
MOVES was developed for federal regulatory purposes. However in California EMFAC 2011 (a
macroscopic emission model) is required for regulatory work. EMFAC’s model database has
detailed vehicle fleet distribution as well as vehicle age distribution data for the state of
California. My study area is located in Los Angeles County so vehicle age distribution data need
to be extracted from EMFAC and since vehicle classes in MOVES differ from those in EMFAC, it
is necessary to map vehicle classes from EMFAC to MOVES. To do so, I followed Lee et al. (2012)
and Bai, Eisinger and Niemeir (2008). Table 4‐4 presents mapped vehicle classes from EMFAC to
MOVES.

Table 4‐4 EMFAC and MOVES Mapped Vehicle Classes
Vehicle
Class

Vehicle Type in EMFAC

Vehicle Type in MOVES

LDV

1

Passenger Cars

21

Passenger Cars

LDT

2

Light‐Duty
Trucks 1
Light‐Duty
Trucks 2
Medium‐Duty
Trucks
Light‐Heavy‐
Duty Trucks 1
Light‐Heavy‐
Duty Trucks 2
Medium‐
Heavy‐Duty
Trucks
Heavy‐Heavy‐
Duty Trucks

31

Passenger Trucks

32

Light Commercial
Trucks
Refuse Trucks

3
MDT

4

HDT

5
6
7

8
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51
52
53
61

62

Single Unit Short
haul Trucks
Single Unit Long‐
haul Trucks
Combination
Short‐haul Trucks
Combination Long‐
haul Trucks

4.2.5.2. Vehicle Age Distribution
Detailed 2005 vehicle class and age distributions for Los Angeles County were extracted from
EMFAC. Table 4‐5 Mapped Vehicle Class Fleet Distribution for Los Angeles County presents the
resulting vehicle fleet distribution and Table 4‐6 Age Distribution of Mapped MOVES Vehicle
Class extracted from EFMAC shows the vehicle age distribution for mapped vehicle classes in
our study area in Los Angeles County. Each mapped vehicle class has two different fuel types,
gasoline and diesel.
Table 4‐5 Mapped Vehicle Class Fleet Distribution for Los Angeles County
Vehicle
Class
LDV

Vehicle Type in EMFAC
1

Passenger Cars

2

Light‐Duty Trucks 1

3

Light‐Duty Trucks 2

LDT

MDT

Vehicle Type in
MOVES
21 Passenger Cars
Passenger
Trucks
Light
32 Commercial
Trucks
31

4

Medium‐Duty
Trucks

5

Light‐Heavy‐Duty
Trucks 1

52

Light‐Heavy‐Duty
Trucks 2

53

Medium‐Heavy‐
Duty Trucks

61

Heavy‐Heavy‐Duty
Trucks

62

6

51 Refuse Trucks

HDT
7

8
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Single Unit
Short haul
Trucks
Single Unit
Long‐haul
Trucks
Combination
Short‐haul
Trucks
Combination
Long‐haul
Trucks

Fuel
Type

Fleet
Distribution

Gas
Diesel
Gas
Diesel
Gas

99.54%
0.46%
23.16%
0.72%
75.93%

Diesel
Gas
Diesel
Gas

0.19%
99.57%
0.43%
39.94%

Diesel
Gas

4.84%
8.61%

Diesel
Gas

5.36%
7.11%

Diesel
Gas

20.92%
1.55%

Diesel

11.67%

Table 4‐6 Age Distribution of Mapped MOVES Vehicle Class extracted from EFMAC
Model
Year
2005
2004
2003
2002
2001
2000
1999
1998
1997
1996
1995
1994
1993
1992
1991
1990
1989
1988
1987
1986
1985
1984
1983
1982
1981
1980
1979
1978
1977
1976
1975

21‐LDV

31‐LDT

32‐LDT

51‐MDT

52‐HDT

53‐HDT

61‐HDT

62‐HDT

9.6%
7.2%
7.1%
6.5%
6.3%
6.4%
5.3%
4.9%
4.7%
4.1%
4.6%
3.9%
3.6%
3.2%
3.5%
3.3%
3.0%
2.3%
2.0%
1.5%
1.2%
0.9%
0.5%
0.4%
0.3%
0.2%
0.3%
0.2%
0.2%
0.1%
2.8%

6.5%
5.8%
6.4%
6.9%
11.6%
10.3%
8.8%
5.1%
3.8%
3.6%
3.3%
2.8%
2.5%
1.8%
2.0%
1.6%
1.6%
1.4%
1.4%
1.3%
1.1%
0.9%
0.5%
0.5%
0.4%
0.3%
0.3%
0.3%
0.2%
0.2%
6.7%

10.0%
9.2%
8.3%
8.1%
6.3%
7.0%
6.2%
5.5%
4.7%
4.1%
4.4%
3.8%
3.5%
2.7%
2.8%
2.1%
2.2%
1.7%
1.5%
1.4%
0.9%
0.7%
0.3%
0.3%
0.2%
0.2%
0.2%
0.2%
0.1%
0.1%
1.3%

8.8%
11.0%
9.6%
8.3%
7.8%
5.9%
5.5%
5.8%
6.4%
3.8%
4.6%
3.5%
2.5%
1.9%
1.6%
1.5%
1.6%
1.5%
1.3%
1.2%
0.9%
0.7%
0.4%
0.4%
0.3%
0.3%
0.7%
0.5%
0.6%
0.4%
0.8%

8.3%
8.5%
7.9%
4.9%
2.8%
2.7%
2.3%
3.6%
4.9%
3.9%
4.9%
3.4%
3.0%
2.7%
3.0%
4.0%
4.9%
3.3%
2.7%
3.2%
2.9%
2.0%
1.1%
1.1%
1.3%
1.1%
1.4%
1.1%
0.9%
0.6%
1.5%

6.8%
7.8%
6.0%
4.8%
3.0%
8.3%
8.6%
3.7%
4.8%
4.3%
5.1%
4.4%
3.1%
2.6%
2.6%
3.9%
3.7%
2.6%
1.9%
2.3%
1.7%
1.1%
0.6%
0.8%
0.5%
0.5%
0.8%
0.5%
0.5%
0.2%
2.5%

6.9%
6.9%
5.9%
5.1%
6.6%
7.9%
7.1%
4.6%
4.4%
3.6%
4.8%
2.8%
2.5%
2.2%
2.9%
3.6%
2.7%
2.4%
2.1%
1.6%
1.8%
1.2%
0.5%
0.6%
0.8%
0.6%
0.9%
0.6%
0.4%
0.4%
5.3%

4.0%
3.1%
3.3%
2.8%
4.7%
5.9%
5.8%
5.1%
4.9%
5.4%
6.3%
5.0%
4.0%
3.0%
3.3%
4.2%
4.4%
3.4%
3.0%
2.5%
2.3%
1.9%
0.8%
0.9%
1.1%
0.9%
1.0%
0.7%
0.5%
0.4%
5.3%

For modeling emissions MOVES allows vehicle fleet age up to 31 years (0 to 30 years),
where vehicles 30 years and older are grouped together (U.S. EPA, 2010b). Since 2005 is the
year I analyzed, Table 4‐6 Age Distribution of Mapped MOVES Vehicle Class extracted from
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EFMAC shows that the proportion of vehicles decreases as the vehicle fleet ages with the
exception of the 1975 model year because it groups vehicles aged 30 years and older.
Engine age distribution for heavy‐duty trucks (Port trucks) associated with the SPBP
complex was obtained from the Port of Long Beach. Figure 4‐5 shows the engine age
distribution of port trucks, which were assumed to be heavy‐duty diesel trucks for estimating
emissions.

Figure 4‐5 Engine Age Distribution of Port Heavy Duty Trucks
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4.2.5.3. Meteorological Data
Meteorological data such as temperature and humidity for the study area are needed to
generate operating mode lookup tables (see Figure 4‐4 Procedure for Generating OpMode
Lookup Tables from MOVES). For this study, meteorological data was purchased from
WeatherSpark. The details of meteorological data are as follows:


Location: Long Beach Airport (Station ID 30723)



Period: 01/01/2005 to 12/31/2005

Exhaust emissions of pollutants such as NOx from internal combustion engines are significantly
affected by the intake air temperature and humidity (Krause, 1971). Choi et al. (2011) examined
MOVES sensitivity to variations in input parameters, such as temperature and humidity, on
emissions of HC, CO, NOx and total PM2.5. They found that temperature significantly impacts
MOVES estimates of emissions at cold temperatures. Magnitude of temperature effect is
greater for gasoline vehicles (PM2.5 most sensitive, HC and CO emissions are highly sensitive)
compared to diesel vehicles (HC most sensitive and PM2.5 not sensitive). They also found that
humidity effects HC and CO emissions for temperature above 75 F, NOx emissions for
temperature above 25 F and as humidity increases the sensitivity of NOx increases. Their results
show that for both gasoline and diesel vehicles changes in humidity does not affect PM2.5.
For generating operating mode lookup tables, it was important to consider emission
rate variation due to seasonal variation in temperature and humidity throughout the day.
Meteorological data was aggregated based on winter season (January 1, 2005 to March 31,
2005) and summer season (July 1, 2005 to September 30, 2005) and mean values of
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temperature and humidity was computed for each season. For winter and summer season
hourly averages of temperature and humidity were also computed and these hourly averages
were aggregated into five periods in a day (see Table 4‐7 Aggregated Meteorological Data).

Table 4‐7 Aggregated Meteorological Data
Year 2005
Averaging Period
Night‐1
AM
Midday
PM
Night‐2
Season Average

Winter
Temperature (F)
Humidity (%)
52.0
82.0
52.0
82.0
61.0
62.0
61.0
62.0
57.0
75.0
57.4
72.5

Summer
Temperature (F)
Humidity (%)
63.7
81.0
63.7
81.0
72.0
64.0
77.0
53.0
68.0
72.0
69.0
69.7

Note: Night‐1 is from mid night to 6 am, AM is from 6 am to 8 am, Midday is from 8 am to 3 pm,
PM is from 3 pm to 7 pm, and Night‐2 is from 7 pm to mid night.

For evaluating variations in emission rates of NOx and PM10 I focused on generating and
analyzing operating mode lookup tables for gasoline passenger cars (PC) and heavy duty diesel
trucks (HDDT) because I simulated approximately 3.5 million passenger cars, and port trucks are
significant contributor of NOx and PM10. Using temperature and humidity combinations
presented in Table 4‐7 Aggregated Meteorological Data operating mode lookup tables were
generated for PC and HDT for each season and averaging period. Emission rates for PC and HDT
generated based on season average for winter (temperature = 54.7 F, humidity = 72.5%) and
summer (temperature = 69 F, humidity = 69.7%) were considered as seasonal baseline emission
rates. These baseline rates were then compared with emission rates generated for different
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averaging periods in each season. Figure 4‐6 presents winter season NOx and PM10 emission
rate comparison for passenger cars. Passenger car NOx emissions rates based on different
averaging periods show around 1% (or less) change from baseline rates for all operating modes,
whereas PM10 emissions rates show change in the range from 1% to 15% from baseline
emission rate.

Figure 4‐6 Winter Emission Rate Comparison for Passenger Car
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Figure 4‐7 Summer Emission Rate Comparison for Passenger Car

Figure 4‐7 presents summer season NOx and PM10 emission rate comparison for passenger cars.
Passenger car PM10 emission rates for summer season averaging periods changed from 2.5% to
17% when compared to summer baseline rates. NOx emission rate change was around 0.5% to
8% with the exception of OpMode 11 (low speed coasting) which showed changes in the range
16% to 93%. For a reference magnitude of 93% change is in the order of 10‐4 grams/second and
this change was assumed to be insignificant.
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Figure 4‐8 HDT NOx Emission Rate Comparison for Winter and Summer

Heavy duty diesel truck NOx emission rate comparison for winter and summer season is
presented in Figure 4‐8. It was found that temperature and humidity variations do not affect
PM10 emission rates from diesel HDT. For all averaging periods in both winter and summer
season the emission rate change was less than 0.7% from respective seasonal baseline rates.
Finally PC and HDT baseline emission rates for NOx and PM10 were compared (see Figure 4‐9).
HDT NOx emission rate change was around 7%, and HDT PM10 emission rate change was less
than 0.01%. PC PM10 emission rate change was around 32% (order of magnitude: 10‐3) and PC
NOx emission rate change was around 7% for all operating modes except OpMode 0 (Braking)
and OpMode 1 (Idling). Based on these comparisons, I assumed winter mean temperature (57.4
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F) and mean humidity (72.5%) to be representative meteorological data for the year 2005, and
emission rates were calculated.

Figure 4‐9 Emission Rate Comparison for Winter and Summer

4.2.5.4. Assumptions
To extract emission rates based on different operating modes by vehicle class and pollutants
from MOVES, I made the following assumptions:


Link length was assumed to be 1 mile in length.



Link volume was assumed to be 10,000 vehicles.



Median speeds of speed bins for different operating modes are shown in Table 4‐8
Median Speed for Operating Modes8.
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MOVES default fuel supply and formulation data for Los Angeles County were used.



MOVES default inspection and maintenance program data for Los Angeles County was
used.



Link grade was assumed to be 0%.

Table 4‐8 Median Speed for Operating Modes
OP Mode ID Description
Speed Range (mph)
Median Speed (mph)
0
Braking
0
0
1
Idling
‐1 <= U < 1
0
11
Low Speed Coasting
1 <= U < 25
13
12
Cruise/Acceleration
1 <= U < 25
13
13
Cruise/Acceleration
1 <= U < 25
13
14
Cruise/Acceleration
1 <= U < 25
13
15
Cruise/Acceleration
1 <= U < 25
13
16
Cruise/Acceleration
1 <= U < 25
13
21
Moderate Speed Coasting
25 <= U < 50
37.5
22
Cruise/Acceleration
25 <= U < 50
37.5
23
Cruise/Acceleration
25 <= U < 50
37.5
24
Cruise/Acceleration
25 <= U < 50
37.5
25
Cruise/Acceleration
25 <= U < 50
37.5
27
Cruise/Acceleration
25 <= U < 50
37.5
28
Cruise/Acceleration
25 <= U < 50
37.5
29
Cruise/Acceleration
25 <= U < 50
37.5
30
Cruise/Acceleration
25 <= U < 50
37.5
33
Cruise/Acceleration*
50 <= U
60
35
Cruise/Acceleration*
50 <= U
60
37
Cruise/Acceleration*
50 <= U
60
38
Cruise/Acceleration*
50 <= U
60
39
Cruise/Acceleration*
50 <= U
60
40
Cruise/Acceleration*
50 <= U
60
Note: * Median speed was assumed to be freeway free flow speed (60 mph)
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4.2.5.5. Pollutants considered for generating OpMode lookup tables
The following pollutants were considered for generating OpMode lookup tables: Total gaseous
hydrocarbons (HC), Carbon Monoxide (CO), Nitrogen Oxides (NOx), Atmospheric Carbon Dioxide
(Atm. CO2), total energy consumption, Carbon Dioxide Equivalent (CO2 Eq.), and Particulate
Matter (PM2.5 and PM10). To estimate Carbon Dioxide (CO2), MOVES uses (U.S. EPA, 2009b)

,

where Carbon Content is in terms of energy, expressed in grams/kilojoules. The oxidation
fraction is the percentage of carbon that winds up as CO2 in the atmosphere, i.e. the portion
that remains un‐oxidized. Moreover, MOVES uses the following relationship for carbon dioxide
equivalent (CO2 Eq.) (U.S. EPA, 2009b):

CO2 equivalent is a combined sum of greenhouse gas emissions weighted according to their
global warming potential (GWP) relative to CO2. Hence, the GWP of methane (CH4), nitrous
oxide (N2O), and carbon dioxide (CO2) are respectively 21, 320, and 1.

4.2.5.6. Unit Conversion
Units for pollutant mass and energy consumption were defined in the MOVES run specification
file. Pollutant mass was specified in grams and energy consumption in joules. After extracting
emission rates from MOVES, units were converted from grams‐vehicle/hour or joules‐
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vehicle/hour to grams/second or joules/second to estimate vehicular emissions from second‐
by‐second microscopic simulation. The unit conversion relationships are:
(5‐2)

, if OpMode = Idling
,
, otherwise
where

is the emission rate for OpMode

and pollutant

in grams/second;

emissions rate for OpMode and pollutant in grams‐vehicle/hour;
MOVES link (assumed to be 1 mile);
vehicles); and

is the

is the length of the

is the corresponding traffic volume (here 10,000

is the link speed (median speed values from Table 4‐8 Median Speed for

Operating Modes) for OpMode in mph.
Following the procedure shown in Figure 4‐4 Procedure for Generating OpMode Lookup
Tables from MOVES, operating mode (OpMode) lookup tables for different vehicle classes were
generated. Table 4‐9 OpMode Lookup Table Vehicle Type ID and TransModeler Vehicle Type
Mapping shows the mapping of MOVES vehicle class, OpMode lookup table Vehicle Class ID,
and TransModeler vehicle type. This mapping is used to aggregate estimated emissions from
MOVES vehicle class to TransModeler vehicle type for different link types.

Figure 4‐10 NOx and PM2.5 Exhaustive Emission Rates from HD Diesel Trucks by OpMode
100

Figure 4‐10 shows NOx and PM2.5 exhaust emission rates from port heavy duty diesel
trucks (OpMode lookup table vehicle type ID # 17) generated via the OpMode lookup table
approach.
Table 4‐9 OpMode Lookup Table Vehicle Type ID and TransModeler Vehicle Type Mapping
Vehicle Type in MOVES
21

Passenger Cars

31

Passenger Trucks

32

Light Commercial
Trucks

51

Refuse Trucks

52

Single Unit Short haul
Trucks

53
61
62
62

Single Unit Long‐haul
Trucks
Combination Short‐
haul Trucks
Combination Long‐
haul Trucks
Combination Long‐
haul Trucks

Fuel Type

OpMode Look‐up
Table Vehicle Type ID

TransModeler Vehicle
Type

Gas
Diesel
Gas
Diesel
Gas

1
2
3
4
5

LDV

Diesel
Gas
Diesel
Gas

6
7
8
9

Diesel
Gas

10
11

Diesel
Gas

12
13

Diesel
Gas

14
15*

Diesel
Diesel

16
17

LDT

MDT
HDT

HDT (Port)

Note: * MOVES does not have data for gas fueled combination long‐haul trucks.

4.2.6. Post Processing Procedure
To estimate emissions I followed the post‐processing procedure suggested by Claggett (2011)
and developed by Lee (2011). Post‐processing combines microscopic traffic simulation output
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(second by second trajectory data) with the emissions model (OpMode lookup tables) to
estimate emissions as shown in Figure 4‐3 Procedure for Estimating Emission based on the
OpMode Lookup Table Approach. For this study I used four TransModeler vehicle type (see
Chapter 3 Table 3‐3) for simulation and then aggregated emission results to these four vehicle
types. For accurate emission estimation, these four TransModeler vehicle types need to be
mapped to MOVES vehicle classes with gasoline/diesel fuel type to use OpMode lookup tables
(see Table 4‐9 OpMode Lookup Table Vehicle Type ID and TransModeler Vehicle Type Mapping
for mapping details). To estimate emissions for all MOVES categories, I performed random
drawings from a uniform distribution using fleet distribution characteristics presented in Table
4‐5 Mapped Vehicle Class Fleet Distribution for Los Angeles County for each TransModeler
vehicle type to match the distribution of vehicles in the study area.
Each 24 hour simulation scenario produced 62 Gigabytes of second by second trajectory
data. Trajectory data were then split by time period and OpMode lookup table vehicle type ID. I
then used a Matlab program to estimate emissions by combining split trajectory data and
OpMode lookup tables. For reference, emission estimation for a 24 hour simulation scenario
takes 7 days of computer time, which includes traffic simulation and aggregating emission
output by TransModeler vehicle type.

4.3. Results
In this section Pre‐ and Post‐PierPASS emission results are presented and comparison of
different scenario is discussed.
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4.3.1. Emissions Results
For each of the 17 OpMode Lookup Table Vehicle Type (see Table 4‐9) the post‐processing
process produced aggregated emission results by link type and time period. These results were
then further aggregated to match four TransModeler vehicle classes: LDV, LDT, MDT, and HDT
(Port trucks are HDT). Table 4‐10 presents Pre‐PierPASS scenario emission results by vehicle
class and road type for HC, CO, NOx, atmospheric CO2, energy consumption, CO2 equivalent,
PM10 and PM2.5. Table 4‐11 shows that Port trucks produced the most NOx and PM emissions,
which is of concerns as these pollutants impact health. In contrast, LDV or passenger cars
produced the most HC, CO, CO2 and significant amount of NOx. This is not surprising because
3.5 million LDV’s were simulated over 24 hours. Port trucks contributed about half of NOx
(49.7%) and PM (49.8% for PM2.5 and 48.7% for PM10) emissions even though they account only
for 1.52% of 3.7 million vehicles over 24 hours.
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Table 4‐10 Pre‐PierPASS Emission Result by Vehicle Class and Road Type
Pre‐PierPASS Emission Results
Vehicle Class &
HC
CO
NOx
Atm.
Energy
CO2
PM10
PM2.5
Road Type
(kg)
(Tons)
(kg)
CO2
(GJ)
Eq.
(kg)
(kg)
(Tons)
(Tons)
LDV Arterial
1091.6
33.5
3119.5 1328.6
18502.3 1339.3 280.7 258.4
LDV Freeway
3339.6 100.5 14507.3 5565.9
77421.4 5594.7 487.2 448.7
LDV Total
4431.2 134.0 17626.9 6894.5
95923.8 6934.1 767.9 707.1
LDT Arterial
17.6
0.7
57.3
20.1
279.7
20.3
3.1
2.9
LDT Freeway
72.6
2.5
405.1
123.0
1711.3 123.8
9.1
8.4
LDT Total
90.2
3.1
462.4
143.1
1991.1 144.0
12.2
11.3
MDT Arterial
4.4
0.2
17.4
3.9
54.1
3.9
0.4
0.4
MDT Freeway
11.6
0.6
79.5
15.8
219.8
15.9
1.1
1.0
MDT Total
16.1
0.8
96.8
19.7
274.0
19.8
1.4
1.4
HDT Arterial
30.8
0.6
573.4
50.1
685.2
50.1
34.7
33.6
HDT Freeway
146.3
2.9
3624.7
289.4
3962.1 289.8 143.3 138.7
HDT Total
177.2
3.5
4198.1
339.5
4647.3 339.9 178.0 172.3
Port Arterial
39.2
0.4
1897.4
138.7
1889.1 138.8 128.9 125.0
Port Freeway
466.5
3.1 20223.8 1352.6
18446.3 1352.9 783.1 759.6
Port Total
505.7
3.5 22121.2 1491.3
20335.3 1491.6 912.0 884.6
All Vehicles
5220.4 145.0 44505.4 8888.2 123171.4 8929.4 1871.5 1776.7
Notes: LDV=light duty vehicle; LDT=light duty truck; MDT=medium duty truck; HDT=heavy duty
truck. All Port trucks are heavy duty trucks but they are considered separately. All pollutant
estimates were estimated for 24 hours of a typical day.

Table 4‐11 Post‐PierPASS Emission Result by Vehicle Class and Road Type presents Post‐
PierPASS scenario emission results by vehicle class and road type for HC, CO, NOx, atmospheric
CO2, energy consumption, CO2 equivalent, PM10 and PM2.5. As for the Pre‐PierPASS scenario,
port trucks produced the most NOx and PM emissions while LDV or passenger cars produced
the most HC, CO, CO2 and significant amount of NOx Port trucks contributed about half of NOx
(49.5%) and PM (49.5% for PM2.5 and 48.4% for PM10) emissions. In both Pre‐ and Post‐PierPASS
scenarios port truck contributed about approximately half of total NOx and total PM emissions.
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Table 4‐11 Post‐PierPASS Emission Result by Vehicle Class and Road Type

Vehicle Class &
Road Type
LDV Arterial
LDV Freeway
LDV Total
LDT Arterial
LDT Freeway
LDT Total
MDT Arterial
MDT Freeway
MDT Total
HDT Arterial
HDT Freeway
HDT Total
Port Arterial
Port Freeway
Port Total
All Vehicles

HC
(Kgs)
1089.9
3334.6
4424.5
17.4
73.3
90.7
4.4
11.5
16.0
30.9
145.6
176.5
39.3
461.4
500.7
5208.3

Post‐PierPASS Emission Results
CO
NOx
Atm.
Energy
(Tons)
(Kgs)
CO2
(GJ)
(Tons)
33.4
100.4
133.8
0.6
2.5
3.2
0.2
0.6
0.8
0.6
2.9
3.5
0.4
3.1
3.5
144.8

3118.3
14491.8
17610.1
56.8
410.3
467.2
18.4
76.7
95.2
571.8
3623.6
4195.4
1904.2
20023.5
21927.7
44295.5

1327.0 18480.2
5559.2 77328.0
6886.2 95808.2
19.9
277.2
124.5
1731.6
144.4
2008.8
4.0
55.3
15.6
216.3
19.6
271.6
49.9
683.2
289.3
3961.0
339.2
4644.2
139.1
1894.0
1337.4 18239.5
1476.5 20133.5
8865.9 122866.4

CO2
Eq.
(Tons)

PM10
(Kgs)

PM2.5
(Kgs)

1337.7 280.6 258.4
5588.0 486.6 448.0
6925.7 767.2 706.4
20.1
3.1
2.8
125.2
9.2
8.5
145.3
12.3
11.3
4.0
0.5
0.4
15.6
1.0
0.9
19.6
1.4
1.4
50.0
34.6
33.5
289.7 143.5 138.9
339.7 178.1 172.4
139.1 128.9 125.0
1337.7 771.1 748.0
1476.8 900.0 873.1
8907.1 1859.0 1764.6

Table 4‐12 Change in Pre‐PierPASS and Post‐PierPASS Emissions compares Pre‐PierPASS
and Post‐PierPASS emission changes (Δ = After – Before). Overall, emissions of HC, CO, NOx,
atmospheric CO2, CO2 equivalent, PM10, PM2.5, and energy consumption are slightly lower for all
vehicles in the Post‐PierPASS scenario. The reduction is prominent for emissions of NOx,
atmospheric CO2, CO2 equivalent, PM10, and PM2.5.
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Table 4‐12 Change in Pre‐PierPASS and Post‐PierPASS Emissions
Change (Δ) = Post‐PierPASS ̶ Pre‐PierPASS
Vehicle Class & Road Type
HC
CO
NOx
Atm. Energy CO2 PM10 PM2.5
(Kgs) (Tons) (Kgs)
CO2
(GJ)
Eq.
(Kgs) (Kgs)
(Tons)
(Tons)
LDV Arterial
LDV Freeway
LDV Total
LDT Arterial
LDT Freeway
LDT Total
MDT Arterial
MDT Freeway
MDT Total
HDT Arterial
HDT Freeway
HDT Total
Port Arterial
Port Freeway
Port Total
All Vehicles

‐1.8
‐5.0
‐6.8
‐0.2
0.7
0.5
0.0
‐0.1
‐0.1
0.0
‐0.7
‐0.7
0.1
‐5.0
‐5.0
‐12.0

0.0
‐1.3
‐0.1 ‐15.5
‐0.2 ‐16.8
0.0
‐0.5
0.0
5.2
0.0
4.7
0.0
1.1
0.0
‐2.7
0.0
‐1.7
0.0
‐1.6
0.0
‐1.1
0.0
‐2.8
0.0
6.8
0.0 ‐200.3
0.0 ‐193.5
‐0.2 ‐209.9

‐1.6
‐6.7
‐8.3
‐0.2
1.5
1.3
0.1
‐0.3
‐0.2
‐0.1
‐0.1
‐0.2
0.4
‐15.2
‐14.8
‐22.2

‐22.1
‐93.4
‐115.5
‐2.6
20.3
17.7
1.2
‐3.5
‐2.4
‐2.0
‐1.1
‐3.1
4.9
‐206.7
‐201.8
‐305.0

‐1.6 ‐0.1
‐6.7 ‐0.7
‐8.4 ‐0.7
‐0.2
0.0
1.5
0.1
1.3
0.1
0.1
0.1
‐0.3 ‐0.1
‐0.2
0.0
‐0.1 ‐0.1
‐0.1
0.2
‐0.2
0.1
0.4
0.0
‐15.2 ‐11.9
‐14.8 ‐11.9
‐22.3 ‐12.5

‐0.1
‐0.6
‐0.7
0.0
0.1
0.1
0.1
‐0.1
0.0
‐0.1
0.2
0.1
0.0
‐11.6
‐11.6
‐12.1

Table 4‐13 Percent Change in Pre‐PierPASS and Post‐PierPASS Emissions presents
comparisons of percent change (%Δ = (After – Before)/Before)) in emissions for both scenarios.
Overall, emissions of HC, CO, NOx, atm. CO2, CO2 eq., PM10, PM2.5, and energy consumption
decreased slightly, but their percentage change is small (around 1%), for all vehicles in the Post‐
PierPASS scenario with the exception of MDT. The emissions of NOx (6.1%), PM10 (17.8%) and
PM2.5 (18.2%) from MDT on arterials show increases, but the percentage increase is based on
small changes in the order of 100 grams in 24 hours.
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Table 4‐13 Percent Change in Pre‐PierPASS and Post‐PierPASS Emissions
% Change (%Δ) = (Post‐PierPASS ̶ Pre‐PierPASS)/Pre‐PierPASS
Vehicle Class & Road HC (%) CO (%) NOx
Atm. Energy
CO2
PM10
PM2.5
Type
(%)
CO2
(%)
Eq.
(%)
(%)
(%)
(%)
LDV Arterial
‐0.16% ‐0.06% ‐0.04% ‐0.12% ‐0.12% ‐0.12% ‐0.03% ‐0.03%
LDV Freeway
‐0.15% ‐0.14% ‐0.11% ‐0.12% ‐0.12% ‐0.12% ‐0.14% ‐0.14%
LDV Total
‐0.15% ‐0.12% ‐0.10% ‐0.12% ‐0.12% ‐0.12% ‐0.10% ‐0.10%
LDT Arterial
‐1.05% ‐1.04% ‐0.89% ‐0.92% ‐0.92% ‐0.92% ‐1.24% ‐1.25%
LDT Freeway
0.93% 1.18% 1.29% 1.19% 1.19% 1.18% 1.39% 1.39%
LDT Total
0.54% 0.72% 1.02% 0.89% 0.89% 0.89% 0.72% 0.72%
MDT Arterial
0.23% ‐0.40% 6.10% 2.18% 2.13% 2.17% 17.86% 18.23%
MDT Freeway
‐1.18% ‐0.43% ‐3.43% ‐1.63% ‐1.61% ‐1.63% ‐7.90% ‐8.03%
MDT Total
‐0.79% ‐0.43% ‐1.72% ‐0.88% ‐0.87% ‐0.88% ‐0.86% ‐0.87%
HDT Arterial
0.08% 0.29% ‐0.28% ‐0.29% ‐0.29% ‐0.29% ‐0.23% ‐0.23%
HDT Freeway
‐0.48% ‐0.48% ‐0.03% ‐0.03% ‐0.03% ‐0.03% 0.14% 0.14%
HDT Total
‐0.38% ‐0.35% ‐0.07% ‐0.07% ‐0.07% ‐0.07% 0.07% 0.07%
Port Arterial
0.18% 0.03% 0.36% 0.26% 0.26% 0.26% 0.00% 0.00%
Port Freeway
‐1.08% ‐0.77% ‐0.99% ‐1.12% ‐1.12% ‐1.12% ‐1.52% ‐1.52%
Port Total
‐0.98% ‐0.69% ‐0.87% ‐0.99% ‐0.99% ‐0.99% ‐1.31% ‐1.31%
All Vehicles
‐0.23% ‐0.12% ‐0.47% ‐0.25% ‐0.25% ‐0.25% ‐0.67% ‐0.68%

To compare emissions between Pre‐ and Post‐PierPASS, I normalized Post‐PierPASS
results for each vehicle class and time period by a correction factor based on VMT for both
scenarios. Let
class

∗

, , ,

at time period

emissions of pollutant

in

be corrected Post‐PierPASS emission of pollutant
for road type r; let

for vehicle class r at time period in
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, , ,

for vehicle

be Post‐PierPASS
for road type r; let

be Pre‐PierPASS VMT for vehicle class

at time for road type ; and let

be Pre‐PierPASS VMT for vehicle class at time period for road type . Then:

∗

, , ,

.

, , ,

where c{LDV, LDT, MDT, HDT, or Port Trucks}; t{1,…,96}; r refers to arterials or freeways; and
p refers to energy or to the pollutants considered.

Table 4‐14 Corrected Post‐PierPASS Emission Result by Vehicle Class and Road Type
Post*‐PierPASS Emission Results
Vehicle Class &
HC
CO
NOx
Atm.
Energy
Road Type
(Kgs) (Tons)
(Kgs)
CO2
(GJ)
(Tons)
LDV Arterial
1090.0
33.4
3118.6 1327.2
18482.3
LDV Freeway
3337.6 100.5 14505.1 5564.3
77398.9
LDV Total
4427.7 133.9 17623.8 6891.5
95881.3
LDT Arterial
18.4
0.7
59.9
21.0
292.3
LDT Freeway
74.5
2.6
417.7
126.7
1762.2
LDT Total
92.9
3.2
477.6
147.7
2054.5
MDT Arterial
4.6
0.2
19.4
4.2
57.9
MDT Freeway
12.0
0.7
80.1
16.2
225.1
MDT Total
16.6
0.8
99.5
20.4
283.0
HDT Arterial
30.8
0.6
571.3
49.9
682.7
HDT Freeway
145.4
2.9
3619.2
289.0
3956.1
HDT Total
176.2
3.5
4190.5
338.8
4638.8
Port Arterial
39.3
0.4
1901.3
139.0
1893.3
Port Freeway
467.0
3.2 20248.1 1354.5
18472.4
Port Total
506.3
3.5 22149.4 1493.6
20365.7
All Vehicles
5219.8 145.0 44540.8 8892.0 123223.3
Notes: Post*‐PierPASS = Correction for VMT applied
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CO2
PM10
PM2.5
Eq.
(Kgs)
(Kgs)
(Tons)
1337.9 280.6 258.4
5593.1 487.0 448.5
6931.0 767.6 706.9
21.2
3.3
3.0
127.4
9.4
8.7
148.6
12.7
11.7
4.2
0.5
0.5
16.3
1.0
1.0
20.4
1.5
1.4
50.0
34.6
33.5
289.3 143.3 138.7
339.3 177.9 172.3
139.1 129.2 125.3
1354.8 785.9 762.4
1493.8 915.1 887.7
8933.2 1874.8 1779.9

Table 4‐14 Corrected Post‐PierPASS Emission Result by Vehicle Class and Road Type
presents corrected Post‐PierPASS scenario emission results by vehicle class and road type for
HC, CO, NOx, atm. CO2, energy consumption, CO2 eq., PM10 and PM2.5. Even after correcting
emission results, I found that port truck contributed about half of total NOx and total PM
emissions, this result is similar to port truck emission of NOx (49.7%) and PM (49.9% for PM2.5
and 48.8% for PM10) in Pre‐ and Post‐PierPASS scenarios.
Table 4‐15 Percent Change in Pre‐PierPASS and Corrected Post‐PierPASS Emissions
presents comparisons of percent change in emissions for both scenarios with corrected Post‐
PierPASS results. Overall, emission of all pollutants and energy consumption have changed by
around 1% for all vehicles with the exception of MDT and LDT. The emissions of HC, CO, NOx,
Atm. CO2, CO2 eq., PM10 and PM2.5 from MDT and LDT on arterials and freeways show increase
in corrected Post‐PierPASS scenaroi, however the percentage increase is based on small
changes that are almost negligible. Since I did not use same random seed to simulate both
scenarios, this can cause change in the way vehicles are released on the network and this may
have ultimately resulted in small changes in emissions from vehicles.
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Table 4‐15 Percent Change in Pre‐PierPASS and Corrected Post‐PierPASS Emissions
% Change (%Δ) = (Post*‐PierPASS ̶ Pre‐PierPASS)/Pre‐PierPASS
Vehicle Class & Road HC (%) CO (%)
NOx
Atm. Energy
CO2
PM10
PM2.5
Type
(%)
CO2
(%)
Eq.
(%)
(%)
(%)
(%)
LDV Arterial
‐0.15% ‐0.05% ‐0.03% ‐0.11% 0.00% ‐0.11% ‐0.02% ‐0.02%
LDV Freeway
‐0.06% ‐0.04% ‐0.01% ‐0.03% 0.00% ‐0.03% ‐0.04% ‐0.04%
LDV Total
‐0.08% ‐0.05% ‐0.02% ‐0.04% 0.00% ‐0.04% ‐0.03% ‐0.03%
LDT Arterial
4.50% 4.34% 4.43% 4.50% 0.00% 4.51% 4.10% 4.09%
LDT Freeway
2.65% 3.07% 3.12% 2.97% 0.00% 2.97% 3.23% 3.23%
LDT Total
3.01% 3.34% 3.28% 3.19% 0.00% 3.18% 3.45% 3.45%
MDT Arterial
4.71% 4.08% 11.52% 7.01% 0.01% 7.00% 24.93% 25.35%
MDT Freeway
2.69% 3.50% 0.77% 2.40% 0.00% 2.40% ‐3.51% ‐3.63%
MDT Total
3.25% 3.63% 2.70% 3.31% 0.00% 3.31% 4.26% 4.27%
HDT Arterial
0.01% 0.25% ‐0.37% ‐0.37% 0.00% ‐0.37% ‐0.30% ‐0.30%
HDT Freeway
‐0.64% ‐0.62% ‐0.15% ‐0.15% 0.00% ‐0.15% 0.03% 0.03%
HDT Total
‐0.53% ‐0.47% ‐0.18% ‐0.18% 0.00% ‐0.18% ‐0.03% ‐0.03%
Port Arterial
0.27% 0.23% 0.21% 0.23% 0.00% 0.23% 0.24% 0.24%
Port Freeway
0.12% 0.22% 0.12% 0.14% 0.00% 0.14% 0.36% 0.36%
Port Total
0.13% 0.22% 0.13% 0.15% 0.00% 0.15% 0.35% 0.35%
All Vehicles
‐0.01% 0.04% 0.08% 0.04% 0.00% 0.04% 0.18% 0.18%

Based on the comparisons shown in Table 4‐13 Percent Change in Pre‐PierPASS and Post‐
PierPASS Emissions and Table 4‐15 Percent Change in Pre‐PierPASS and Corrected Post‐
PierPASS Emissions I found that PierPASS had little impact on overall emissions of various
pollutants in our study area and changes in air pollutant emissions for all classes of vehicles are
almost negligible.
The main impact of PierPASS program is a decrease in peak period air pollution
accompanied by a substantial increase in air pollution at night time. To distinguish the temporal
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changes in the emission of pollutants, I aggregated emission results for off‐peak hours (from 6
pm to 3 am) and peak hours (from 3 am to 6 pm).
Table 4‐16 Changes in Off‐Peak Period Emissions

Vehicle Class
& Road Type

Off‐Peak Period: Change (Δ) = Post‐PierPASS ̶ Pre‐PierPASS
HC
CO
NOx
Atm.
Energy CO2 Eq. PM10
(Kgs) (Tons)
(Kgs)
CO2
(GJ)
(Tons)
(Kgs)
(Tons)

LDV Arterial
‐1.03
‐0.02
‐1.65
‐1.08
LDV Freeway
‐0.22
0.02
‐0.16
‐0.44
LDV Total
‐1.25
0.00
‐1.81
‐1.51
LDT Arterial
0.01
0.00
0.01
0.01
LDT Freeway
‐0.02
0.01
0.48
0.11
LDT Total
‐0.01
0.00
0.49
0.12
MDT Arterial
0.01
0.00
0.25
0.02
MDT Freeway
0.02
0.00
‐0.78
‐0.02
MDT Total
0.03
0.00
‐0.53
0.00
HDT Arterial
0.09
0.01
‐4.04
‐0.28
HDT Freeway
0.10
0.00
15.92
1.44
HDT Total
0.19
0.01
11.89
1.16
Port Arterial
3.68
0.03
180.63
13.01
Port Freeway
32.24
0.22 1416.51
93.00
Port Total
35.92
0.26 1597.14
106.01
All Vehicles
34.88
0.27 1607.18
105.77
Note: Off‐Peak Period is defined as 6 pm to 3 am.

‐14.99
‐6.08
‐21.07
0.16
1.47
1.63
0.34
‐0.30
0.04
‐3.82
19.70
15.87
177.15
1268.63
1445.77
1442.24

‐1.09
‐0.44
‐1.54
0.01
0.10
0.12
0.02
‐0.02
0.00
‐0.28
1.44
1.16
13.01
93.02
106.03
105.77

‐0.14
0.03
‐0.11
‐0.01
0.01
0.00
0.02
‐0.02
0.00
‐0.27
0.70
0.43
11.59
50.26
61.85
62.16

PM2.5
(Kgs)
‐0.13
0.03
‐0.11
‐0.01
0.01
0.00
0.01
‐0.02
0.00
‐0.26
0.67
0.42
11.24
48.75
59.99
60.30

Table 4‐16 Changes in Off‐Peak Period Emissions presents changes in off‐peak period emissions.
As expected, in Post‐PierPASS scenario the Port truck emissions of HC, CO, NOx, atmospheric
CO2, CO2 equivalent, PM10, PM2.5, and energy consumption increased significantly for the period
between 6 pm and 3 am. Table 4‐17 Percent Change in Off‐Peak Period Emissions shows that
emissions of HC, CO, NOx, atmospheric CO2, CO2 equivalent, PM10, PM2.5, and energy
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consumption from port trucks on arterial increased in the range 95% to over 100% and on
freeway around 68% during off‐peak period. Emissions of NOx, PM10, and PM2.5 on arterials
from MDT also show increase, however the increase in in the order of 100 grams for a period of
9 hours. The significant increase of emissions from port trucks during off‐peak period
emphasize the importance of health impact analysis.

Table 4‐17 Percent Change in Off‐Peak Period Emissions
Off‐Peak Period: % Change (%Δ) = (Post‐PierPASS
Vehicle Class
HC (%) CO (%) NOx (%)
Atm.
& Road Type
CO2
(%)
LDV Arterial
‐0.51% ‐0.29%
‐0.27% ‐0.43%
LDV Freeway
‐0.02% 0.07%
0.00% ‐0.03%
LDV Total
‐0.11% 0.00%
‐0.04% ‐0.09%
LDT Arterial
0.33% ‐0.50%
0.06% 0.24%
LDT Freeway
‐0.11% 0.91%
0.48% 0.35%
LDT Total
‐0.03% 0.61%
0.43% 0.34%
MDT Arterial
1.26% 0.64%
9.83% 4.24%
MDT Freeway
0.64% 1.39%
‐3.59% ‐0.55%
MDT Total
0.74% 1.29%
‐2.17% 0.03%
HDT Arterial
1.40% 4.64%
‐3.26% ‐2.63%
HDT Freeway
0.19% ‐0.06%
1.29% 1.46%
HDT Total
0.33% 0.49%
0.87% 1.06%
Port Arterial
101.81% 98.26% 100.07% 99.00%
Port Freeway
67.80% 67.74%
68.34% 68.13%
Port Total
70.20% 70.52%
70.88% 70.84%
All Vehicles
2.81% 0.76%
19.41%
5.12%
Note: Off‐Peak Period is defined as 6 pm to 3 am.
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̶ Pre‐PierPASS)/Pre‐PierPASS
Energy CO2 Eq. PM10
PM2.5
(%)
(%)
(%)
(%)
‐0.43% ‐0.43% ‐0.26%
‐0.03% ‐0.03% 0.02%
‐0.09% ‐0.09% ‐0.06%
0.24%
0.25% ‐0.92%
0.35%
0.34% 0.56%
0.34%
0.33% 0.17%
4.17%
4.23% 26.53%
‐0.51% ‐0.54% ‐6.31%
0.06%
0.04% ‐1.17%
‐2.61% ‐2.62% ‐3.57%
1.46%
1.46% 1.44%
1.06%
1.06% 0.77%
99.02% 99.00% 95.59%
68.13% 68.13% 68.04%
70.83% 70.84% 71.93%
5.03%
5.09% 18.95%

‐0.26%
0.02%
‐0.06%
‐0.92%
0.55%
0.16%
27.09%
‐6.41%
‐1.20%
‐3.58%
1.44%
0.77%
95.59%
68.04%
71.93%
19.52%

Table 4‐18 Changes in Peak Period Emissions presents changes in peak period emissions.
The port truck emissions of HC, CO, NOx, atmospheric CO2, CO2 equivalent, PM10, PM2.5, and
energy consumption decreased for the period between 3 am and 6 pm, since port trucks were
shifted from peak periods to off‐peak periods. The decrease in emissions of pollutants in peak
period is approximately equivalent to increase in emissions during off‐peak period.

Table 4‐18 Changes in Peak Period Emissions

Vehicle Class
& Road Type

Peak Period: Change (Δ) = Post‐PierPASS ̶ Pre‐PierPASS
HC
CO
NOx
Atm.
Energy CO2 Eq.
(Kgs) (Tons)
(Kgs)
CO2
(GJ)
(Tons)
(Tons)

LDV Arterial
‐0.72
0.00
0.39
‐0.50
LDV Freeway
‐4.79
‐0.15
‐15.35
‐6.26
LDV Total
‐5.51
‐0.16
‐14.96
‐6.77
LDT Arterial
‐0.20
‐0.01
‐0.52
‐0.20
LDT Freeway
0.69
0.02
4.76
1.35
LDT Total
0.49
0.02
4.25
1.16
MDT Arterial
0.00
0.00
0.81
0.06
MDT Freeway
‐0.16
‐0.01
‐1.95
‐0.24
MDT Total
‐0.16
‐0.01
‐1.14
‐0.17
HDT Arterial
‐0.06
0.00
2.42
0.14
HDT Freeway
‐0.80
‐0.01
‐17.07
‐1.52
HDT Total
‐0.86
‐0.02
‐14.65
‐1.38
Port Arterial
‐3.61
‐0.03
‐173.82
‐12.64
Port Freeway
‐37.27
‐0.25 ‐1616.80 ‐108.19
Port Total
‐40.88
‐0.28 ‐1790.62 ‐120.83
All Vehicles
‐46.92
‐0.44 ‐1817.13 ‐128.00
Note: Peak Period is defined as 3 am to 6 pm.
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‐7.10
‐0.53
‐87.36
‐6.30
‐94.46
‐6.83
‐2.74
‐0.20
18.83
1.36
16.10
1.16
0.82
0.06
‐3.24
‐0.24
‐2.42
‐0.18
1.84
0.14
‐20.78
‐1.52
‐18.95
‐1.38
‐172.20
‐12.65
‐1475.36 ‐108.20
‐1647.56 ‐120.85
‐1747.29 ‐128.08

PM10
(Kgs)

PM2.5
(Kgs)

0.07
‐0.70
‐0.63
‐0.03
0.11
0.08
0.06
‐0.06
‐0.01
0.19
‐0.50
‐0.31
‐11.59
‐62.18
‐73.77
‐74.64

0.06
‐0.64
‐0.58
‐0.03
0.11
0.08
0.05
‐0.06
‐0.01
0.18
‐0.48
‐0.30
‐11.24
‐60.32
‐71.56
‐72.37

In Post‐PierPASS the emissions of HC, CO, NOx, atmospheric CO2, CO2 equivalent, PM10,
PM2.5, and energy consumption from port trucks on arterial decreased by about 10% and on
freeway around 9% during peak period (see Table 4‐19 Percent change in Peak Period
Emissions).

Table 4‐19 Percent change in Peak Period Emissions
Peak Period: % Change (%Δ) = (Post‐PierPASS ̶ Pre‐PierPASS)/Pre‐PierPASS
Vehicle Class
HC (%)
CO (%) NOx (%)
Atm.
Energy CO2 Eq.
PM10
& Road Type
CO2 (%)
(%)
(%)
(%)
LDV Arterial
‐0.08%
0.00%
0.02%
LDV Freeway
‐0.20%
‐0.21%
‐0.14%
LDV Total
‐0.17%
‐0.15%
‐0.11%
LDT Arterial
‐1.45%
‐1.21%
‐1.19%
LDT Freeway
1.25%
1.25%
1.56%
LDT Total
0.72%
0.75%
1.22%
MDT Arterial
0.06%
‐0.59%
5.45%
MDT Freeway
‐1.85%
‐1.08%
‐3.38%
MDT Total
‐1.27%
‐0.96%
‐1.57%
HDT Arterial
‐0.25%
‐0.84%
0.54%
HDT Freeway
‐0.84%
‐0.70%
‐0.72%
HDT Total
‐0.72%
‐0.73%
‐0.52%
Port Arterial
‐10.16% ‐10.05% ‐10.12%
Port Freeway
‐8.90%
‐8.77%
‐8.91%
Port Total
‐9.00%
‐8.90%
‐9.01%
All Vehicles
‐1.18%
‐0.40%
‐5.02%
Note: Peak Period is defined as 3 am to 6 pm.

‐0.05%
‐0.15%
‐0.13%
‐1.28%
1.46%
1.07%
1.82%
‐2.03%
‐1.17%
0.35%
‐0.80%
‐0.60%
‐10.07%
‐8.90%
‐9.01%
‐1.88%

‐0.05%
‐0.16%
‐0.13%
‐1.28%
1.46%
1.07%
1.77%
‐2.01%
‐1.17%
0.34%
‐0.80%
‐0.60%
‐10.07%
‐8.90%
‐9.01%
‐1.85%

‐0.05%
‐0.15%
‐0.13%
‐1.28%
1.45%
1.06%
1.81%
‐2.03%
‐1.17%
0.35%
‐0.80%
‐0.60%
‐10.07%
‐8.90%
‐9.01%
‐1.87%

0.03%
‐0.19%
‐0.11%
‐1.35%
1.65%
0.89%
16.39%
‐8.56%
‐0.75%
0.68%
‐0.52%
‐0.25%
‐9.92%
‐8.77%
‐8.93%
‐4.84%

PM2.5
(%)
0.03%
‐0.19%
‐0.11%
‐1.35%
1.65%
0.89%
16.73%
‐8.70%
‐0.75%
0.68%
‐0.52%
‐0.25%
‐9.92%
‐8.77%
‐8.93%
‐4.93%

Figure 4‐11 to Figure 4‐18 show the temporal distribution of air pollutant emission rates
for port trucks before and after PierPASS. These plots clearly show that in the Post‐PierPASS
scenario port truck emissions decreased during the peak period and increased during off‐peak.
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Figure 4‐11 NOx Emission rates for Port HDT: Arterials (left) and Freeways (right)

Figure 4‐12 PM2.5 Emission rates for Port HDT: Arterials (left) and Freeways (right)
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Figure 4‐13 PM10 Emission rates for Port HDT: Arterials (left) and Freeways (right)

Figure 4‐14 HC Emission rates for Port HDT: Arterials (left) and Freeways (right)

Figure 4‐15 Atm. CO2 Emission rates for Port HDT: Arterials (left) and Freeways (right)

Figure 4‐16 CO Emission rates for Port HDT: Arterials (left) and Freeways (right)
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Figure 4‐17 Energy use rate for Port HDT: Arterials (left) and Freeways (right)

Figure 4‐18 CO2 Eq. Emission rate for Port HDT: Arterials (left) and Freeways (right)

4.4. Summary
In this chapter, pollutants and their effect on human health were briefly discussed, the
methodology to combine second by second trajectory data from microscopic simulation and
MOVES’ operating mode (OpMode) lookup table approach was explained, and finally results
were discussed. I found that PierPASS had negligible overall impact (1%) on emission of various
pollutants in my study area, even after correcting Post‐PierPASS emissions for mileage between
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the pre and post cases. However, PierPASS had a significant impact on emissions during the off‐
peak (6 pm to 3 am) and peak periods (3 am to 6 pm). During off‐peak total port truck
emissions increased by approximately 71% for NOx and 72% for PM, while during the peak
period total port truck emission decreased by approximately 9% for both NOx and PM. Air
dispersion analysis and health impact analysis will reveal whether PierPASS was beneficial for
local residents or not.
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Chapter 5. Pollutant Dispersion Analysis
This chapter presents a brief overview of air dispersion models, the required data for my study,
the period and area considered, and results from my pollutant dispersion analyses.

5.1. Air Dispersion Models
Air dispersion models are composed of mathematical equations, algorithms and relationships
that mathematically simulate how air pollutants emitted by a source disperse in the ambient
atmosphere. Dispersion models replicate real atmospheric conditions and provide an estimate
of the concentration of pollutants as they disperse away from an emission source, based on
inputs such as meteorological conditions (wind speed, wind direction, ambient air temperature,
humidity, stability class), pollutant source, emission parameters (source location and height,
type of source, release rate), terrain elevations at the source location (U.S. EPA, 2005). There
are four different types of Dispersion Models (U.S. EPA, 2005):


Gaussian Model – Use Gaussian or normal distribution equations to estimate the impact
of non‐reactive pollutants.



Numerical Model – This model is used when area sources involve reactive pollutants; it
requires extremely detailed source and pollutant data as input.



Statistical Model – This model is used when there is incomplete scientific information
about the chemical and physical processes of a source, which makes Gaussian or
numerical models unsuitable.
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Physical Model – This type of models involves the construction of a scaled model for
fluid modeling or wind tunneling studies. This approach is very complex and requires
expertise to interpret the flow of fluids around the scaled model.

Dispersion models are also classified as follows (Holmes, 2006):


Box Models – These simple models are based on the conservation of mass. As the name
suggests the modeling site is assumed to have the shape of a box into which pollutants
are emitted and undergo chemical and physical processes. One advantage is that this
model uses simple meteorology inputs so more comprehensive chemical reactions and
aerosol dynamics can be modeled; however, box models are unsuitable for modeling
pollutant concentrations within a local environment.



Gaussian Models – These models are most commonly and widely used in atmospheric
dispersion modeling, especially for regulatory purposes. They are based on the
assumption that air pollutant dispersion follows Gaussian distribution under steady
state conditions. One limitation is that the steady state approximations these models
use do not take into considerations the time required for the pollutant to travel to the
receptor, so aerosol dynamics must be computed by post processing of results.



Lagrangian/Eulearian Models – These models are designed to model the dispersion of
inert compounds within inhomogeneous wind fields. One limitation is that these models
cannot take into consideration any chemical formation of particles.



Computational Fluid Dynamics Models – These models rely on numerical methods to
simulate atmospheric flows and the interaction of pollutants with surfaces defined by
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boundary conditions in complex environments. They analyze fluid flow based on
conservation of mass and momentum by resolving the Navier‐Stokes equation using
finite difference and finite volume methods in three dimension.

5.1.1. Models used for regulatory purposes
Gaussian models are frequently used for regulatory purposes (Pal Arya, 1999). There are two
types of Gaussian models:
Gaussian Plume Model
The concentration of pollutant χ (g/m3) at x, y, z coordinates from a continuous source (see
Figure 5‐1 Gaussian Shape of Plume Cross‐sections) with an effective emission height H is
estimated by assuming (Turner, 1970):


The plume spread has a Gaussian distribution in both horizontal and vertical
planes with respective standard deviations of plume concentrations σy and σz



The mean speed affecting the plume is u, and Q is the uniform emission rate of
pollutant release.



Total reflection of the plume takes place at the earth’s surface, i.e. there is no
deposition of pollutant at the surface.

The mathematical expression is shown below:
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x, y, z;

exp

exp

exp

(5‐1)

Turner (1994) defined the Gaussian plume model as four factors as follows:
1. Emission factor (Q) implies that emission concentrations are directly proportional to the
emission rate;
2. Downwind factor 1

implies that concentrations are inversely proportional to wind

speed;
exp

3. Cross‐wind factor

implies that parallel to the y axis (crosswind)

concentrations are inversely proportional to the crosswind spreading,

, of the plume.

As the downwind distance from the source increases, the horizontal spreading increases,
and concentration decreases. The exponential term corrects for how far the center of
the distribution of receptor is in terms of standard deviation.
4. Vertical factor

exp

exp

implies that parallel to the z axis

(vertical) concentrations are inversely proportional to the vertical spreading of the
plume,

. As the downwind distance from the source increases, the vertical spreading

increases and concentration decreases.
For concentrations calculated at ground level (z = 0), Equation (5‐1) simplifies to:

x, y, 0;

exp
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y
2

exp

(5‐2)
2

Source: Stockie, J. M. (2011)
Figure 5‐1 Gaussian Shape of Plume Cross‐sections

When the turbulent exhaust gases exit a stack they mix with ambient air (entrainment), the
plume diameter grows at it travels downwind. These exiting gases have momentum as they
enter the atmosphere and often they are warmer than the outside air, so they are buoyant.
Due to the combined effect of momentum and buoyancy the plume rises (U.S. EPA, 2005). The
most common plume rise formulations was developed by Gary A. Briggs in 1969, known as “the
Briggs equations”. A logic diagram for calculating plume rise using Briggs’ equations is shown in
Figure 5‐2 Logic Diagram for Brigg’s Plume Rise Equations.
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Figure 5‐2 Logic Diagram for Brigg’s Plume Rise Equations
Source: Briggs, G.A. (1968)

One drawback of using the Gaussian plume model is that it cannot be applied to instantaneous
sources because of assumptions of steady state emissions from the source and the presence of
a strong wind (Pal Arya, 1999). Gaussian plume model thus cannot be used to model dispersion
of pollutants emitted from instantaneous sources like motor vehicles, however Gaussian puff
models allows dispersion modeling of pollutants emitted from instantaneous sources.
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Gaussian Puff Models
The concentration of pollutant

(g/m3) at x,y,z coordinates from instantaneous sources at time

t with an effective emission height H is estimated by the following Gaussian puff model (Pal
Arya, 1999):
x, y, z, t;

exp

/

(5‐3)

exp

exp
where

is the instantenous point source of emissions, and

,

, and

are the puff‐

diffusion parameters that are different from the parameters of the Gaussian plume model. For
concentrations calculated at ground level (z = 0), along the centerline of the plume (y = 0) and
no plume effects (H = 0) equation (3) simplifies to:
x, 0,0, t; 0

/

exp

(5‐4)

5.1.2. Dispersion Models Used in the U.S.
The U.S. EPA recommends four air dispersion models to analyze the impact of near roadway
pollution for regulatory purposes: CALINE4, CAL3QHC/CAL3QHCR, AERMOD and CALPUFF (U.S.
EPA, 2008). Let us very briefly review them.
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CALINE4
CALINE4, which stands for CAlifornia LINE version 4, is a source Gaussian plume dispersion
model that was developed by the California Department of Transportation (Caltrans, 1989) to
assess air quality impacts near transportation facilities. CALINE4 is based on the Gaussian
diffusion equation and it uses mixing zone models (the mixing zone is the region over the
traveled way; for a roadway, it is its width with 3 meters on either side, see Figure 5‐3 Mixing
Zone) to estimate concentration of CO, NO2 and suspended particles in receptors located within
500 meters of the roadway. The inputs required for this model are source strength,
meteorology and site boundary to model air quality near roadways, intersections, street
canyons and parking facilities. CALINE4 permits the specification of up to 20 links and 20
receptors and the upper limit of link length is restricted to 10 kilometers.

Source: Caltrans (1989)
Figure 5‐3 Mixing Zone
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CAL3QHC/CAL3QHCR
CAL3QHC was developed by the U.S. EPA to model concentration of carbon monoxide (CO) and
particulate matter (PM) near highways, arterials and signalized intersections due to emissions
from moving and idling vehicles. CAL3QHC combines a line source air dispersion model based
on CALINE3 model and a traffic model to estimate delays and queues that occur at signalized
intersections (U.S. EPA, 1995a). Some of the limitations of CAL3QHC are as follows: model
assumes flat topography; it can process up to 120 links and 60 receptor locations; and wind
speed should be at least 1 m/s as CALINE3 has not been validated for wind speeds below 1 m/s.
CAL3QHCR is a more refined version of CAL3QHC that requires local meteorological data for
local air pollutant concentration estimation (U.S. EPA, 1995b).

AERMOD
AERMOD (which stands for American Meteorological Society/EPA Regulatory Model) is a steady
state Gaussian plume model based on planetary boundary layer turbulence structure and
scaling concepts (U.S. EPA, 2004). It can model multiple sources of different types including
point, area and volume over both simple and complex terrain. The AERMOD modeling system
consists of two pre‐processors:
1. AERMET – It uses meteorological data (e.g. wind speed and direction, cloud cover,
ambient temperature) to estimate boundary layer parameters such as mixing height,
friction velocity, turbulence, and heat flux, which are then passed on to AERMOD.
2. AERMAP – It uses DEM (Digital Elevation Model) terrain data and receptor grid
definitions to associate terrain effects on pollutant concentration at each receptor
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location i.e. to develop a relationship between terrain features and the behavior of
pollution plumes.
Some of the limitations of AERMOD are:


AERMOD was designed for short‐range (up to 50 kilometers) dispersion of air pollutant
emissions from stationary sources.



AERMOD was not designed to estimate pollutant concentrations when the wind is
calmer.

CALPUFF
CALPUFF (which stands for California Puff model) is a multi‐layer, multi‐species non‐steady
state Lagrangian Gaussian puff dispersion model designed to simulate dispersion of pollutants
using space and time varying meteorological conditions on pollutant transport, transformation
and removal. CALPUFF was developed by Sigma Research Corporation under sponsorship from
the California Air Resources Board (CARB). The CALPUFF modeling system includes three main
components: CALMET, CALPUFF, and CALPOST (they are described in the next section) and a
large set of preprocessing programs which are designed to interface the model to standard
available meteorological and geophysical datasets. CALPUFF has been designed for applications
involving long range transport of air pollutants, which is typically defined as transport over
distances between 50 and 200 km, for complex terrain effects, costal interaction effects and
building effects. CALPUFF is not recommended for short‐range dispersion of air pollutant to
predict concentrations although studies by Oshan, Kumar and Masuraha (2006) and Walker,
Scaplen and George (2003) found that CALPUFF estimated similar concentration of air pollutant
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for short‐range transport when compared to AERMOD, which is designed for short‐range
dispersion of air pollutants.
Given available tools, their limitations, and my study area, I therefore used Calpuff for
this dissertation.

5.2. Air Dispersion Model: CALPUFF
For this research, I used CALPUFF View 7.0.5, which is a commercial version of CALPUFF air
dispersion model, to model the dispersion of air pollutants generated using MOVES. CALPUFF
View was chosen because of the following advantages:


It allows dispersion modeling under dynamic meteorological conditions (e.g. hourly
changes in wind speeds and direction) and for spatial variations in wind and stability;



It can account for complex terrain;



It allows the easy integration of geophysical data (terrain, land use, meteorology); and



It calculates pollutant concentration for a wide range of time‐scales (e.g., hour to year).

The CALPUFF modeling system is composed of three components (Scire, 2000):
1. CALMET – This meteorological model develops hourly wind and temperature fields on a
three dimensional gridded modeling domain by considering, among other factors,
kinematic terrain effects and terrain blocking effects.
2. CALPUFF – This non‐steady‐state Lagrangian Gaussian puff dispersion model advects or
transports puffs of pollutant emitted from modeled sources by incorporating temporal
and spatial variations in the meteorological fields to simulate dispersion.
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3. CALPOST – It post‐processes results and computes time‐average concentrations and
deposition fluxes of pollutants at sampling receptors estimated by CALPUFF.
An overall framework for the CALPUFF View modeling system is shown in Figure 5‐4:

Source: Lakes Environmental Software, 2014
Figure 5‐4 Overview of CALPUFF Modeling System

5.3. Data
Modeling accurately the dispersion of air pollutants depends on data quality. In this section, I
provide information about the data that CALPUFF requires.
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5.3.1. Geophysical Data
To develop hourly wind and temperature fields on a three dimensional gridded modeling
domain in the study area, CALMET requires geophysical data such as terrain data as well as land
use and land cover data. In the study area, a gridded modeling domain as shown in Figure 5‐5
was created. It has the following attributes:


Gridded modeling domain’s origin (South‐west corner in Figure 5‐5) with UTM East or X
= 357.253 km and UTM North or Y = 3723.871 km



A Universal Transverse Mercator (UTM) projected coordinate system, a two dimensional
Cartesian coordinate system, with UTM zone = 11 North and datum as World Geodetic
System 1984 (WGS84).



A Grid spacing of 1.62 km or 1 mile with a grid boundary length of 59.94 km and width
of 59.94 km. Thus, the number of cells in both the X and Y directions is 37 for a total of
37*37 = 1369 cells and 1369 sampling receptors (see Figure 5‐5).

Terrain Data
Digital Elevation Model (DEM) data files, which are produced by the U.S. Geological Survey,
were downloaded from the WebGIS website which is maintained by Lakes Environmental
Software. For this research I used U.S. DEM 1 Degree terrain data (coverage area of 1 by 1
degree blocks with approximately 90 by 90 meter resolution). Figure 5‐6 shows terrain
elevations in my study area.
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Land Use Land Cover Data
Land Use and Land Cover (LULC) data are produced by the U.S. Geological Survey (U.S.G.S).
They provide information about major classes of land use, vegetation, water, natural surface,
and cultural features on the land surface. LULC data for the study area were downloaded from
the WebGIS website, which is maintained by Lakes Environmental Software. For this research I
used U.S.G.S Composite Theme Grid (CTG) U.S. Land use data with a 200 meter resolution.
Figure 5‐7 shows land uses in the study area and Table 5‐1 explains land use codes.

Figure 5‐5 Gridded Modeling Domain
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Figure 5‐6 Study Area Terrain Elevations
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Table 5‐1 Land Use Classification
Code
10
20
30
40
54
55
62
70

Land Use Classification
Urban or Built‐Up Land
Agricultural Land
Rangeland
Forest Land
Bays and Estuaries
Ocean
Non‐forested Wetlands
Barren Land

Figure 5‐7 Study Area Land Use/Land Cover
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5.3.2. Meteorological Data
The CALMET model relies on or allows to use one of the following meteorological data:


Instrumental observations such as wind speed, direction, temperature, humidity, etc.
from weather stations.



MM4/MM5 data: 4th/5th Generation Penn State/National Center for Atmospheric
Research Mesoscale prognostic wind field data used for creating weather forecasts and
climate projections.



WRF result – Weather Research and Forecasting Model is a numerical weather
prediction system that uses computer simulation to produce simulations reflecting real
meteorological observations such as wind speed, wind direction, etc.



CSUMM results – Colorado State University Mesoscale Model (an equation wind field
model), which simulates mesoscale airflow resulting from differential surface heating
and terrain effects.

For this study, I used 2005 CALMET‐Ready MM5 meteorological data which was purchased from
Lakes Environmental. Details for these data for the study area are as follows:


Location: Los Angeles County



Period: 01/01/2005 00:00 to 01/01/2006 00:00



Vertical Levels: 18 (lowest level is 15 meters above ground level)



Spatial Resolution: 12 kilometers



Area covered = 150 km (X) x 150 km (Y) with center located at Latitude = 34.2346 N and
Longitude = 118.2239 W
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Figure 5‐8 An Example of Hourly Wind Direction and Speed in 2005 gives an example of
changes in hourly wind speed and direction in the study area in year 2005.

(a) Winter day 03/09/2005 6 am (Left)

(b) Summer day 07/18/2005 6 am (Right)

Figure 5‐8 An Example of Hourly Wind Direction and Speed in 2005

5.3.3. Pollutants Considered
I estimated emissions of CO2, CO, HC, NOX, PM10, and PM2.5 from on‐road mobile sources in the
study area using MOVES (see chapter 4). CALPUFF View (Lakes Environmental Software, 2014)
allows dispersion analysis of species such as SO2, SO4, HNO3, NOX, PM10 and PM2.5. However, I
considered NOX and PM2.5 for dispersion analysis as these are the main pollutants emitted by
diesel vehicles such as heavy‐duty port trucks.
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5.3.4. Source Type
CALPUFF View can model the dispersion of pollutants from four different source types (Lakes
Environmental Software, 2014):


A point source: a single source of air pollution (e.g. pollution from a chimney of a coal
power plant burning coal);



A line source: a source of air pollution that originates from a linear one dimensional
geometry (e.g. roadway air pollution, aircraft air emission, etc.).



An area source: a source of air pollution that originates from a specified area (e.g.
multiple flue gas stacks within a single smelting plant, forest fire, etc.).



A volume source: a three dimensional source of air pollution. (e.g. buildings with
multiple vents).

For analyzing the dispersion of NOX and PM2.5, I used area sources for modeling arterials and
freeways in the study area. Based on Google Earth maps, 115 area sources, representing study
area arterials and freeways, were coded. Each area source was mapped to it corresponding
TransModeler link (see Figure 5‐9). Link‐based 15 minute emission rates for 96 time periods
were aggregated to link‐based hourly rates and the resulting emission rates were converted
from grams/hour to kilograms/hour. The emission rate

in kg/(m2 h) for area source i =

1,…,115 and hour h = 1,…,24 was calculated as follows:
(5‐5)

where

is the aggregated link based emission rate in kg/h for area source source i = 1,…,115

and hour h = 1,…,24; and

is the area in m2 of area source i = 1,…,115.
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Calculated hourly area source emission rates for NOX and PM2.5 were then entered in the
study area air dispersion model using CALPUFF View’s Variable Rate option (Diurnal Cycle) for
Pre and Post PierPASS scenarios.

Figure 5‐9 TransModeler Network (Left) and Mapped CALPUFF Area Sources (Right)

5.4. Atmospheric Boundary Layer
Earlier (see Chapter 4 results) I found that PierPass reduced port truck emissions of NOx, PM2.5
and other pollutants between 3 am and 6 pm but significantly increased emissions of these
pollutants between 6 pm and 3 am. The dispersion of increased pollutant emissions during
night time is important to analyze as Panis and Beckx (2007), Hu et al. (2009), and Sathaye,
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Harley and Madanat (2009) found health drawbacks of off‐peak logistic operations due to the
stability of the atmospheric boundary layer at night time. The atmospheric boundary layer is
the part of troposphere (the air layer that extends from the Earth’s surface to an average
altitude of 11 miles) that is directly influenced by the presence of the earth’s surface and
responds to surface forcings or effects like frictional drag, evaporation, transpiration, heat
transfer, pollutant emission and terrain induced flow modification with a timescale of an hour
or less (Stull, 1988).
Diurnal variation of temperature is one of the key characteristics of the boundary layer
over land. The Earth’s surface warms and cools in response to solar radiation, and this in turn
forces changes in the boundary layer via transport process or turbulence. During sunny days
solar radiation causes heating of the ground and this causes thermals or large eddies of warmer
air to rise. Frictional drag on the air flowing over the ground causes wind shears to develop
which may become turbulent. The turbulence tends to mix heat, moisture, and momentum
uniformly in the vertical direction, causing pollutants to rise upwards and reducing pollutant
concentrations near the ground surface. During night time in the absence of sunlight, the air is
more stable and calmer, which suppresses turbulence. Pollutants emitted into the stable layer
disperse relatively little in the vertical direction, which means that at night a stable boundary
layer keeps surface pollutants close to the ground, which causes their concentration to increase
near the ground surface (Stull, 1988). Figure 5‐10 presents a typical daily cycle of the
atmospheric boundary layer.
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Source: Lagzi et al. (2013)
Figure 5‐10 A Typical Daily Cycle of the Atmospheric Boundary Layer

5.5. Temporal Analysis
Pollutant dispersion analyses were performed for four seasons and for two ranges of hours
during the day to account for variations in meteorological conditions and in exposure. I
assumed that health impacts are driven by long term average exposure to pollutants. The four
seasons I considered are defined as follows:


Winter – January 1, 2005 to March 31, 2005 (90 days)



Spring – April 1, 2005 to June 30, 2005 (91 days)



Summer – July 1, 2005 to September 30, 2005 (92 days)



Fall – October 1, 2005 to December 31, 2005 (92 days)

For each sampling receptor in the study area, I used CALPUFF to estimate hourly concentrations
of NOx and PM2.5 for each day of 2005 for both Pre and Post PierPASS scenarios.
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As discussed earlier, the atmospheric boundary layer is stable during the night, which
increases pollutant concentration near the ground surface, so for assessing the health impacts
of PierPASS I aggregated hourly concentration for 24 hours into 2 time periods which are
defined as follows:


Night time: from midnight to 7 am and from 7 pm to midnight, i.e. 00:00 to 07:00 and
19:00 to 24:00, for a total of 12 hours.


Let

Day time: from 7 am to 7 pm, i.e. 07:00 to 19:00, for a total of 12 hours.
, , , ,

be the pollutant concentration in μg/m3 at receptor in hour in day

during season for pollutant , where the receptor index i varies between 1 and 1369; j 
{1,…,24} refers to hours of the day, which are indexed by k = 1,…, S, where s  {Winter, Spring,
Summer, Fall}, with

S

equal to 90 for winter, 91 for spring, and 92 for summer and fall. Finally,

p refers either to NOx or to PM2.5.
Then the average hourly night time concentration of pollutant p at receptor i during
season s (in μg/m3) was calculated from Equation (5‐6):
, ,

∑

∑

, , , ,

∑

∑

, , , ,

(5‐6)

and the corresponding day time concentration is given by equation (5‐7):
, ,

∑

∑

, , , ,

(5‐7)

I also calculated average night time and day time seasonal pollutant concentration to compare
how concentration changes in post and pre scenarios seasonally when concentration for all
time periods in a season for all receptors are considered. The average night time (Equation: 5‐8)
and day time (Equation: 5‐9) are calculated as follows:
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,

∑

∑

∑

,

, , , ,

∑

∑

∑

∑

∑

, , , ,

(5‐9)
is the average night time
,

in season ; and

average day time pollutant concentration in μg/m3 for pollutant

(5‐8)

, , , ,

,

where m=1360 is the total number of receptors;
pollutant concentration in μg/m3 for pollutant

∑

is the

in season .

To assess the severity of air pollution concentration, I relied on California and National
air quality standards for NOx, PM2.5 and PM10, which are shown in Table 5‐2.

Table 5‐2 Ambient Air Quality Standards
Pollutant
NO2

PM2.5

PM10

Averaging Time

California Standards

National Standards

1 Hour

0.18 ppm (339 μg/m3)

100 ppb (188 μg/m3)

Annual Arithmetic Mean

0.030 ppm (57 μg/m3)

0.053 ppm (100 μg/m3)

**

35 μg/m3

Annual Arithmetic Mean

12 μg/m3

12 μg/m3

24 Hour

50 μg/m3

150 μg/m3

Annual Arithmetic Mean

20 μg/m3

N/A

24 Hour

Note: ** There is no separate 24‐hour PM2.5 standard in California. Source: CAAQS (2009) and
U.S. EPA (2011)

For analyzing the impact of PierPASS, I considered the difference between pollutant
concentration at each receptor in the study area for the Post and Pre PierPASS scenarios for
both day and nighttime conditions and also calculated average seasonal concentrations.
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5.6. Results
NOX and PM2.5 dispersion results for the Pre‐ and Post‐ PierPASS scenario are discussed in this
section. Dispersion results for these two scenarios are compared by pollutant and by season.
Table 5‐3 presents estimates of seasonal concentration, as well as changes in seasonal
concentration of NOx and PM2.5. Overall both NOx and PM2.5 concentrations were highest in the
fall and lowest in the spring. A positive change indicates that pollutant concentrations increased
due to PierPASS. We see that NOx concentration increased by 3.7% to 5.0% and PM2.5
concentration increased by 2.7% to 5.4% as a result of PierPASS.

Table 5‐3 Seasonal Concentrations of NOx and PM2.5
Post‐PierPASS

Pre‐PierPASS

Change (Δ)

Percent
Change (%Δ)

Season

NOx

PM2.5

NOx

PM2.5

NOx

PM2.5

NOx

PM2.5

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(%)

(%)

Winter

129.8

7.6

124.9

7.3

4.9

0.32

3.9%

4.3%

Spring

82.7

4.6

79.8

4.5

2.9

0.14

3.7%

3.2%

Summer

94.1

5.4

90.7

5.2

3.4

0.14

3.8%

2.7%

Fall

161.5

10.3

153.9

9.8

7.7

0.53

5.0%

5.4%

Concentrations of both NOx and PM2.5 were found to be below California and National
standards, but this comparison hides spatial and temporal variations because these are
averages over all receptors in the sampling grid, and over all hours in a season.

146

Table 5‐4 Night Time Seasonal Concentrations of NOx and PM2.5
Night

Post‐PierPASS

Pre‐PierPASS

Change

% change

Time
Season

NOx

PM2.5

NOx

PM2.5

NOx

PM2.5

NOx

PM2.5

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(%)

(%)

Winter

118.1

6.9

111.1

6.5

6.99

0.41

6.3%

6.3%

Spring

72.7

3.9

68.6

3.7

4.10

0.19

6.0%

5.1%

Summer

80.8

4.5

76.4

4.3

4.41

0.18

5.8%

4.3%

Fall

147.8

9.3

137.7

8.7

10.05

0.62

7.3%

7.2%

Table 5‐5 Day Time Seasonal Concentrations of NOx and PM2.5
Day Time

Post‐PierPASS

Pre‐PierPASS

Change

Percent
Change

Season

NOx

PM2.5

NOx

PM2.5

NOx

PM2.5

NOx

PM2.5

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(%)

(%)

Winter

141.5

8.4

138.7

8.2

2.87

0.23

2.1%

2.8%

Spring

92.8

5.3

91.0

5.2

1.77

0.09

1.9%

1.8%

Summer

107.4

6.3

105.0

6.2

2.44

0.10

2.3%

1.7%

Fall

175.3

11.4

170.0

10.9

5.28

0.43

3.1%

4.0%

Table 5‐4 and Table 5‐5 present night‐time and day‐time seasonal concentrations of NOx and
PM2.5. These concentrations are highest in the fall, which can be attributed to wind patterns.
Also, a positive change indicates that PierPASS increased pollution for both night time and day
time. A day time increase seems counter‐intuitive here but it results from pollution left over
from the previous night period when the boundary layer is stable, which can be characterized
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as CALPUFF’s memory. Since the pollution generated during night time tends to linger over the
study area, it adds to the pollution generated the next morning, resulting in a net increase in
the concentration of pollution. Therefore, the PierPASS program overall had a negative impact
on air pollution in the study area for both NOx and PM.
Figure 5‐11, Figure 5‐13, Figure 5‐15, and Figure 5‐17 present results on the seasonal
concentration of night and day NOx. In all Figure 5‐11 to Figure 5‐18, subplots a) and b) are
Matlab outputs/plots, which were generated to show negative difference (change) or reduction
in concentrations because CALPUFF does not generate contours for negative concentration
values, it just shows negative values as white spaces in the gridded domain (see subplots c) and
d) in all the figures). Figure 5‐12, Figure 5‐14, Figure 5‐16 and Figure 5‐18 presents seasonal
night time and day time PM2.5 concentration change results. Overall implementation of
PierPASS program increased the concentration of NOx and PM2.5 during both night and day
times in all seasons. The areas where increase in NOx and PM2.5 concentrations is observed lie
along I‐710 and area between I‐710 and I‐110 near the ports of Los Angeles and Long Beach
where as decrease in NOx and PM2.5 concentrations during observed lie along I‐110 segment
between I‐105 and SR‐91, and along I‐5 near downtown Los Angeles.
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a. Night NOx Change Matlab Plot

b. Day NOx Change Matlab Plot

c. Night NOx Change CALPUFF Plot

d. Day NOx Change CALPUFF Plot

Figure 5‐11 Winter NOx Concentration Changes

During the winter, after the inception of PierPASS (see Figure 5‐11), the night time estimated
NOx concentration increases along the study area road network especially along the I‐710
freeway, while the outer areas that are farther from study area road network (white space)
show a slight reduction. The increase in NOx concentration ranges from 2 μg/m3 to 193.2 μg/m3,
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while decreases in concentration ranges are all below 13.9 μg/m3. Day time estimated NOx
concentrations increase (range: 0.61 μg/m3 to 61.3 μg/m3) overall in the study area, although
the increase is lower than for night time. During day time there are some isolated areas along I‐
110, I‐710 and I‐5 near Los Angeles downtown that show decrease in NOx concentration, the
decrease ranges from 0 μg/m3 to 75 μg/m3.
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a. Night PM2.5 Change Matlab Plot

b. Day PM2.5 Change Matlab Plot

c. Night PM2.5 Change CALPUFF Plot

d. Day PM2.5 Change CALPUFF Plot

Figure 5‐12 Winter PM2.5 Concentration Changes

Winter (after PierPASS implementation) night time and day time estimates of PM2.5
concentrations patterns are similar to those of NOx for the same season. Night time PM2.5
concentrations increase from 0.9 μg/m3 to 8.8 μg/m3, while some areas see a slight decrease
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ranging from 0 μg/m3 to 0.61 μg/m3. Day time PM2.5 concentrations increase from 0.3 μg/m3 to
3.37 μg/m3, while others decrease from 0 μg/m3 to 3.6 μg/m3 (see Figure 5‐12).

a. Night NOx Change Matlab Plot

b. Day NOx Change Matlab Plot

c. Night NOx Change CALPUFF Plot

d. Day NOx Change CALPUFF Plot

Figure 5‐13 Spring NOx Concentration Change

Figure 5‐13 and Figure 5‐14 present spring night time and day time concentration
patterns for NOx and PM2.5 respectively. Spring night and day NOx and PM2.5 concentration
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patterns are similar to those observed in the winter, albeit with different magnitudes. Night
NOx concentration increases range from 1 μg/m3 to 111.9 μg/m3, while decreases ranges from 0
μg/m3 to 6.6 μg/m3. Day time NOx concentration increases range from 0.47 μg/m3 to 46.8
μg/m3, while decreases ranges from 0 μg/m3 to 251.7 μg/m3. For PM2.5, night concentration
increases range from 0.04 μg/m3 to 3.7 μg/m3, with decreases ranging from 0 μg/m3 to 1.34
μg/m3; moreover, day time concentration increases range from 0.02 μg/m3 to 1.65 μg/m3, with
decreases ranging from 0 μg/m3 to 10.4 μg/m3. The maximum estimated concentration
increase was along I‐710 freeway, up to I‐405 interchange, which carries the most port trucks,
and a few spots along I‐110 and I‐50 show decrease in concentrations. Compared to winter
pollutant plumes in spring were weaker.
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b. Day PM2.5 Change Matlab Plot

a. Night PM2.5 Change Matlab Plot

d. Day PM2.5 Change CALPUFF Plot

c. Night PM2.5 Change CALPUFF Plot

Figure 5‐14 Spring PM2.5 Concentration Change

Figure 5‐15 and Figure 5‐16 present summer night and day concentration patterns for
NOx and PM2.5 respectively. Night time NOx concentration increases range from 1 μg/m3 to
128.8 μg/m3, while decreases range from 0 μg/m3 to 8.9 μg/m3. Day time NOx concentration
increases ranges from 0.6 μg/m3 to 58.2 μg/m3, while decreases from 0 μg/m3 to 267.5 μg/m3.
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For PM2.5, night time concentrations increase from 0.04 μg/m3 to 4.4 μg/m3, while decreases
range from 0 μg/m3 to 1.27 μg/m3; day time concentration increases ranges from 0.02 μg/m3 to
2.43 μg/m3, while decreases range from 0 μg/m3 to 11.4 μg/m3. The magnitude of estimated
concentration changes for NOx and PM2.5 in the summer is similar and in the spring are similar,
although spring has the lowest concentrations of NOx and PM2.5 among all seasons.

a. Night NOx Change Matlab Plot

b. Day NOx Change Matlab Plot

c. Night NOx Change CALPUFF Plot

d. Day NOx Change CALPUFF Plot

Figure 5‐15 Summer NOx Concentration Change
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a. Night PM2.5 Change Matlab Plot

b. Day PM2.5 Change Matlab Plot

c. Night PM2.5 Change CALPUFF Plot

d. Day PM2.5 Change CALPUFF Plot

Figure 5‐16 Summer PM2.5 Concentration Change

Figure 5‐17 and Figure 5‐18 present Fall season night time and day time concentration patterns
for the pollutants NOx and PM2.5 respectively. Night time NOx concentration increase ranges
from 3 μg/m3 to 319.1 μg/m3, while the decrease ranges from 0 μg/m3 to 13.8 μg/m3. Day time
NOx concentration increase ranges from 0.9 μg/m3 to 89.7 μg/m3, while the decrease ranges
156

from 0 μg/m3 to 239.2 μg/m3. Night time PM2.5 concentration increase ranges from 0.2 μg/m3
to 15 μg/m3, while the decrease ranges from 0 μg/m3 to 0.63 μg/m3. Day time PM2.5
concentration increase ranges from 0.06 μg/m3 to 5.6 μg/m3, while the decrease ranges from 0
μg/m3 to 10 μg/m3. Fall season had the highest concentrations of NOx and PM2.5 among all
seasons. The maximum estimated night time concentration change for PM2.5 (15 μg/m3)
exceeds California as well as National standards (12 μg/m3).
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a. Night NOx Change Matlab Plot

b. Day NOx Change Matlab Plot

c. Night NOx Change CALPUFF Plot

d. Day NOx Change CALPUFF Plot

Figure 5‐17 Fall NOx Concentration Change
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a. Night PM2.5 Change Matlab Plot

b. Day PM2.5 Change Matlab Plot

c. Night PM2.5 Change CALPUFF Plot

d. Day PM2.5 Change CALPUFF Plot

Figure 5‐18 Fall PM2.5 Concentration Change

Overall for all seasons after the implementation of the PierPASS program, night time
PM2.5 concentrations increase was in the range 0.04 μg/m3 to 15 μg/m3 and day time PM2.5
concentration increase was in the range 0.02 μg/m3 to 5.6 μg/m3. Also, around the ports of
Long Beach and Los Angeles the increase in night time PM2.5 concentration increase was over 3
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μg/m3 for all seasons with maximum in fall season and day time increase was less than 3 μg/m3
for all seasons with the exception of fall season. Even though the night time concentration
increase is less than California and National standards for some seasons, it does not mean PM2.5
is safe. World Health Organization (WHO, 2005) report suggests that in the U.S. and Western
Europe background PM2.5 concentrations ranging between 3 μg/m3 to 5 μg/m3 are associated
with adverse health effects.

Table 5‐6 Seasonal Maximum Average Concentration
Post‐PierPASS

Pre‐PierPASS

Change

Percent
Change

Nox

PM2.5

Nox

PM2.5

Nox

PM2.5

Nox

PM2.5

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(µg/m3 )

(%)

(%)

Winter

89.4

5.8

87.5

5.4

2.0

0.36

2.2%

6.7%

Spring

48.1

2.8

44.3

2.6

3.7

0.27

8.4%

10.4%

Summer

40.1

2.2

37.9

2.1

2.3

0.12

5.9%

5.5%

Fall

91.3

5.9

86.0

5.5

5.3

0.40

6.2%

7.3%

Season

Table 5‐6 presents seasonal maximum average concentration of NOx and PM2.5 for Pre‐ and
Post‐PierPASS scenarios. For each receptor hourly maximum values (24 max concentration
values for each 24 hours) were extracted then averages over all hours and receptors in the
study area was taken. The results from Table 5‐6 indicate that due to PierPASS the
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concentrations of NOx and PM2.5 increased from 2.2% to 6.2%, while PM2.5 concentrations rose
from 5.5% to 10.4%.

5.7. Summary
This chapter summarizes my methodology and my results for the dispersion of pollutants
generated via MOVES. After a brief overview of air dispersion models used for regulatory
purposes, data requirement for CALPUFF, which was used for my analyses, were discussed in
detail. My results show that the PierPASS off‐peak program resulted in significant increases in
emissions of NOx and PM2.5 during night time. The stability of the atmospheric boundary layer
in turn caused pollutants emitted by vehicles to remain near the ground surface and to linger
over the study area, ultimately causing an increase in the concentration of emitted pollutants.
My seasonal analyses further showed that meteorological conditions considerably affected the
concentrations of NOx and PM2.5. I found that PierPASS had a negative impact on air pollutant
concentrations during both night and day time. After the implementation of PierPASS night
time concentration of NOx increased between 5.8% and 7.3% and for PM2.5 the increase was
between 4.3% and 7.1%. Surprisingly day time there was an increase in concentrations of NOx
(1.9% to 3.1% increase) and PM2.5 (1.7% to 4% increase). For both Pre‐ and Post‐PierPASS
scenarios, the concentrations of NOx and PM2.5 was found to be highest in fall season and
lowest in spring season.
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Chapter 6. Health Impact Analysis
This chapter presents the methodology, data, and results of my analysis of the health impacts
resulting from the ambient air quality changes caused by the implementation of the PierPASS
off‐peak program at the ports of Long Beach and Los Angeles.

6.1. BenMAP
Health impact models are used to estimate health impacts (mortality, etc.) and economic costs
of changes in pollutant concentrations (air quality) resulting from a policy.
For appraising the health impacts associated with the PierPASS freight off‐peak program
at the ports of Los Angeles and Long Beach, I relied on BenMAP‐CE (Benefits Mapping and
Analysis Program‐Community Edition), which was developed by the U.S. EPA (2013). The U.S.
EPA develops various policies and regulations to reduce air pollution. BenMAP program was
developed to assist policy makers in the benefit‐cost analysis of different air pollution
regulatory policies. It was initially developed by the U.S. EPA to analyze national scale air quality
regulations (U.S. EPA, 2012) such as National Ambient Air Quality Standards for two criteria
pollutants: Particulate matter (2006), Ozone (2008), and the Locomotive Marine Engine Rule
(2008). BenMAP is a Geographic Information System (GIS) based program that calculates air
pollutant concentration changes resulting from a control scenario with respect to a baseline
scenario, and then combines this information with gridded population data to estimate the
resulting health incidences using concentration‐response functions (C‐R functions) generated in
epidemiological studies of a target population (preferably). It also calculates associated
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monetary economic benefits (or costs) of these health incidences by applying valuation
functions. Figure 6‐1 BenMAP‐CE Flow Diagram provides an overview of how BenMAP‐CE
analyzes health impacts.

Source: U.S. EPA (2013)
Figure 6‐1 BenMAP‐CE Flow Diagram

BenMAP‐CE proceeds in 3 main steps:
1. It first calculate changes in air quality based on baseline and control ambient air quality
levels.
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2. Based on population data, it then calculates change in population‐level exposure to air
pollution and then estimate changes in health effects incidence using concentration
response functions from epidemiological studies and incidence and/or prevalence rates.
3. Finally, it estimates monetary benefits/costs of these health impacts using valuation
functions.

6.1.1. Health Effects
BenMAP uses concentration‐response functions (C‐R functions) derived from epidemiological
studies to estimate health impacts. The relationship between the concentration of a pollutant, x,
and the population response, y, is called the concentration‐response function. General form of
C‐R function used by BenMAP is shown below:
∆

,∆

∙

∙

(6‐1)

where, ∆ is refers to the change in the incident rate between the baseline (y0) and the control
scenario incident rate (yc) and ∆x is the corresponding change in air pollutant concentration.
is exposed population, and

is risk coefficient is given by

∆

, where RR is relative

risk derived from epidemiological studies.

The air pollution epidemiology literature provides information on how to calculate the
risk coefficient (β). Figure 6‐2 provides an overview of how air pollution epidemiology literature
provides information needed to calculate incidence of health outcomes.
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Source: U.S. EPA (2013)
Figure 6‐2 Relationship between Epidemiology Study and Health Impact Function

Conceptually BenMAP’s health impact analysis can be expressed as follows (U.S. EPA, 2012):
∗

∗

∗

,
where,


The Air Quality Change is the difference between a baseline (starting) air pollution
concentration and the air pollution concentration after some change, such as a new
regulation or a policy (control);



The Health Effect Estimate is the percent change in an adverse health effect resulting
from a unit change in ambient air pollution;
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The Exposed Population is the number of people affected by the air pollution
concentration change; and



The Health Baseline Incidence s an estimate of the average number of health effects per
person per unit time.

6.1.2. Economic Valuation of Health Effect
Additionally, BenMAP provides several approaches for estimating the economic value of
avoided health effects. For valuing avoided premature mortality, the value of statistical life (VSL)
is used; it represents the monetary value that people are willing to pay to reduce the risk of
death (i.e. premature mortality, see Figure 6‐3). For other health effects medical costs of
related illnesses are used for valuation purposes (U.S. EPA, 2012).

Source: U.S. EPA (Neal Fann)
Figure 6‐3 Value of Statistical Life (VSL) Approach
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Conceptually, human health effects can be estimated as follows (U.S. EPA, 2012 –
BenMAP Manual):
∗

(6‐2)

6.2. Data
As shown in Figure 6‐1, for analyzing the health impacts and the associated net benefits of
changes in pollutant concentrations resulting from a policy, BenMAP requires population and
air quality data. They are briefly discussed below.
6.2.1. Population Data
For estimating change in population level exposure to air pollution in the study area I used
block‐group level demographic data for Los Angeles County. I used the PopGrid program
developed by Abt Associates (U.S. EPA, 2012) to construct specific population grids matching
the age, race, ethnicity, and gender of the population of Los Angeles County, i.e. PopGrid is
used to regrid population data to a specific population grid. Although emission estimation and
dispersion analyses relied on traffic data for 2005, I used 2010 population data for Los Angeles
County because PopGrid relies on 2010 data, but also because the population of Los Angeles
County did not change much between 2005 and 2010 (see Figure 6‐4). The population of Los
Angeles county in 2005 was 9,803,912 and in 2010 it was 9,818,603 (population difference =
14,693).
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6.2.2. Air Quality Data
Pre‐PierPASS seasonal mean hourly concentrations of NOx and PM2.5 were used for the baseline
air quality data, and Post‐PierPASS seasonal mean hourly concentrations of NOx and PM2.5 were
treated as control air quality data. (see Chapter 5 for details), so this chapter analyses
differences between the two.

Data source: U.S. Census Bureau
Figure 6‐4 Los Angeles County Population (2001 – 2010)

6.3. Concentration Response (C‐R) Functions
The BenMAP database includes C‐R functions for Ozone and PM2.5 associated with changes in
air pollutant concentration. C‐R functions are derived from epidemiological studies. Instead of
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report a C‐R function, some epidemiological studies report a measure of change in the
population health response such as relative risk or odds ratio associated with a specific change
in a pollutant concentration. A general relationship between a change in pollutant
concentration (Δx) and a change in population health response or incidence rate (Δy) can be
derived from relative risk. The functional form of the relationship between Δx and Δy depends
on the functional form of the C‐R function from which it is derived; that functional form
depends on the underlying relationship assumed in the epidemiological study chosen to
estimate a given effect. Standard C‐R functional forms used are linear, log‐linear, logistic and
the Cox proportional Hazards model (U.S. EPA, 2012). Let us briefly review them.
A. Linear Model
A linear relationship between the rate of adverse health effects or incidence rate and
various explanatory variables can be expressed as follows:
,

(6‐3)

where α incorporates all other independent variables in the regression times their
respective coefficients; α and β are estimated parameters; y is an incident rate of adverse
health effect; and x is a concentration level of a pollutant. To estimate health benefits
consider the change in the incidence rate from the baseline rate (y0) to the control rate (yc)
associated with a change in air pollutant concentration between the baseline (x0) and the
control (xc):
∆

∙
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∙∆ ,

(6‐4)

where ∆y refers to the change in the incident rate between the baseline (y0) and the control
scenario incident rate (yc) and ∆x is the corresponding change in air pollutant concentration.
Then, the change in incidence of adverse health effect is given by:
∆

∆ ∙

∆ ∙ ,

(6‐5)

where ∆ is the change in the incident of adverse health effects given the relevant
population ( ).

B. Log‐Linear Model
Log‐linear models are widely used in epidemiological studies and often referred to as
Poisson Regression. A log‐linear relationship between a rate of adverse health effects or ian
ncidence rate and various explanatory variables is expressed by:
eα

β

∙ eβ ,

(6‐6)

,

(6‐7)

or equivalently by
ln
where

eα or

ln

is the incident rate of y when all covariates in the model are

zero; and x1,…,xn are the other covariates evaluated at their mean values. The change in
incident rate (∆y) between the incident rate of a baseline (y0) and a control (yc) is then:
∆

1

,

(6‐8)

so after simplification,
∆

1

∆

.

(6‐9)

Epidemiological studies often report a relative risk (RR) for a given change in a
pollutant concentration (Δx) from which β can be derived. The relative risk is the ratio of the
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probability of an event occurring in an exposed group to the probability of the same event
occurring in a non‐exposed group. The relative risk can be expressed as:
(6‐10)

∆

Taking the logarithm of both sides, the estimated coefficient (β) is given by:
(6‐11)

∆

C. Logistic Model
Some epidemiological studies use a logistic model to estimate the probability of an
occurrence of an adverse health effect. Given a vector x of explanatory variables, the
logistic model estimates the probability of an occurrence from:
y

∙

Pr occurrence| ∙

(6‐12)

∙

where β is a vector of coefficients. The above model can be rewritten as:
∙

y

∙

∙

∙
∙

(6‐13)

∙

The odds of an occurrence are then given by:
Odds

(6‐14)

,

so that:
ln

.

(6‐15)

) between the baseline (y0) and the control

The change in the incidence rate (∆

(yc) can be expressed using the odds ratio as follows:
∙

Odds Ratio

∙
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∆

(6‐16)

From the relationship above, we have:
∆

so that (since ∆

(6‐17)

,

∆

∆

)
∆

(6‐18)

∆

Then, the change in incidence of the adverse health effect is given by:
∆

∆ ∙

∙ 1

∆

∙

(6‐19)

where ∆ is change in adverse health effects given the relevant population ( ).

D. Cox Proportional Hazards Model
The Cox proportional hazards model is often used to model survival times. When used in an
epidemiological study, it results in a C‐R function that has a log‐linear functional form. The
Cox proportional hazard model,

, is based on a hazard function, which is defined as the

probability that an individual dies at time t, conditional on having survived up to time t.
More explicitly, the hazard function is the probability density function for the risk of dying
divided by one minus the cumulative probability density function. It can be expressed as:
,

(6‐18)

where t represents survival time and is considered as a random variable with
cumulative distribution function, F t
The survival function, S(t), is

and probability density function,
1

. When a vector X of explanatory

variables is introduced, the Cox proportional hazard model takes the form:
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).

,

,

,

,

h t ∙e

,

β

(6‐20)

,

where X is a vector of explanatory variables; β is a vector of coefficients; and h0(t) is the
baseline hazards rate when all the covariates (X) are set to zero. Taking the ratio of hazards
functions for the baseline and control scenarios gives the relative risk (RR):
,

∙

β

,

∙

β

e

∆

β

.

(6‐21)

Taking the logarithm of both sides, the estimated coefficient (β) can be expressed as:
∆

(6‐22)

.

In general the change in a health effect resulting from a change in the concentration of a
given pollutant can be expressed as:
∆
where ∆ , ∆ , ,
coefficient

∆

,∆ , ,

,∆

∙ ∙

,

(6‐23)

is the change in incidence rate, which is a function of the risk
, the change in pollutant concentration (∆ ), the baseline incidence

rate ( ) for some health end point from the EPA database in BenMAP, and the potentially
affected population (

). The functional form of the health impact function

,∆

depends on the underlying relationship assumed in the epidemiological study chosen to
estimate a given effect.

6.3.1. PM2.5 and NOx C‐R Functions Used
To analyze the health impacts resulting from the implementation of PierPASS, I considered NOx
and PM2.5, which are predominantly emitted by heavy duty diesel trucks. Their health impact
functions are discussed below. They include only information about specific groups.
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6.3.1.1. PM2.5 Exposure Health Impact Functions
The BenMAP‐CE database provides several health impact functions for PM2.5 exposure which
includes health endpoints such as myocardial infraction, acute respiratory symptoms, asthma
exacerbation, chronic bronchitis, respiratory emergency room visits, cardiovascular hospital
admissions, respiratory hospital admissions, lower respiratory symptoms, mortality, upper
respiratory symptoms, and work loss days. For analyzing the impact of the PierPASS program on
health, I focused on health end points shown in Table 6‐1. The risk coefficient or beta values for
various health endpoints and health impact functions were derived from various
epidemiological studies conducted in Los Angeles (see Table 6‐1).
For premature mortality, I considered the health impact function that applies to adults
aged 30 to 99. This function is based on a 2009 Los Angeles study by Krewski et al. (2009). Using
on Kriging interpolation they found a relative risk of 1.17 for a 10 μg/m3 change in average
annual PM2.5 exposure.
For hospital admission from cardiovascular and respiratory health end points, I
considered health impact functions that apply to adults in two age groups: 18 to 64, and 65 to
99. Based on Los Angeles studies by Moolgavkar (2000a, 2000b, 2003) the risk coefficients (beta)
for cardiovascular and respiratory health end points were derived. For the same health end
point there are different risk coefficients for different age‐groups (see Table 6‐1)
For chronic bronchitis, I considered the health impact function for adults aged 27 to 99.
It is based on a 1995 chronic bronchitis study in Los Angeles by Abbey et al. (1995). They report
a relative risk of 1.14 for a 10 μg/m3 change in average annual PM2.5 exposure.
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For asthma exacerbation related health end points like shortness of breath, wheezing,
and coughing from exposure to PM2.5, I considered a 2001 asthma exacerbation study in Los
Angeles by Ostro et al. (2001). Ostro et al. (2001) studied asthma exacerbation due to O3, NO2,
PM10 and PM2.5 exposure in African‐American children aged 6 to 18 in Los Angeles. They found
odds ratio for shortness of breath, wheezing and coughing of 1.10, 1.08, and 1.10 respectively
for a 30 μg/m3 12 hour average PM2.5 exposure. Table 6‐1 also shows incidence and prevalence
data used for the different health endpoints considered.

6.3.1.2. NO2 Exposure Health Impact Functions
Unfortunately, available NOx exposure health impact functions are few, and are mostly for NO2
exposure (U.S. EPA, 2010a) because almost all NOx at concentrations below 80 µg/m3
transforms to NO2 (NZ, 2014). For analyzing the health impacts from NO2 exposure, I relied on
hospital admissions due to respiratory health end point asthma. My data come from a Los
Angeles study from Linn et al. (2000). They used time‐series to evaluate relationship between
air pollution (CO, NO2, PM10, and O3) and hospital admissions for cardiopulmonary illness in Los
Angeles from 1992 to 1995, and developed a Poisson regression model. They found that daily
average exposure to NO2 is significantly associated with same day asthma hospital admissions,
and estimated separate results for two age groups (0 to 29 and 30 to 99). Their risk coefficient
for NO2 exposure for people aged 0 to 29 is 0.0024, and 0.0014 for people between 30 and 99
(U.S. EPA, 2010b). The incidence dataset used for the NO2 exposure health impact function is
BenMAP‐CE’s default “Other Incidence (2007)” dataset.

178

Table 6‐1 PM2.5 Exposure Health Endpoints and Risk Coefficients
Health Endpoint

Mortality, All Cause

Author

Krewski et al.

Age

Incidence Prevalence Locations

Range

Dataset

30 ‐ 99

Mortality

116 U.S.

Incidence

cities

(2009)

Beta

Dataset
0.005827

(2010)
Hospital Admissions, All
Cardiovascular

Moolgavkar

18 ‐64

(2000a)

Other

Los

Incidence

Angeles

0.001400

(2007)
Hospital Admissions, All
Cardiovascular

Moolgavkar

65 ‐99

(2003)

Other

Los

Incidence

Angeles

0.001580

(2007)
Hospital Admissions,
(Respiratory) Chronic Lung

Moolgavkar

18 ‐ 64

(2000b)

Disease
Hospital Admissions,
(Respiratory) Chronic Lung

Los

Incidence

Angeles

0.002200

(2007)
Moolgavkar

65 ‐ 99

(2003)

Disease
Chronic Bronchitis

Other

Other

Los

Incidence

Angeles

0.001850

(2007)
Abbey et al.

27 ‐ 99

(1995)

Other

Prevalence

SF, SD,

Incidence

(2008)

South

(2000)

0.013700

Coast Air
Basin

Asthma Exacerbation,
Shortness of Breath

Asthma Exacerbation,
Wheeze
Asthma Exacerbation,
Cough

Ostro et al.

6 ‐ 18

(2001)

Ostro et al.

6 ‐ 18

(2001)
Ostro et al.

6 ‐ 18

(2001)

Prevalence

Los

(2008)

Angeles

Prevalence

Los

(2008)

Angeles

Prevalence

Los

(2008)

Angeles

Note: Source BenMAP’s EPA Health Impact Functions. Beta distribution is normal.
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0.002565

0.001942

0.000985

6.4. Valuation Functions
For all health endpoints from PM2.5 and NO2 exposure, I used EPA Standard Valuation Functions
available in BenMAP‐CE. For the PM2.5 mortality health endpoint I used the value of a statistical
life (VSL based on $1 million to $10 million with a normal distribution), which is defined as the
monetary value that people are willing to pay to reduce the risk of death. For the other PM2.5
exposure health endpoints (cardiovascular hospital admissions, chronic lung disease hospital
admissions, chronic bronchitis) and for NO2 related asthma I used valuation functions based on
cost of illness (COI), which are derived from summing medical costs and wages or earnings lost.
Finally, for PM2.5 asthma exacerbation, I relied on the symptom day willingness to pay (WTP)
valuation function based on Dickie and Ulery (2002).

6.5. Results
6.5.1. Detailed Results
PM2.5 and NO2 exposure health impacts due to PierPASS program are presented in this section.
In my calculations, Pre‐PierPASS was my baseline and Post‐PierPASS was my control. Earlier in
pollutant dispersion analysis I assumed hourly emission rate from port truck to be constant
over the whole year, however under the PierPASS program the off‐peak shifts were defined as
four night shifts per week (Monday through Thursday 6:00 p.m. to 3:00 a.m.) and one weekend
shift (Saturday 8:00 a.m. to 6:00 p.m.), a total of 5 off‐peak shifts in a week. To account for 5
off‐peak shifts in a week, the health impact results were scaled down by a factor of 5/7.
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Table 6‐2 Health Impacts from PM2.5 Exposure due to the PierPASS Program
Health Endpoints
Mortality
Chronic Bronchitis
Asthma Exacerbation
HA Cardiovascular
HA Respiratory

Measure
Incidence
Valuation
Incidence
Valuation
Incidence
Valuation
Incidence
Valuation
Incidence
Valuation

Winter
‐17.0
‐$118.38
‐16.0
‐$0.31
‐755.3
‐$0.15
‐2.8
‐$0.11
‐1.0
‐$0.02

Spring
‐7.7
‐$53.85
‐6.9
‐$0.14
‐298.9
‐$0.06
‐1.2
‐$0.05
‐0.4
‐$0.01

Summer
‐8.4
‐$58.17
‐7.2
‐$0.14
‐286.4
‐$0.06
‐1.5
‐$0.06
‐0.5
‐$0.01

Fall
‐29.4
‐$204.59
‐27.2
‐$0.53
‐1244.4
‐$0.25
‐4.8
‐$0.19
‐1.7
‐$0.04

Year
‐62.6
‐$434.98
‐57.3
‐$1.12
‐2585.0
‐$0.51
‐10.3
‐$0.40
‐3.6
‐$0.08

Notes. 1. HA denotes Hospital Admissions. 2. A negative Incidence value means number of
cases faced or not avoided. 3. Negative monetary values are in million of 2010 $. 4. The age
range of people affected is shown in parentheses.

Table 6‐2 summarizes aggregated health impact results from PM2.5 exposure. I analyzed
mortality, chronic bronchitis, asthma exacerbation, as well as hospital admission due to
cardiovascular and respiratory conditions. The largest impacts of PierPASS were experienced
during the fall season, and the smallest health impacts were experienced in spring season. In
the fall, there are 1308 cases resulting in social costs of $205.6 million, whereas spring total 315
cases for social costs totaling $54.1 million. During a year, there are 2719 instances of people
affected by the health end points I considered, including 63 mortality cases (2.3% cases), for a
resulting social cost of $437.1 million, including $435 million from the for 63 mortality cases.
Since mortality related PM2.5 exposure health impact functions do not cover people under 30
years because epidemiological restrictions, so these costs are likely lower bounds. Please note
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that these results are in 2010 dollars and that the average value of a statistical life in 2010 is
approximately $6.95 million.
Table 6‐3 presents aggregate health impact resulting from NO2 exposure due to the
PierPASS program. I analyzed asthma related hospital admissions for two age groups: people
under 30 and people over 30. The largest impact of NO2 exposure was during the fall season
with a total of 26 cases and resulting social costs of $0.44 million; conversely, the smallest
health impacts were experienced during the spring with a total of 10 cases and associated
social costs of $0.16 million. Overall, NO2 exposure as a result of PierPASS results in 63 cases
per year (of hospital admissions due to asthma from NO2 exposure) for a total cost of $1.05
million. Results show that these health impacts are approximately the same for each of the 2
age groups considered (under and over 30).
Overall, the total social costs based on the chosen health endpoints from PM2.5 and NO2
exposure due to PierPASS were estimated to be $438 million.

Table 6‐3 Health Impact from NO2 Exposure due to PierPASS Program
Health Endpoint
HA Asthma (0 ‐ 29)
HA Asthma (30 ‐ 99)

Measure
Incidence
Valuation
Incidence
Valuation

Winter
‐8.3
‐$0.14
‐7.7
‐$0.13

Spring
‐4.8
‐$0.08
‐4.8
‐$0.08

Summer
‐5.5
‐$0.09
‐5.9
‐$0.10

Fall
‐13.5
‐$0.22
‐12.8
‐$0.21

Year
‐32.0
‐$0.53
‐31.2
‐$0.52

Note: HA denotes Hospital Admissions; Negative Incidence value means number of cases faced
or not avoided; Negative monetary values are costs in million of 2010 $. Age range is shown in
parentheses.
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6.5.2. Spatial Impacts
Figure 6‐5, Figure 6‐6, Figure 6‐7, and Figure 6‐8 show the spatial distribution of mortality cases
(costs are in million of 2010$) from PM2.5 exposure due to PierPASS in the winter, spring,
summer and fall seasons respectively. The areas most affected are between the I‐110 and I‐710
freeways near the ports of Los Angeles and Long Beach. Figure 6‐9 presents PM2.5 exposure
mortality incidence for the whole year. Overall the PierPASS program had a negative impact on
air pollution as well as health impacts.

Figure 6‐5 Winter 2010 Mortality Cost from PM2.5 for Adults (Age 30+)
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Figure 6‐6 Spring 2010 Mortality Cost from PM2.5 for Adults (Age 30+)

Figure 6‐7 Summer 2010 Mortality Cost from PM2.5 for Adults (Age 30+)
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Figure 6‐8 Fall 2010 Mortality Cost from PM2.5 for Adults (Age 30+)

Figure 6‐9 2010 Mortality Incidence from PM2.5 Exposure for Adults (Age 30+)
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6.6. Summary
In this chapter, I discussed the methods, data and results I used to estimate the health impacts
resulting from the implementation of PierPASS. I also provided some background on health
impact functions I used to assess exposure to PM2.5 and NO2, and the valuation functions for
different health endpoints I considered, and where key data are coming from.
I found that the largest impacts from both PM2.5 and NOx exposure are experienced in
the fall, whereas the smallest impact are observed in the spring. The total annual social costs
from mortality were found to total approximately $435 million. They represent the bulk of the
social costs due to PierPASS, which exceed $438 million.
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Chapter 7. Conclusions

7.1. Summary of Research, Conclusions and Limitations
Microscopic traffic simulation models are commonly used by public and private agencies to
analyze traffic management strategies and traffic operations and control at a local level.
However, these models are rarely used at larger scales because of their data requirements and
because of the time needed to calibrate them properly. In this dissertation, I show that
microsimulation can be used to analyze regional policies and their environmental impacts by
extending the network developed by Lee et al. (2012) to study the impacts of the PierPASS
program on traffic congestion, air pollution, and human health.
My work makes two contributions. First, I developed a procedure that extends to a
larger network already estimated dynamic OD matrices for a starting network, which can
substantially reduce modeling efforts. Second, I rely on that approach to analyze the impacts of
the PierPASS program on traffic congestion, air pollution and health between the gates of the
San Pedro Bay Ports and downtown Los Angeles, over 20 miles away. Two scenarios were
created (Pre‐PierPASS and Post‐PierPASS) and traffic was simulated over 24 hours, which
involved approximately 3.7 million vehicles, including over 55,000 heavy duty port trucks.
My results indicate that PierPASS had little impact on traffic congestion. To quantify
pollutant emissions, I relied on Operating Mode lookup tables. This approach captures specific
vehicular interactions such as idling, braking, and sudden acceleration or declarations during
congested condition, resulting in more accurate estimates of pollutants. My results show that
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PierPASS had a negligible overall impact (around 1%) on emissions of various pollutants.
However, PierPASS had a significant impact on the distribution of these emissions between off‐
peak and peak periods. During off‐peak periods, total port truck emissions increased by
approximately 71% for NOx and 72% for PM, while peak period total port truck emissions
decreased by approximately 9% for both NOx and PM. For my pollutant dispersion analysis, I
relied on EPA’s CALPUFF model, which dynamically models pollutant dispersion and estimates
pollutant concentrations at various sampling receptors. My results show that PierPASS had
increased air pollutant concentrations during both night and day time because of boundary
layer effects. Finally, I used EPA’s BenMAP to quantify some impacts of PierPASS on human
health using block level demographic data for Los Angeles County, and health impact functions
derived from various epidemiological studies conducted in Los Angeles. I found that the total
annual social costs due to PierPASS are $438 million.
There are few limitations of my research study. First, my microscopic traffic simulation
results consider a representative day without traffic disruptions caused by accidents. Thus
possible changes in emissions and health impact caused by accidents resulting from shifting
port truck deliveries from day‐time to night‐time are not captured. Second, my analyses ignore
emission reduction that took place within the ports because of a lack of information about
queued port trucks before and after PierPASS. And another limitation is related to lack of
epidemiological data for mortality due to PM2.5 exposure for age group 0 to 30 in Los Angeles
County, and very limited epidemiological studies on NOx exposure. My results would have
resulted in greater costs due to PierPASS if epidemiological data was available.
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7.2. Future Research
Future research could go in a couple of different directions. First, it would be of interest to
analyze the impacts of the PierPASS program within the Ports of Los Angeles and Long Beach,
although this would likely require information about queues at port terminals before and after
PierPASS. More generally, the methodology I employed could be used to analyze the health and
environmental performance of freight policies trying to improve the environmental
performance of freight systems with a large road component.
A second line of research could be to analyze the impact of off‐peak policies on traffic
accidents and their associated air pollutant emissions and health impacts. To the best of my
knowledge, the impacts of off‐peak policies on traffic incidents or severe accidents involving
death have not been studied yet. Night time driving can increase accidents as visibility is
reduced compared to day‐time, Blower, Campbell and Green (1993) report that accident risk at
night is 1.4 times higher than during the day. Likewise, Golob and Regan (2003) found that from
midnight to 3:00 AM the percentage of crashes involving trucks increases; their results also
indicate that the probability of truck involvement in a crash increases with truck traffic.
Moreover, it is well known that increases in traffic volume and in the percentage of slow
moving trucks increase traffic conflicts and the chance of accidents. Accident analysis could be
integrated in a framework that quantifies traffic congestion, estimates the emission of air
pollutants and their dispersion, and evaluate the resulting air quality and health impacts
associated with off‐peak logistics (see Figure 7‐1).
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Figure 7‐1 Integrated Framework for Transportation Policy Assessment

Another promising avenue for future research would be to study in‐vehicle
concentration and human exposure for PM2.5 based on surrounding roadway ambient air
quality. Liu, Frey and Cao (2010) reported that near‐road PM2.5 concentrations on freeways
and arterials are greater that on local roads. Traffic congestion causes people to stay longer in
their vehicles, increasing their exposure to PM2.5. To quantify in‐vehicle human exposure
microscopic traffic simulation output could be coupled with EPA’s Stochastic Exposure and Dose
Simulation Model for Particulate Matter (SHEDS‐PM).
A more technical line of research would entail refining the novel method I developed to
generate seed origin‐destination (OD) matrices for extended network based on already
estimated OD matrices, and exploring practical applications. Although this method was applied
directly to a large case study and it was found to be successful, controlled studies are needed to
get deeper insights and to ultimately this method. One open question would be to better
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understand the impact of common step sizes used in path based OD estimation algorithm (Choi
et al. 2009). The path‐based OD estimation algorithm of Choi et al. (2009) applies common step
size to all OD pairs, although the part of network that is calibrated could use smaller step sizes
whereas larger step sizes are needed for the network extension.
Finally, one well‐known limitation of benefit‐cost analysis is that it does not consider
who benefits from a project and who bears the costs, since costs and benefits are aggregated.
The comprehensive evaluation of the overall worth of a transportation policy is complex
because it involves multiple actors (from agencies and firms to households) and many funding
sources. It may therefore be of interest to rely on Decision Theory (Peterson, 2009) to evaluate
the overall worth of traffic control technologies and provide decision makers with a tool for
evaluating freight delivery policies (e.g., see Mattingly et al., 2000 for an example of application
to a transportation problem).
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