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Abstract

This project evaluates the potential human health impacts from connected and autonomous
vehicles (CAVs) scenarios in the San Francisco, Bay Area. The study concentrates on impacts
derived from the effects of CAVs on travel demand, safety, and environmental emissions. The
study combines an extensive literature review about the extent of such potential effects, authors
informed assessments, as well as results from activity-based travel modeling to quantify the
human health impacts of CAVs using the Integrated Transport and Health Impacts Model (ITHIM).
Specifically, ITHIM estimates impacts considering changes in travel demand (e.g., vehicle miles
traveled) and levels of physical activity. The results show significant opportunities for road traffic
injury reductions, as well as the mitigation of environmental emissions. However, reduced
physical activity from the mode shift to passenger vehicles (from active travel) could increase
negative human health outcomes (e.g., diabetes and lung cancer). Moreover, the paper explores
a set of scenarios that could mitigate some of the potential health-related risks associated with
CAVs.



Infroduction and Background

Transportation plans and policies affect travel demand, travel frequency, mode choice, route
selection, and even the places people choose to live or work. All of these affect the transportation
system's externalities, ultimately impacting human health. In 2010, worldwide fatalities caused
by motor vehicles exceeded those from dangerous illnesses such as malaria and HIV (Bhalla et
al., 2014). In 2016, 1.4 million deaths were recorded due to road crashes and more than 4 million
were attributed to air pollution (World Health Organization, 2006, 2018). However, these
assessments may underestimate the total health impacts associated with motor vehicles as they
only consider traffic injuries and air pollution-related deaths. Transportation-related impacts on
human health are numerous, including physical activity levels, accessibility, noise pollution, and
mental health.

From an environmental justice or social equity perspective, the distribution of those health
impacts in society also matters. In the U.S., federal mandates require that metropolitan planning
organizations (MPOs) identify and resolve disproportionately adverse health and environmental
impacts of their transportation plans on minority and low-income populations (Singleton and
Clifton, 2017). Consequently, there is a need to assess the health impacts of transportation
decisions, and to develop long-term transportation plans and policies conducive to a sustainable,
and equitable system. At the same time, such plans and policies should also take into
consideration other changes in the system brought about by such factors as generational
attitudes, new mobility options, and technological developments.

Connected and automated vehicles (CAVs) are a critical new development in the transportation
system, and their full impacts are not yet well understood. Optimistic speculation suggests that
CAVs will bring enormous health benefits through the prevention of crashes, emission and noise
reduction, quality of life improvements (i.e., increased mobility and accessibility), and stress
reduction (reduced driving burden) (Pettigrew et al.,, 2018b). However, other studies have
concluded that these potentially safer and more comfortable vehicles will induce more trips,
increasing vehicle-miles traveled (VMT) (Clements and Kockelman, 2017) and the associated
externalities, including increased traffic congestion, decreased physical activity, and increased
road crashes because of higher levels of exposure. Moreover, additional VMT might necessitate
the building of more infrastructure, increasing construction emissions and costs, and changing
land-use trends.

If appropriate regulations are in place, the health benefits from CAVs could be maximized under
full market penetration, and their drawbacks could be minimized. Developing relevant
regulations and obtaining public support requires a thorough understanding of CAVs and their
system-level impacts (Pettigrew et al., 2018b; Rodier et al., 2018b). Because of their novelty,
there is a lack of empirical data on user adoption behavior and vehicle operations across different
CAV market penetrations. However, travel demand models, built on travel surveys that record
individuals’ daily travel activities and capture their willingness to pay for waiting and travel times,
offer an alternative for planners, academics, and policymakers (Rodier et al., 2018b) to assess the
impacts of CAVs.

In a recent study, the authors explored the impacts of fully CAVs (level 5, according to the
National Highway Traffic Safety Administration (2019)) in the San Francisco Bay Area, using the
Metropolitan Transportation Commission’s activity-based travel model (MTC-ABM). The work



identified plausible scenario parameters for changes in roadway capacity, CAV passenger value
of time (VOT), operating costs, and new auto travelers, assuming 100% market penetration
(Rodier et al., 2018b). The study is unique in that it articulates the change in travel for a wide
range of CAV scenarios and analyzes the variations in daily VMT, vehicle hours of delay (VHD),
and mode shares. Building on this previous study, and contributing to the nascent body of
literature on CAV’s impacts, this paper estimates and presents the direction and magnitude of
CAV impacts on human health from regional transportation scenarios in terms of three pathways:
physical activity, safety, and emissions, considering changes in travel demand, safety features,
and other operational characteristics of these vehicles. The work concentrates on these
pathways or metrics as the most salient, given that it is beyond the scope of this research to
perform a life cycle analysis of all the potential pathways for transportation and health.

The work begins with a critical literature review to understand CAV’s potential impacts on travel
demand, travel safety, and emissions. A summary of the lessons learned coupled with expert
judgement allow for the characterization and quantification of potential changes in the
(occurrence, generation) rates for different safety and emission-related mechanisms associated
with CAVs (adjusted as a case study in the San Francisco Bay Area). To estimate CAV impacts on
human physical activity, the work relies on the active travel mode share predicted by the travel
model for a particular CAV scenario [5]. Next, the estimated travel impacts are evaluated with
the Integrated Transport and Health Impact Modelling Tool (ITHIM) to quantify the potential
effects on human health considering a wide range of diseases. Finally, the study discusses and
assumes a few strategies to mitigate the potential health consequences of CAVs. The outcomes
of this study are designed to shed light on the importance of health in the transportation sector,
and to incentivize the public sector to contribute more to transportation decisions and
regulations. Additionally, the study demonstrates the applicability of ITHIM with travel demand
models to include health impacts from new mobility revolutions in future regional transportation
plans.



Health Impacts of Connected Autonomous Vehicles

Literature about the impacts of CAVs on human health is scarce (Milakis et al., 2017), although
public awareness about their potential benefits could ease their adoption and encourage society
to accept relevant regulations (Pettigrew, 2017). Among the few works, (Crayton and Meier,
2017) studied the potential uncertainties associated with CAV impacts and presented an agenda
summarizing CAV impact factors, including public health. A recent study by (Sohrabi et al., 2020)
resulted in a framework in the form of a conceptual model consisting of a qualitative list of 32
pathways relating to transportation and human health, 24 of which were adverse health impacts
that could be controlled by implementing suggested strategies such as electrifying CAVs,
regulating urban development, and traffic demand management. The framework is
comprehensive and can be used as a reference model for future transportation health impact
assessments.

From a positive perspective, these vehicles are capable of minimizing road crashes and reducing
fatalities through integrated automation and communication features. (Fleetwood, 2017)
nominated CAVs as significant contributors to public health improvements in the 21% century
because of possible road injury mitigation. Analyzing US 2012 crash data, (Luttrell et al., 2015)
estimated $27 billion savings due to crash reductions with a 90% CAV market penetration. Next
to safety, CAVs can contribute to human health and well-being by providing mobility for those
individuals with disabilities who would be able to independently access healthcare services and
other social opportunities (Bennett et al., 2019). Moreover, these vehicles can mitigate traffic-
related stress by relieving congestion and smooth driving (Pettigrew et al., 2018a). Improved
energy efficiency in CAVs lowers/eliminates detrimental emissions, leading to a major reduction
in air pollution-related diseases (Crayton and Meier, 2017; Hardy and Liu, 2017).

On the other hand, convenient, independent and productive traveling by CAVs could also induce
additional trips on the road that might offset the above-mentioned positive outcomes (Lim and
Taeihagh, 2018). Additionally, it could encourage auto dependency in communities, hampering
active transportation modes as well as public transit usage. This would eventually decrease
individuals’ physical activity, which would translates into several adverse health consequences
(Crayton and Meier, 2017; Van Schalkwyk and Mindell, 2018).

Research studies with a focus on how CAVs influence human health are still rare, and most of are
gualitative in nature. This paper contributes to the body of knowledge by conducting a critical
study of CAVs’ impacts on human health through three pathways (travel demand, safety, and
emissions) and by presenting a detailed quantitative analysis of the potential health impacts
through a case study.

The following section provides a critical understanding of the fundamentals behind CAV impact
mechanisms through each pathway. According to the lessons learned, we estimate the range of
impacts per each identified mechanism, adjusted for the case study.

Travel Demand and Physical Activity

Background
Physical activity is vital to maintaining a healthy lifestyle. Regular physical activity helps prevent
obesity, reduces cardiovascular and heart diseases, as well as some cancers, and strengthens



bones and muscles, improving mental health, and eventually, contributing to longer living.
Walking and biking are among the most accessible and safe means for regular physical activity
(Health and Services, 2002). Thus, promoting active transport and multimodal travel can benefit
human health by increasing the rate of physical activity in society for all ages. Recent studies
analyzed the mechanisms by which CAVs may alter travel demand in the form of increased auto
dependency and VMT, as well as decreased traveling by active modes and public transit.
(Childress et al., 2015) used an activity-based model for the Seattle region to simulate CAV
scenarios. When roadway capacity was increased by 30% with and without a 65% reduction in
VOT (only for higher-income individuals), VMT increased by 3.5-5%, and average travel delay
declined by 14.3-17.6%, respectively. An analysis for the Ann Arbor region in Michigan found a 2-
28% increase in VMT when roadway capacity expands by 77%, and VOT reduced by 25% (Auld et
al., 2017). (Levin et al., 2017) simulated personal CAVs’ impacts in the downtown area of Austin
(TX) by increasing roadway capacity. The model also considered repositioning for parking and
found that 83% of total vehicle trips in the peak period are due to repositioning for low-cost
parking. Vehicle trips increased more than four times, and transit trips declined by 63%.

Overall, the simulation approaches for CAVs include increased roadway due to shorter headways
and smaller vehicles (Ambihl et al., 2016; Lioris et al., 2017; Shladover et al., 2012); reduced in-
vehicle VOT due to the eliminated driving burden (Batley et al., 2010; lan Wallis Associates Ltd,
2014; Le Vine et al., 2015b); lower operation cost (due to reduced insurance and fuel costs as
well as avoided labor costs in taxis) (Kohler, 2018; MacKenzie et al., 2014; Wadud et al., 2016);
induced demand (new user groups who were not traveling before because of age (too young or
old), disability or lower income) (Brown et al., 2014; Harper et al., 2016; Wadud et al., 2016); and
the impacts of automated shared mobility services and parking patterns. The rest of this section
elaborates on each approach; a more comprehensive review can be found at (Pettigrew et al.,
2018b).

Increased Capacity

The efficient design and smooth driving of CAVs are expected to increase effective roadway
capacity by enabling smaller vehicles and shorter headways. Moreover, safety improvements will
lead to more efficient road capacity by reducing non-recurrent congestion due to accidents.
(Shladover et al., 2012) conducted field tests and microsimulation modeling of CAVs and found
increases in the roadway capacity ranging from 5% to 89%, with an increase in market
penetration. (Amblihl et al., 2016) implemented reduced headway from two seconds to one half
a second for AVs using a mesoscopic simulation model on a gridded network, and reported up to
tripled network capacity. (Lioris et al., 2017) applied queuing models to simulate AVs with
headways of three-fourths of a second on a small urban network. Results showed a doubling and
tripling of roadway capacity and intersections, respectively.

Reduced In-vehicle VOT

Autonomous Vehicles eliminate the burden of driving and provide a more pleasant, comfortable
trip due to the potential amenities inside the car. Passengers will be free to use in-vehicle time
more productively by engaging in other activities in their vehicles.

There are a few studies to measure the VOT for passengers compared to the one for drivers based
on stated preference surveys in different countries and for different travel purposes. One study
in the U.K. found that the average ratio for passenger VOT compared to driver VOT is 63% for
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commuter travel, 75% for other travel, and 78% for business travel (Wallis et al., 2014). A study
in Australia indicated that the VOT for passengers is 75% of drivers, generally (Hensher, 1987). In
Denmark, passenger VOT is 67% that of the driver ,and 82% when it was adjusted for the level of
income (Fosgerau, 2007). This study did not report any significant differences in VOT by trip
purpose. The numbers mentioned above are extrapolated from surveys that may or may not be
transferable to the CAV passengers’ experience.

Another category of studies examines the rail passenger’s VOT while traveling with this public
transit line. Only 13% of passengers in the U.K. were engaged in work and study, while 62% to
85% reported doing other non-work activities during their trip with rail transport. Another study
by (Batley et al., 2010) in the U.K. found that the train passenger’s VOT is more than 10 times
that of a car. However, the level of comfort in an automobile (automated/non-automated)
cannot equal that found in trains due to cars’ greater motion dynamics (Le Vine et al., 2015a).

Induced Demand

CAVs will increase the travel demand as they provide mobility for the disabled, young, elderly,
and low-income populations and any other individuals who may not have been able to drive
before. This will contribute to more VMT and traffic congestion. Many studies attempted to
estimate this increase using the 2009 National Household Travel Survey (NHTS) data. Two other
similar studies by (Wadud et al., 2016) and (Harper et al., 2016) estimated the increase in vehicle
trips for non-driving seniors (62 to 65 years and older). Both studies assumed the same travel
rate for seniors as for younger drivers. (Wadud et al., 2016) estimated a 2% to 10% increase in
VMT and (Harper et al., 2016) indicated a 14% increase in annual VMT in the U.S., assuming the
same driving rate for working adults (age 19-64) with travel-restrictive medical conditions as for
those without. (Schoettle and Sivak, 2015) conducted an online survey of young people (age 18
to 39) without a driver’s license and revealed that four of the underlying reasons for not having
driver’s license would be eliminated in the presence of AVs which would contribute to a 10.6%
increase in annual VMT in the U.S. population.

Operating Cost

Safer and potentially low-weight CAVs will tend to reduce the per-mile cost of operation. (Wadud
et al.,, 2016) estimated a 60% to 80% reduction in insurance costs for CAVs due to safety
improvements. Moreover, reducing weight for CAVs can reduce fuel consumption by 5.5%, which
leads to lower operating costs (MacKenzie et al., 2014).

Shared Mobility Services

Passenger cars are parked 95% of the time, and even during peak hours, only 12% of them are
on the road. This indicates that most of the time they are underutilized while occupying a space
without providing service (Morris, 2016). New mobility services such as ridesharing and
carsharing can change this trend, and yet, there are barriers against their widespread adoption.
There are not often enough vehicles accessible to all users, and their marginal per trip-pricing is
higher compared to private cars. It is speculated that CAVs can mitigate these barriers by being
able to deliver themselves to demand requests and reducing the operation cost. This can boost
utilization, reduce parking spaces, and provide almost the same level of mobility for people.
(Fagnant and Kockelman, 2014) simulated an automated taxi fleet in an Austin-like city and
calculated life-cycle energy and emission impacts, and showed reductions in energy use by 12%,
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GHG by 6%, volatile organic compounds (VOC) by 49%, and carbon monoxide (CO) by 34%.
However, it must be noted that new shared mobility services potentially increase VMT by
attracting new user groups, as well as increasing empty mileage due to vehicle relocation. For a
comprehensive literature review, the reader is referred to (Rodier et al., 2018a). The
implementation of shared CAVs is outside the scope of this study.

Impact assessment

The San Francisco Bay Area MTC-ABM belongs to the CT-RAMP (Coordinated Travel-Regional
Activity Modeling Platform) family of ABMs developed by Parsons Brinkerhoff. The MTC-ABM
estimates the activities or day patterns that drive individuals’ need to make travel-related choices
in time and space, and are based on travel diary surveys (e.g., 2000 Bay Area Travel Behavior
Survey, and other recent efforts). In the model, tours are the unit of analysis in a day pattern. A
tour represents a closed or half-closed chain of trips starting and ending (in hourly increments)
at home or at the workplace, and includes at least one destination and at least two successive
trips. The MTC-ABM includes four mandatory tours (work, university, high school, and grade
school), and six non-mandatory tours (escort, shop, other maintenance, social/recreational, eat
out, and other discretionary). All individuals and their socioeconomic characteristics in the MTC
study area are generated through a statistical process known as a population synthesis, which
expands survey samples (e.g., 2000 Public Use Microdata Sample and 2010 Census data) of
households to represent the entire population. The 2010 zone system includes 1,454 zones. Static
network assignment includes the following periods: early off-peak (3 AM to 6 AM), morning peak
(6 AM to 10 AM), midday (10 AM to 3 PM), PM Peak (3 PM to 7 PM), and off-peak late (7 PM to
3 AM).

The MTC-ABM runs iteratively and at each iteration, tour and trip lists are generated for all
individuals within the sample. The selection of choices at each stage of the model depends on
the individual’s socioeconomic characteristics and the relative attractiveness of the choice. The
generated individual trips are aggregated at the zonal origin and destination matrices and
assigned to the network by mode (drive alone, shared rides, bike, walk, walk-transit, and drive-
transit) and by period. After the assignment, the updated network variables such as traffic
volume and speeds and later, travel times are calculated and stored as average loaded network
files to be used for the next iteration. These new network values are used to derive zonal skims
(e.g. in-vehicle travel time and wait time), which are subsequently input to the following model
components: (1) trip generation by zonal accessibility log sums, (2) mode choice by the utility
function, (3) trip distribution by mode choice log sum parameters, and (4) traffic assignment by
the general cost function.

This study builds on the previous work that explored the travel demand impacts of CAV scenarios
using the MTC-ABM (Rodier et al., 2018b). Based on the literature, and expert judgments, the
scenarios included doubled roadway capacity; 25% reduction of in-vehicle value of time; 20%
reduction in vehicle operating cost per mile; induced demand from people that could not drive
before because of age restrictions or vehicle accessibility. See (Rodier et al., 2018b) for a detailed
description of the scenarios, their implementation, rationale, analysis, and limitations. TABLE 1
shows the results of a scenario combining the aforementioned assumptions and is used as the
basis of the current study. The results represent the base-case scenario, where all travel and
network parameters are set to default values representing the transportation system in the year



2010. The results show that VMT increases by 10% along with a noticeable decrease in VHT and
delay. The trip mode share shows an increase in the single-occupancy vehicles (SOV) mode with
decreases in all others. This is because the travel opportunities and potential perceived benefits
of CAVs make travelers more inclined to travel alone than to share rides, take public transit, or
pursue active transportation. The research team then integrated these outputs with the ITHIM
model to assess the health impacts of CAVs.

TABLE 1. CAV Combined Scenario Results

Measure Value Base Case CAV Scenario
VMT Total Daily 186,680,784 204,827,275
(vehicle-mile) | Change (%) | -—-—-- 10%
VHT Total Daily 5,141,012 4,914,833
(vehicle-hour) | Change (%) | ----- -4%
Delay Total Daily 862,505 300,990
(vehicle-hour) | Change (%) | - -65%
Mode share | SOV 11,616,115 (48%) | 12,607,211 (52%)
Change (%) | -——-- 9%
Shared Ride 8,789,456 (36%) | 8,550,862 (35%)
Change (%) | -——-- -3%
Transit 1,176,641 (5%) 944,931 (4%)
Change (%) | -——-- -20%
Walk\Bike 2,624,613 (11%) | 2,324,475 (9%)
Change (%) | -—- -11%
Total Trips 24,206,825 24,427,479
Change (%) | -——-- 1%

Travel Safety

Background

The WHO estimates more than 1.3 million deaths globally each year are due to road crashes, as
well as 20-50 million injuries and disabilities. These rates are expected to double by 2030 without
any responsive actions. More than half of all road traffic deaths happen among vulnerable road
users: pedestrians, cyclists, and motorcyclists (World Health Organization, 2020). Serious non-
fatal injuries can have a major impact on the survivors and their dependents' quality of life, and
also pose a burden to society. Physical disability caused by road injuries limits individuals’
activities and social participation. This brings psychological and economic consequences to the
victim, and to others that might persist in the long-term (Weijermars et al., 2017).

Several innovations in vehicles such as seatbelts, airbags, and automated brake systems have
reduced the number and severity of injuries; however, morbidity and mortality tend to increase
with vehicle usage (Crayton and Meier, 2017). Many studies conclude that the proximal cause of
over 90% of motor vehicle crashes is human error (Atiyeh, 2012; Barth and Boriboonsomsin,
2009b; Berry, 2010). Generally, human error is mediated through the PIJR (perception (P),
interpretation (1), judgment (J) and reaction (R)) process. The National Motor Vehicle Crash
Causation Survey (NMVCCS 2005-2007) derives the critical reasons behind human errors in
driving by studying more than two million crashes nationwide (He et al., 2012; Matsumoto et al.,
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2014). Descriptions of these reasons, along with the estimated proportion of crashes nationwide
(Noy et al., 2018) are presented in FIGURE 1. It is also important to recognize that there are
potential biases within the crash data, i.e., a major concern with police-reported traffic injuries
is that of under-estimation of collisions.

Inadequate surveillance,
Internal distraction, External
distraction, Inattention (e.g.,
daydreaming, etc.)

Sleepiness, Influence of
Alcohol or Drugs, Heart
attack or other physical
impairment

Overcompensation, Poor
directional control,
Panic/freezing

Too fast for conditions, Illegal
maneuver, Misjudgment of
""" gap or other's speed,
Following too closely,
Aggressive driving behavior

® Non-performance ™ Decision ™ Performance Recognition

FIGURE 1. Critical driver-related reasons for road crashes in San Francisco Bay Area

In general, automated driving could reduce fatality rates to zero (Liu et al., 2017), but there are
uncertainties associated with this claim and its underlying assumptions (Mensing et al., 2013):

1. Human error is the result of misperception, misjudgment, or inappropriate behavior.
There may be other factors involved in the crashes labeled as human error such as poor
roadway design and visual obstructions that induce human errors. Additionally, crashes
can happen as a result of the human driver taking control of the autonomous vehicle.
Approximately, 45% of the mileage driven by Google cars was in manual mode (i.e., with
driver), and two crashes were reported (Jeong et al., 2017). Furthermore, 12% of crashes
occur due to false assumptions about other drivers’ behavior.

2. Technology is error-free. Software failures could exist with more catastrophic results than
those that may occur on a desktop computer. There are no algorithms so far that cover
all types of crashes that might happen with a CAV, as the current safety rules are defined
based on human driver behavior, as there is not enough data or evidence on the CAV side.
Moreover, object recognition on the road is more challenging for CAVs than for human
drivers. Today, weather conditions and levels of light impact CAV detection and
operations quality (Zhang et al., 2010).

As a result, fatality rate reductions may happen gradually as CAV technology progresses when
vehicle manufacturers and software developers learn from previous experiences to enhance the
system logics. New types of crashes might emerge, such as software failures, for which the
prediction of occurrence rate will not be possible within the near future.



There are a few studies that measure the safety impacts of CAVs. (Jeong et al., 2017) evaluated
the (cooperative) adaptive cruise control and the automatic emergency braking system for rear-
end crash risk reduction by simulating both the vehicle and traffic stream maneuvering. Results
indicated that increased market penetration leads to a significant reduction in rear-end crashes.
In another study, (Xia et al., 2013) evaluated the effectiveness of the sensing capabilities of AVs
in pedestrian fatality reduction. Results showed that CAVs can reduce pedestrian crashes via
more expensive combinations of technologies, while the most affordable detection technology,
cameras, is unlikely to be effective.

Impact assessment

Under a best-case scenario based on the literature review, the analyses consider that all human
error crashes would be eliminated through vehicle automation and connection, which is
equivalent to a 90% reduction of total crashes. In this case, the study assumed the technology to
be error-free, and that any human error would be entirely the result of misperception,
misjudgment, or inappropriate behavior. However, there are many exceptions to these
assumptions, as discussed before, such as manual control by the human diver, misjudgment of
other road participants’ actions, and hardware and software failures. Nevertheless, in a full
market penetration and the highest level of autonomy, all of the vehicles are expected to be
connected and fully controlled by an automated system in all driving aspects. The analyses also
assume that hardware failures are included in the remaining non-human error 10% crash rate.
However, for software failure, it is expected that the impact on driving performance would be
similar to non-performance crash causes, such as sleepiness, intoxication, heart attack or other
sudden physical impairment, representing 9% of total human error crashes in the case study
region (FIGURE 1). Accordingly, a 70% crash reduction rate is estimated as a lower bound safety
effect, including software failure crashes.

Transport Emissions

Background

Vehicle emissions are an important source of air pollution, which causes several pollution-related
human diseases, including respiratory infections, heart disease, stroke, and lung cancer. Air
pollutants emitted into the atmosphere by vehicle combustion engines include CO,, CO, NOy,
volatile organic compounds (vOCs) and particulate matters (PM), among others.

CO; has been described as the leading pollutant, making up roughly 99% of the total GHGs
emitted from the tailpipe. A typical passenger vehicle emits about 4.6 metric tons of CO; each
year. Asthma and Allergy Foundation of America states that CO; plays a catalyzer role in the
process behind human allergies and symptoms. Moreover, ragweed, a flowering plant and an
important source of allergens, grows faster and in larger volumes when CO; levels are high. As a
GHG, it contributes to a warmer environment suitable for allergenic plant growth and climate
change, which expands allergy season (Staudt et al., 2010). In an intense case, it can trigger
asthma attacks as well (DerSarkissian, 2019). Overexposure to CO; by inhalation, particularly
inside a vehicle or a closed space, causes adverse health impacts starting with dizziness,
headaches, breathing difficulty, vomiting, vision problems and might end by heart attack, coma,
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and death. CO; inhalation during long-distance vehicular travel impacts driving skills and
decision-making, which might cause road crashes and injuries.

Particulate matters (PM)s are tiny solid or liquid particles suspended in a gas. Because of the size
of the particles, they can penetrate the deepest part of the lungs and cause human diseases such
as asthma, respiratory symptoms, chronic diseases, lung cancer, cardiovascular diseases, and
premature deaths, particularly for children and elderly populations having preexisting heart or
lung diseases (Babadjouni et al., 2017; Brook, 2008; California Air Resource Board, 2020; Kurt et
al.,, 2016). In the U.S, transportation is responsible for less than 10% of PM;s emissions
(Environmental Protection Agency, 2012). There are two main sources of PMa.s emission in
transportation: exhaust emissions and non-exhaust emissions. Exhaust emission is the result of
engine-related processes, and emitted directly from the tailpipes of on-road vehicles. On the
other hand, non-exhaust emissions include tire wear, brake wear (created by abrasion, corrosion,
and turbulence) and suspension/resuspension of road dust. In addition to these two main
sources, PMy s is created by chemical reactions formed by precursor emissions such as SO, NOy,
VOCs, and NHs, exiting through the exhaust stream of on-road vehicles (Mendoza-Dominguez
and Russell, 2001). Measuring PM;s emission from the latter source is difficult because the
chemical process behind the formation of second-hand PM,s depends on environmental
conditions which vary regionally and seasonally, and many of the resulted products can fluctuate
between particulate and vapor states, depending on the condition (Hodan and Barnard, 2004).
Exhaust emissions can be mitigated by employing eco-friendly technologies and alternative fuels
(e.g. electricity, hydrogen fuel cell or compressed natural gas) in vehicles, however, brake and
tire wear emissions depend on the building materials inside tires and brakes, as well as the road
surface. It is estimated that non-exhaust emissions rise as vehicles depreciate, or as their weight
increases. Besides, re-entrained fugitive dust from old unpaved roads contributes more to PM; s
formations due to the friction between vehicle tires and the road surface (Hodan and Barnard,
2004). Producing tires and brakes with eco-friendly materials, installing alternative electric
brakes, improving the road pavements and maintenance, mitigating stop-and-go driving, and
decreasing vehicle weights are among suggested strategies to reduce non-exhaust PM;.semission
from the transportation sector.

CAVs manufacturing and operational characteristics impact the amount of emission they
generate compared to traditional cars. This work is only concerned with the operational phase
of the vehicles, and does not include manufacturing, fuels and energy production, and end-of-
life. The mechanisms enabled by CAVs impacting travel emission are summarized below:

Traffic congestion

Automation coupled with vehicle to vehicle (V2V) and vehicle to infrastructure (V2I)
communications could improve traffic congestion and reduce fuel consumption/emission. Real-
time route guidance or eco-routing could reduce system-level GHGs emissions by 5-10% (Rios-
Torres and Malikopoulos, 2017), and energy consumption by 5% (for a plug-in electric vehicle)
(MacKenzie, 2013). The previously discussed safety benefits of CAVs could also reduce congestion
by 13%, considering that 25% of congestion is attributable to traffic incidents, around half of
which are crashes (Robinson et al., 2010). Recent studies have estimated some of these impacts.
(Duan et al., 2007) assumed a 75% congestion reduction (60% on the freeway, and 15% on
arterials), which is equivalent to a 25% fuel consumption reduction due to better route choice,
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lower road-train drag, and more optimal drive cycle in a 90% market penetration. (Barth and
Boriboonsomsin, 2009b) estimated an increase in fuel economy and congested speeds within a
range of 23—-39% and 8-13%, respectively, for all vehicles on the freeway. (Schoettle and Sivak,
2015) assumed a 4% fuel consumption reduction by CAVs in 2050.

Eco-driving

Eco-driving is a driving approach where speed, acceleration, and braking are governed by fuel
efficiency. Empirical studies show that eco-driving could reduce fuel consumption by an average
of 10% to 20% for real-world and simulation experiments, respectively (Schito, 2012). Another
study indicated a 35%-50% energy saving under an optimal driving cycle in heavily congested
conditions (Berry, 2010; He et al., 2012). However, depending on the presence of other vehicles
on the road, eco-driving could increase headway distance (Matsumoto et al., 2014), and the
benefits would only be 15% (Mensing et al., 2013). (Wadud et al., 2016) also discusses that
possible impacts depend on the eco-driving algorithms embedded into CAVs.

(Liu et al., 2017) simulated the emission impacts of CAVs and recorded emission reductions of
CO, and PM;s of 2-3% and 2-11%, respectively, for gasoline vehicles. For diesel cars, they
estimated 2% and 10% reduction of CO, and PM;s, respectively. (Barth and Boriboonsomsin,
2009a) conducted a real-world experiment on a congested highway, resulting in a 13% fuel
consumption and 12% CO, emission reductions. With the information from the road and
infrastructure, the vehicles’ predictive powertrain control functions could carefully select
available gears (Vahidi and Sciarretta, 2018). (Zhang et al., 2010) estimated a 3-6% energy
efficiency gain for a hybrid electric vehicle driving on hilly roads of California. CAVs could also
improve efficiency by improving operations at the intersections with information about signal
phase and timing (SPaT). Simulation studies reported a 6-25% network-wide energy efficiency
gain under various conditions (Kamalanathsharma et al., 2015; Wang et al., 2016; Xia et al., 2013).
Lastly, lane change and merging are complex driving decisions; microscopic simulation studies
estimated 8 to 14% efficiency gain in lane selection (Dollar and Vahidi, 2018; Kamal et al., 2016),
and 48% gain from yielding and merging (Rios-Torres and Malikopoulos, 2017).

Engine performance

Today’s vehicles are capable of accelerating very rapidly, but at the expense of fuel efficiency.
However, considering the connected system, CAVs may not need to experience this acceleration
to improve energy efficiency. Assuming that acceleration rates stabilize at the current rate of 7.8
seconds (0 to 60 mph), (MacKenzie, 2013) estimated a 5% energy intensity reduction in the
future. Moreover, they showed that dropping acceleration to 8.8 seconds (1982 levels) would
lead to fuel consumption reductions of up to 23%.

Platooning

Platooning reduces fuel consumption and emissions through the reduction of aerodynamic
resistance when multiple vehicles are closely following each other. Platooning benefits are
realized significantly in tight formations which is unsafe without automation due to human
drivers’ longer reaction time to the speed changes of vehicles ahead. (Robinson et al., 2010)
conducted simulations on three trucks following each other at a speed of 80 km and a distance
of 4 meters in Japan, and found an average of 15% fuel consumption reduction. Another study,
in Europe, considered the case where two trucks were followed by three passenger cars traveling
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at 56 mph, at a distance of 4 meters. They found an average of 8% fuel consumption reduction
for the leading vehicle, and 16% for the followers. In a longer platoon stream (five vehicles or
more, separated by 0.5-1 vehicle length) 45-55% of average drag reductions have been reported
(Duan et al., 2007; Schito, 2012). In the U.S., (Wadud et al., 2016) calculated an average energy
saving of between 3-25% on U.S. highways for light-duty vehicles when platooning.

Travel speeds

Automation and cooperation allow CAVs to drive close to any posted speed limit regulated on
the roads. On the other hand, faster and more efficient navigation and reaction times of CAVs
make it possible for them to drive safely at higher speeds as well, thus they can provide the
opportunity to increase the speed limit. Assuming drivers increase their speed until the marginal
value of saved time equals the marginal cost of increased fuel consumption, (Wadud et al., 2016)
calculated an increase in energy intensity within the range of 7-22% on highways for light-duty
vehicles.

Vehicle size and weight

CAVs are expected to be smaller and lighter mainly due to the elimination of safety features (e.g.
airbags, structural steel, and roll cages) as they become safer. (MacKenzie et al., 2014) predicted
that this could reduce fuel consumption by 5.5%. On the other hand, additional installed features
such as sensors and cameras or user convenience tools will add to both vehicle weight and size.
Using the car weight increase rates from 1980 to 2010, (MacKenzie et al., 2014) estimated an
11% increase in fuel consumption in 2050, with a net impact of around 5.5%. Moreover,
considering that around 98% of trips are single passenger vehicles in the U.S. there is an
opportunity to right-size the fleet (though it is expected that CAVs will also foster shared
mobility). Using current travel patterns, (Wadud et al., 2016) estimated the impact of right-sizing
vehicle. If all private vehicle trips with 1-2, 3-4 and 5-7 travelers were met with compact cars,
midsize cars, and minivans, respectively, energy intensity would decrease by 21%. Using smaller
vehicles for single-occupancy trips reduces energy by 45%.

Fuel type

Alternative fuels, particularly electricity, hydrogen fuel cell or compressed natural gas, provide
another opportunity to decrease energy intensity and emissions from the transportation sector.
Although electrification, for instance, is not a requirement for CAVs, it could potentially be a
sustainable pathway. Charging times and charging detours (distance to reach charging
locations/stations) could potentially affect the efficiency and availability of the vehicles.

Parking

According to (Mitchell, 2007), half of the fuel consumed by cars in urban areas is due to cruising
for parking. Additionally, parking has consumed vast amounts of land and resources in American
cities to accommodate the billion parking spots across the United States (Litman, 2018; Plumer,
2016). CAVs are expected to revolutionize parking structures and needs. Shared CAVs also
contribute to parking space reductions, particularly up to 67% in central business districts (CBDs)
(Zhang and Guhathakurta, 2017). These erase the high expenditure and emissions associated
with parking construction. V2I features in CAVs can intelligently direct cars to the closest available
spot, thus, cruising for parking would be reduced. However, because of the increased travel
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mileage to relocate for parking, the net effect might not significantly impact emissions and fuel
consumption. Studies estimate the relocation share of total VMT to be 10-90% for personal AVs,
and 10-20% for shared AVs (Rodier et al., 2018b).

Impact assessment

Here, we estimate final rates for emissions due to CAV features per each mechanism studied in
the previous section. The majority of the rates derived by reviewed studies are in terms of
fuel/energy consumption, however, according to (Barth, 2000; Barth and Boriboonsomsin,
2009b), CO, and fuel are linearly related. Thus, the same rate can be approximated to CO;
emission as well. For PM;s, no particular trend was found to relate it directly to vehicle
fuel/energy consumption. This is because there are other sources for PM, s, particularly tire and
brake wear, in addition to operational fuel consumption. To estimate the change in PMys, we
made several assumptions. We assume that a change in CO, emissions is proportional to the
change in VMT. To derive the change in PM2s from CO;, we used a linear relationship model
between car VMT and air shed levels of PM, 5 developed for the San Francisco Bay Area (Eq. 1)
(Maizlish, 2016b):

PMZ.S scenario — PMZ.S baseline — (3'17 * AVMT + 0'23)/1000 (1)

Assuming a linear relationship between VMT and CO; emission, we replaced change in VMT with
change in CO; emission estimated for each mechanism considering 9.3 ug/m3 as the baseline
value of the emission, according to ITHIM calibration database for the case study.

For the initial analysis in this study, all vehicles are assumed to be of gasoline type, wherever
appropriate. According to the EMFAC database, 99% of LDVs on the roads will be gasoline in
2040.

Traffic congestion

For traffic congestion, 5-10% of system-wide fuel consumption reduction was estimated by (Rios-
Torres and Malikopoulos, 2017) because of real-time routing. The elimination of total road
crashes also contributes to congestion reduction by 13% (Robinson et al., 2010). According to
prior 70-90% estimated crash reduction by CAVs, congestion reduces by approximately 11% in
our scenario. Assuming a linear relation between congestion and travel speed (Barth et al., 1999),
this leads to a 5.5% decrease in CO, emission based on emission—speed curves developed by
(Atiyeh, 2012). The average travel speed (weighted by VMT) equals 23.5 mph for our travel model
scenario.

Eco-driving

(Liu et al., 2017) estimated emission reductions of 2-3% and 2-11% for CO; and PM; 5 considering
smooth driving in gasoline cars for different types of facilities. In our scenario, 72% and 28% of
VMTs are on highways and urban roads, respectively. Accordingly, a reduction of 2% and 4.5% in
CO, and PM;5 were estimated considering smooth driving. We assume an additional 3-6%
emission reduction due to road grade anticipation and speed adjustment at the top of these
numbers. Due to V2| communication at the intersection, there is an opportunity for 6-25%
emission savings referring to several studies on energy efficiency gained by accessing signal phase
and timing information (Vahidi and Sciarretta, 2018). All of these together lead to an emission
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reduction of 11-33% for CO; and 5-5.5% for PM,s. Here, the analyses assume that the impact of
improved lane changes and merging strategies on energy consumption is negligible compared to
their effects on road capacity, which is already included in the travel model.

Engine performance

For engine performance, a 5-23% emission reduction is estimated when boundaries correspond
to stabilizing acceleration/deceleration rates at the current value and when reducing it to the
level of 1980s vehicles.

Platooning

For platooning, we based our estimate on the fraction of energy wasted to overcome
aerodynamic drag. This can be eliminated by AV driving. As we are considering full market
penetration, the formation of longer platoons is possible. From the literature, we know that 45-
60% of drag is reduced on highways through long platoon formation. In our case study, 70% of
total VMT is on freeway facilities, and 85% on freeways and major arterials. (Kasseris, 2006)
indicates that 50% and 75% of tractive energy is consumed to overcome drag on the U.S. Highway
Fuel Economy Test cycle (up to 60 mph) and steady-speed travel at more typical highway speeds
respectively (up to 75 mph). As we aim to increase travel speed on highways to 80 mph, we will
increase the tractive energy consumption rate from 75% to 80%. Combining all of these, we
suggest a fuel consumption reduction of 16- 41%. However, longer platoons may block/pause
on/off-ramp traffic, causing traffic congestion and increasing emission/energy consumption in
return. To take this into account, we reduce the already obtained absolute values by 50%
(Yelchuru et al., 2014) to update the platoon reduction rate to 8-20% instead.

Travel speeds

For the speed limit, an increase to 80 mph on highways is set in our scenario. This is equivalent
to a 20% increase in vehicular emission. In the travel model scenario, 70% of VMT is on highways,
thus emissions increase by 14%.

Vehicle size and weight

Combining additional convenience features and eliminating safety features leads to a net
increase of 5.5% in vehicle weight. Assuming a linear relationship between vehicle weight and
fuel consumption (Bandivadekar et al., 2008), this is equivalent to the same rate of increase in
emission. In our travel model, 87% of total trips are by passenger cars. Hence, the final rate of
increase in emissions is 0-5%. For right-sizing, all single and two passenger car trips are assumed
to be replaced by two-seat cars, which are 29% lighter than an average car (compared to a Smart
car). In our travel model, 70% of total trips are by single and two passenger cars. Then, the
reduction rate in vehicle weight, as well as fuel/emissions, equals 20%. The study does not
consider one-seat cars or transition to compact cars, as in our scenario all of the auto trips are
made by personal vehicles, and safety is not the only factor impacting households’ auto purchase
decisions.

This study did not consider mobility services such as taxis, ride-sourcing, and carsharing, as well
as cruising for parking. The authors conducted additional scenarios to analyze the impact of
electrification of CAVs. The summary of the range of change rate in emission types per
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mechanism is illustrated in FIGURE 2. The reader is referred to Appendix A for a summary of
assumptions behind the potential impacts for each mechanism.
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FIGURE 2. Summary of estimated ranges of operational emission impacts of vehicle automation
through different mechanisms in the San Francisco Bay Area: (a) CO2; (b) PM.
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Integrated Transport and Health Impact Model (ITHIM)

ITHIM, conceived in 2010, is an open-source tool that reflects the peer-reviewed science with a
web-accessible engine capable of inputting calibration and scenario data to generate quantitative
estimates of health impacts (Maizlish, 2016a; Maizlish and Siegel, 2012; Maizlish et al., 2013;
Whitfield et al., 2017; Woodcock et al., 2009; Woodcock et al., 2013). The model has been used
by large MPOs in California and has accurately predicted the health co-benefits of greenhouse
gas mitigation strategies in their transportation sectors (Mueller et al., 2015). ITHIM considers
physical activity, air pollution and road injuries in its assessments ,which are recognized as the
main factors through which transportation can impact human health (Mindell et al., 2016).
Specifically, ITHIM is based on comparative risk assessment methods, where a change in the
disease burden, DB, as a result of a shift in the exposure distribution from a baseline scenario to
an alternative scenario, is expressed by (Eq. 2):

Xmax R . _ (¥max E ;
ADB = fxmin RR(J‘)P(l)dx fxmin RR(x)Q(x)dl

X ; 2
f:m,“x RR(xX)P(x)dx Baselines ( )
“mmn

RR(x) is the relative risk at exposure level x, weighted by population distribution P(x) and Q(x)
associated with baseline and alternative scenarios, respectively. DB represents the burden of
disease measured in the unit of Disability-Adjusted Life Years (DALYs), which is a sum of Years of
Life Lost due to premature death (Triantaphyllou) and Years of Living with Disability (YLD). For
the baseline scenario, the DALYs were obtained from the Global Burden of Disease database for
the U.S. in 2010 (Murray, 2013), and scaled to the Bay Area population-adjusted in age-gender
strata by the ratio of the San Francisco Bay Area to US mortality for specific chronic diseases and
road traffic injuries. ITHIM characterizes physical activity in quintiles of a lognormal distribution
of per capita mean weekly active transport and non-transport time and its standard deviation.
The active travel times for walking and cycling are weighted by metabolic-equivalent task hours
to incorporate energy expenditures. To model exposure to air pollution, ITHIM uses population-
weighted average airborne fine particulate matter PM2s based on outputs from automobile
emissions and air shed models calibrated for the Bay Area. RR of PMysis is represented by the
change in risk per microgram per cubic meter of PMys. To estimate vehicular carbon emissions,
ITHIM takes emission rates from the EMFAC database and multiplies by per capita car VMT and
the scenario population. EMFAC emission rate is aggregated from cars and light trucks, estimated
for each California region for a typical year. The EMFAC model takes into account the
characteristics of the vehicle fleet, fuel type (gasoline, diesel, and electric), and operating
conditions (Maizlish et al., 2013). In this study, we consider the year 2010 and 2040 as the base
and AV scenario years, respectively.

Systematic reviews identified causes of mortality and morbidity that show strong evidence of an
RR-exposure gradient for physical activity and air pollution. The causes impacted by physical
activity include diabetes, dementia, depression, colon cancer, and breast cancer. Similarly, those
impacted by air pollution include lung cancer, respiratory diseases and infections and
inflammatory heart diseases. Three other causes are related to both physical activity and air
pollution: stroke, hypertensive heart disease and ischemic heart disease (Maizlish et al., 2013).
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ITHIM models road traffic injuries (RTI) in the baseline scenario as a rate for each pair of victim
mode i and striking object mode j which can be a bicycle, pedestrian, motorcycle, car, bus, and
truck. The injury rate, R, is the formulation (Eq. 3):

Y Injuriesy;

= JY Victim Mode Miles xStriking Mode Miles (3)
Where, Ro is calculated in terms of injury per mile of travel for each possible pair of modes and
segmented into different road facility and severity types. For both fatal and serious injuries,
facility types are categorized as local, arterial, or highway. Baseline injury numbers were
compiled from the Statewide Integrated Traffic Reporting System (SWITRS), 2006-2010. The
predicted number of injuries for an alternative scenario is obtained by multiplying the baseline
rate by the square root of the change in distances traveled by victims and striking vehicles on the
roadway type. The square root is a central estimate of 'safety-in-numbers,' which describes the
empirical observation that injury rates to pedestrians and cyclists decrease non-linearly as their
mode share increases (Elvik and Bjgrnskau, 2017; Jacobsen, 2015).
This study uses the California version of the ITHIM model implemented as spreadsheets in Excel.
This model poses features that enable users to specify different calibration data sources (survey
or travel models), developing and running various scenarios by altering independently the model
variables and taking advantage of plotting tools and tables to summarize health outcomes.
CAVs impact travel demand, travel safety and travel emissions in a wide spectrum of ways, as
noted in the previous section. These impacts affect human health through various diseases and
disabilities as illustrated in FIGURE 3. The contribution of each transportation pathway to the
majority of diseases is captured by ITHIM, however, there is a gap in modeling the potential
health consequences of CO;, such as allergies and eye diseases. This is a limitation for this study,
and a potential direction for future work.
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Health Impact Assessment: Empirical Results

To implement health impact assessments in ITHIM for a CAV scenario, we customized the model
to our case study (San Francisco Bay Area) and estimated the impacts across three levels: travel
demand, travel safety and travel emissions, referring to the findings from the previous section.
We prepared ITHIM inputs by extracting travel times and distances per facility type and mode
from the AV scenario. To this aim, several code scripts in R, Python, and Cube language were
written and executed over trip lists and loaded network files from the travel model. Coupled with
these, several scenarios were developed implementing estimated safety and emission impacts
on car safety risk ratios and emission calculations, respectively. The reader is referred to
Appendix B for a description of the files and processes to integrate the results from the MTC-
ABM model into ITHIM.

TABLE 2 shows the results for the various scenarios considering midpoints of the estimated range
of change in emissions. Daily physical activity time for walking and bicycling decreased from the
median of 8.2 and 0.4 minutes in the baseline to 7.2 and 0.3 minutes in the CAV scenario. On the
other hand, daily travel time for the car driver and passenger individuals increased from 28.4 and
9.1 minutes to 32.2 and 9.5 minutes, respectively. The results also show significant reductions in
CO; emissions brought about by CAV technology, whereas PM; s emissions remain constant. This
is because the change estimated for this emission type was negligible, and an increase in car VMT
offsets the potential benefits from CAV operations.

TABLE 2. Predicted Emission and Per Capita Daily Travel Times by Travel Mode and Scenario

Travel time (minute per day)
Scenario Walk Bike Bus Train Car (Driver) Car (Passenger)
Baseline 8.2 0.4 1.7 1.6 28.4 9.1
AV 7.2 0.3 1.4 1.4 32.2 9.5
AV+50% AT 9.2 1.7 14 1.4 31.4 9.5
AV+10% AT 7.6 0.6 1.4 1.4 32.1 9.5
CO, PM,.5
Aggregate (MMT/Y)! Per Capita (MMT/Y) Mean per week (ug/m?)?

Baseline 16.1 2.3 9.30

AV 3.8 0.6 9.32
AV+50% AT 3.7 0.7 9.30
AV+10% AT 3.7 0.6 9.31

EAV 0.0 0.0 9.34

FIGURE 4 thru FIGURE 7 show estimated changes in DB as a function of change in physical activity
and PM,s emission levels for various scenarios. Compared with the baseline, decreased physical
activity in the AV scenario could generate an additional 37 premature deaths and 773 DALY per
year, particularly for diabetes and dementia (FIGURE 4). Together with PM, s emissions, DALY
increases by more than 900 with cardiovascular disease (CVD) and lung cancer representing a
large portion of it (FIGURE 5 and FIGURE 6). Moreover, the burden resulting from road traffic
injuries decreases significantly, avoiding 270-320 premature deaths and gaining more than 12-14
thousand DALY per year (FIGURE 7), primarily as a result of a decrease in car-car and car-
pedestrian crashes on local roads.
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Active transport (AT) increase scenarios

The results show that the substitution of active transportation by passenger cars due to CAV’s
travel advantages could lower physical activity levels, possibly leading to premature deaths and
disabilities. Thus, future policies should focus on promoting active transport mode shares (e.g.
pedestrian and bicycle facility improvement), and auto-alternative strategies (e.g. congestion
pricing or tolls for cars) to counteract the health consequences in the era of automation. These
policies could be leveraged by the fact that the perception of a safer and more environmentally
friendly transportation system as a result of CAVs would encourage more walking and biking trips
in the future. Two categories of policy implications can be considered. First category is by
promoting active transportation:

1. Improving pedestrian and bicyclist facilities (e.g. providing protected bike lanes and bike
parking racks) to encourage people to walk/bike for short distance trips and consider
exercise as a daily routine.

2. Improving public transportation as many public transit riders are multimodal and
access/egress the service on foot.

3. Developing partnership with new mobility services companies to provide bikes and
scooters options in connection with transit or wherever is appropriate.

4. Supporting mixed land use pattern development wherever it is appropriate. This enables
several key destinations to be within walking/biking distance from each other.

Second category is referred to auto shedding strategies:

1. Incentivizing city and region developers to reduce the size of parking spaces and impose
appropriate pricing rates for storing cars in public and private parking structures.

2. Implementing congestion pricing or tolls on specific bridges and highways as well as
zones.

3. Implementing high occupancy restrictions on specific facilities or zones.

To simulate the effects of active transport (AT) policies, we identified short SOV trips that could
be made by walking (under 1.5 miles), and biking (between 1.5 and 5 miles). From these trips, a
certain percentage (i.e., 10, and 50%) were replaced by active modes and reassigned to the
network in the travel model to update VMT and VHT parameters.

The results of AT policy simulations showed the enormous potential of active modes in
generating health benefits compared to the CAV scenario. An increase in active mode by a 50%
rate saves DALYs and premature deaths, which entirely compensate for the generated DB caused
by AV presence (FIGURE 4-FIGURE 6).

However, there is only a slight decrease in PM; s caused DBs (FIGURE 5) because of walkers and
bikers’ higher respiration rate, which can offset the benefits from eliminated car trips. From a
safety perspective, injuries and fatalities are increased, compared to the AV scenario (FIGURE 7).
This is because pedestrians and bicyclists are increased in these scenarios, and have higher
exposure to road crashes as vulnerable users.

20



Death DALY Death DALY Death DALY

1000 773

283
7 =4 _—

-70
-2000 —_—

-2,064

-3000

-4000 AV AV+50% AT AV+10% AT

W Diabetes @ Dementia Depression @ Coloncancer W Breast cancer

FIGURE 4. Predicted annual change in the burden of disease from physical activity compared with
baseline scenario, by cause of death and disability: San Francisco Bay Area
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FIGURE 5. Predicted annual change in the burden of disease from PM2.5 compared with baseline
scenario, by cause of death and disability: San Francisco Bay Area
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FIGURE 6. Predicted annual change in disease burden from physical activity and PM2.5 by
scenario and cause of death and disability: San Francisco Bay Area
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FIGURE 7. Predicted annual change in disease burden from road traffic injuries by scenario: San
Francisco Bay Area

The reader is referred to Appendix C for additional active transport scenarios and results.

Electrifying AV scenario

Although we only considered gasoline vehicles in this study so far, the electrification of CAVs is
indispensable due to the potential power budget issues these vehicles face in operation. Higher-
voltage electrical architectures embedded in electric vehicles (EVs) can accommodate CAV power
requirements to run their sensors, actuators, and computers (Offer, 2015). It is also speculated
that AVs travel longer than conventional cars, which increases their fuel consumption in return.
More efficient operation by electrification can also decrease maintenance costs (Murray, 2019).
To simulate the impact of electrification in CAVs, we designed another scenario where all CAVs
are assumed to be electric (EAV). EVs significantly eliminate exhaust tailpipe emissions (Office of
Energy Efficiency & Renewable Energy 2020), and so we considered zero tailpipe emission rates
for both CO; and PM2.s. Among non-exhaust emission causes of PM; s, those attributed to fugitive
dust from the road surface and secondary chemical reactions are not modeled in this study as
there are several environmental and regional factors involved in their formation, making their
measurement uncertain. Referring to EMFAC inventory (California Air Resource Board, 2017), in
our case study about 74% and 10% of total daily PM; s emissions from gasoline vehicles are due
to brake and tire wear, respectively. Both of these are affected by vehicle weight (Bai, 2015).
According to our estimates, AVs are 14% heavier (considering both vehicle weight and rightsizing
effects). Also, the extra weight of the battery, fuel-cells, storage tanks, associated with
electrification, increases the weight of a vehicle up to 20%, compared to a conventional vehicle
(easyelectriccars, 2019). Eco-driving impacts brake wear as well, by allowing smooth driving and
stop-and-go prevention. For eco-driving, we previously estimated a 5% reduction in PM3 s which
impacts the emission from tire and brake wear in EAVs. Figures 5 and 6 show an increase in the
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number of deaths and DALY from EAVs, which is particularly evident in lung cancer and
respiratory diseases. This is due to the increased level of PM; semission (Table 2) in this particular
scenario, where the PM,s emission is risen from the considered non-exhaust sources as a
function of the increased weight of EVs.

Generally, CAVs have the potential to significantly reduce CO; emission as well as road injuries.
Although they increase DBs associated with lower physical activity and higher PM,.s compared to
the baseline scenario, the health co-benefits of reduced road injuries appear to far exceed those
harms. Excluding the safety impacts of AVs, increasing physical activity by replacing 50% of short
SOV trips with walking and biking erases the AV-generated harms, and saves additional DALYs,
despite a slight increase in PM;s-caused diseases. On the other hand, electrifying AVs
significantly eliminates tailpipe emissions, while generating additional non-exhaust PM, s due to
heavier EVs on the road. This would triggers negative health consequences through increased
rates in respiratory diseases and lung cancer.
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Limitations

In this study, we used MTC-ABM to predict future travel behavior and network performance by
customizing vehicle characteristics (e.g. operating cost and speed) and individual driver’s choice
preferences (e.g. the value of time) or restrictions (e.g. driver age). However, there are certain
limits associated with this model and our estimates. The model: does not include new mobility
services (e.g. ride-sourcing services, carsharing, and bike-sharing); active mode trips are
underrepresented and their impacts on physical activity might be underestimated, as is the case
with many travel models,; has limited parameters to represent induced demand by CAVs into
individuals’ choice decisions; and it cannot model empty trips by CAVs, which are speculated to
be a major cause of traffic externalities in the era of automation. Understanding the potential
effects of CAVs on the transportation system is challenging, as there is no observed data on their
adoption, and no feedback from users of other transportation system stakeholders. Despite
these limitations, travel models still provide insights, given that they are based on travel survey
data, they can capture individuals’ travel activities, their willingness to pay, and their willingness
to endure waiting and travel times.

ITHIM is based on aggregated region-level travel data that relates the results of travel model
scenarios (in terms of travel demand, mode share, VMT) into health outcomes. While ITHIM is
appropriately matched to the purpose of this study, a more sophisticated version of the model is
under development that is designed to overcome its limitations. The current model does not
allow potential spatial variability analysis. While it provides insights on transportation’s relation
to human health, ITHIM requires more options to incorporate the various emission and safety
features of vehicles. The model does not include CO,-caused diseases or those related to other
emission types, such as NOx. Moreover, changes in travel- related physical activity are not
adjusted with respect to potential variations in non-transport physical activity. An ITHIM impact
assessment is focused on safety, physical activity, and emissions, while transportation impacts
human health on a much broader scale, including several other measures such as noise pollution
and accessibility.

Estimated rates of change in travel demand, emissions, and safety in the presence of CAvs are
only conducted for full market penetration at the highest level of autonomy. Several assumptions
were made to develop estimates for emissions and safety, such as linearity between vehicle
emission and energy consumption. Finally, a life cycle assessment of vehicle emissions is not
considered in this work, and recommended for future work.
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Discussion and Conclusions

This study investigates the potential human health impacts of CAVs concentrating on changes in
travel demand, safety, and emissions with full penetration of CAVs in the San Francisco Bay Area.
Different mechanisms of change were considered, and ranges of changes were estimated for
each pathway through literature review and expert judgment. The estimated impacts were then
implemented into MTC-ABM and ITHIM models. Several scenarios were also developed to
contend with the large uncertainties surrounding CAV deployment and operations.

Overall, the results show potential for CAVs to benefit human health through road traffic injury
reduction and emission , particularly CO,, mitigation, However, experientially, the convenience
of travel with CAVs would shift current active travel to these vehicles. Accordingly, a shift of 11%
walk/bike trips to SOV would generate annual 773 DALYs for physical activity-related diseases
(more importantly for diabetes and dementia), and average 915 DALYs in combination with PM; s
effects (mostly for CVD).

Additional scenarios considering an increase in active travel at the system level show that a 50%
increase in active modes (shifted from car trips) could offset the negative impacts from CAVs.
However, they could also slightly increase road traffic injuries, as well as air pollution. Electrifying
AVs in the latter scenario demonstrated high potential for a decrease in exhaust emissions, but
an increase in non-exhaust PM; s emissions due to heavier EVs.

To simplify analyses, we assumed that scenarios and their health outcomes were implemented
and achieved equilibrium in the baseline year of 2010. Based on previous modeling (Maizlish et
al., 2017), selecting a future year that anticipates both demographic changes and reductions in
disease rates does not materially alter the health outcomes. However, the phasing in of safety
improvements that overlap between CAVs and traditional vehicles could mitigate our results.
Still, there is much uncertainty about the impacts of CAVs, and while this study has limitations, it
provides insight into the human health impacts, under various scenarios. Moreover, the work
shows how planners could enhance their travel demand modeling capabilities to conduct health
assessment impacts with a tool such as ITHIM. ITHIM uses the outputs from demand models to
estimate a wide range of disease burdens and road injury rates based on the resulting travel
activity by the different modes.

The authors expect to update this study in future work to: 1) measure safety impacts from CAVs
using microsimulation and incorporating available crash data for the case study; (2) estimate
emission impacts following macrosimulation approaches for the case study; (3) incorporate
additional health measures such as noise reduction and accessibility improvements from CAVs;
and, (4) model CAVs’ operations in the context of new mobility services (e.g., TNC), as well as
parking patterns and behaviors.
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Appendix A. Summary of Impact Assumptions

TABLE 3. Summary of Estimated Safety and Emission Impacts from CAVs in San Francisco, Bay
Area

Category Lower Bound Upper Bound

Safety Crash -70% -90%

Comments | All human error crash elimination, except | All human error crash elimination
non- performance category crashes as a
representative of software failure in AVs
*9% of crashes in Bay area are of non-
performance category

Real-time CO, -5% -10%
routing PM; 5 -0.2% -0.3%
(eco- Comments | PM, s calculated replacing VMT change by CO, emission change inside ITHIM PM, s equation
routing) provided for Bay Area
Crash CO, 0 -5.5%
reduction PM, 5 0 -0.2%
Comments 1. 13% of congestion is due crashes.

AVs reduce crashes. This reduces congestion by average 11% considering safety
improvement rates estimated before.

3. Itis assumed that congestion reduction linearly increases travel speed

4. VMT weighted average speed of MTC CAV scenario network equals 23.5 mph,
equivalent to 370 gr/mile CO, emission, following the emission-speed curves developed
by (Barth and Boriboonsomsin, 2009b)

5. 11% increase in travel speed leads to 26 mph average speed equivalent to 350 gr/mile
CO, (Barth and Boriboonsomsin, 2009b), in other words, 5.5% decrease in emission.

Eco-driving | CO, -5% -33%
PM; 5 -4.7% -5.6%
Comments 1. According to EMFAC database, 99% of LDV on the roads are gasoline in 2040,

thus we only consider gasoline fuel vehicle estimates from (Liu et al., 2017):
Urban drive cycle (CO2: -3%, PM2.5: -11%), Highway (CO2: -2%, PM2.5: -2%)
In MTC CAYV scenario, VMT share on urban roads and highways equal 28%and
72%, respectively.

4. CO02:0.72%0.02 + 0.28%0.03=-2%, PM2.5: -4.5%

w

5. 3-6% energy efficiency gain due grade anticipation (Vahidi and Sciarretta, 2018)
6. 6-25% energy efficiency gain due SPaT (Vahidi and Sciarretta, 2018)
Engine CO, -5% -23%
performance | PM, s -0.2% -0.8%

Comments | Fuel consumption reduction due to | Fuel consumption reduction due to maintaining
maintaining acceleration rate at current rates | acceleration rate at 1982 rates 8.8 second

7.8 second (MacKenzie, 2013) (MacKenzie, 2013)
Platooning | CO, -8% -20%
PM; s -0.3% -0.7%

Comments | 1. Considering full market penetration, long platoon formation by CAVs is highly possible. 45-
60% of drag reduces on highways through long platoon formation.

2. 50% and 75% of tractive energy is consumed to overcome drag on the U.S. Highway Fuel
Economy Test cycle (up to 60 mph) and steady-speed travel at more typical highway speeds (up
to 75 mph), respectively. Assuming an increase in speed on highways to 80 mph requires an
increase of tractive energy consumption rate from 75% to 80%.

3. In MTC CAV scenario, 70% of total VMT is on freeway facilities and 85% on freeways and
major arterials:

4.1B: (0.45%0.7%0.5) = 0.16 UB: (0.60%0.85%0.80) = 0.40

5. Long platoons on real road highways may block/pause ramp traffic causing congestion, which
in turn may increase emission. In order to consider this impact, we reduce the absolute values by
50% to update the platoon reduction rate to 8-20% instead.

Travel CO, 0 14%

speed PM; 5 0 0.5%
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Comments

1. Increased speed limit (up to 80 mph on highways) is equivalent to 20% increase in fuel
consumption

2. Here, we assume an increase of 20% on freeways and expressways;

3. In MTC AV scenario, 70% of total VMT is on freeway facilities

4. UB:0.2*%0.7=0.14

0% 5%

Vehicle CO,
weight PM, s 0% 0.2%
Comments | 1. There is 5.5% net increase in weight of passenger car (combination of additional convenience
features and elimination of safety features)
2.In MTC AV scenario, 87% of total trips are by passenger car (DA, SR2 and SR3).
3. UB: 0.055%0.87 = 0.05
4. Fuel consumption is linearly related to vehicle mass
*FC =0.004m + 2.993
Right Sizing | CO, 0 -20%
PM, s 0 -0.7%
Comments | 1. It is assumed that single and two passenger vehicle trips are replaced by a two-seat car as an

upper bound impact

2. A two-seat car is 29% lighter than an average car (comparing to a smart car)
3. In MTC CAV scenario, 70% of VMT are single and two passenger car trips
4.UB: 0.7%0.29 = 0.20
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Appendix B. Integrating MTC-ABM Results into ITHIM
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FIGURE 8. Integrating MTC-ABM Results into ITHIM
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1. Selecting and processing MTC-ABM data
Person and household information: there are two files named by personData and
householdData including attributes such as age, gender, employment type, and value of time per
person in personData, and household size, auto ownership, and number of workers per
household in householdData.
In MTC-travel model the files are in \main folder.
Trip and tour lists: there are individual and joint trip and tour files per iteration of travel model.
These include information about travel time, purpose, mode, etc. per trip/tour including persons’
IDs involving in the travel activity.
In MTC-travel model the files are in \main folder.
TAZ information: this is a unique file for case study including information about land use type,
area, population, average parking cost, etc. per TAZ.
In MTC-travel model the files are in \INPUT\landuse folder.
Highway parameters: this is a unique file for case study including basic parameter values such as
operation cost per mile for autos and trucks as well as average bike/walk speed.
In MTC-travel model the files are in \CTRAMP\scripts\block folder.
Transit skims: these files output the zonal transit travel parameters such as in vehicle travel time,
distance, waiting time, transfer time, etc. for each daytime period, for various transit line types,
combined with walk/drive access/egress, included in travel model.
In MTC-travel model the files are in \trn folder.
Loaded network: this is the output spatial network file from travel model assignment task
including traffic volume, VMT, congested speed, etc. per link.
In MTC-travel model the files are in \hwy\iter folder.

2. Creating ITHIM scenarios.
After all the completion of the process illustrated in Figure 1, users must create a scenario in
ITHIM, sheet ‘Scenario Data’ using outputs created by the process:

1. Scenario name_1_mode: per capita mean daily travel time for each mode in minutes

2. Scenario name_3_mode: per capita mean daily travel distance for each mode in miles

3. Scenario name_18: population forecast

4. Scenario name_18 mode_facilitytype: proportions of VMT per mode and facility type

For more information, it is referred to ITHIM documentation.
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Appendix C. Additional Active Transport Scenarios

In addition to the combined CAV scenarios from MTC-ABM, and the potential estimated lower
and upper bounds of each mechanism, a number of scenarios were designed considering an
increase in the level of active transport.

TABLE 4 (expanding results from TABLE 2) shows the results for the additional scenarios.

TABLE 4. Predicted Emission and Per Capita Daily Travel Times by Travel Mode and Scenario

Travel time (minute per day)
Scenario Walk Bike Bus Train Car(Driver) Car(Passenger)
Baseline 8.2 0.4 1.7 1.6 28.4 9.1
AV scenario 7.2 0.3 1.4 1.4 32.2 9.5
AV scenario+50% AT 9.2 1.7 1.4 1.4 31.4 9.5
AV scenario+40% AT 8.8 1.4 1.4 1.4 31.6 9.5
AV scenario+30% AT 8.4 1.2 1.4 1.4 31.7 9.5
AV scenario+20% AT 8.0 0.9 1.4 1.4 31.9 9.5
AV scenario+10% AT 7.6 0.6 1.4 1.4 32.1 9.5
CO; PM;s
Aggregate (MMT/Y)! Per Capita (MMT/Y) Mean per week (ug/m?)?

Baseline 16.1 2.3 9.30

AV (UB) 2.1 0.3 9.31

AV (LB) 5.5 0.8 9.32
AV+50% AT (UB) 2 0.3 9.30
AV+50% AT (LB) 5.4 0.8 9.31
AV+40% AT (UB) 2 0.3 9.30
AV+40% AT (LB) 5.4 0.8 9.31
AV+30% AT (UB) 2 0.3 9.30
AV+30% AT (LB) 5.4 0.8 9.31
AV+20% AT (UB) 2 0.3 9.31
AV+20% AT (LB) 5.4 0.8 9.31
AV+10% AT (UB) 2 0.3 9.31
AV+10% AT (LB) 5.4 0.8 9.31

FIGURE 9 thru FIGURE 13 show the results of changes in annual disease burden for all active
transport scenarios.
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FIGURE 9. Predicted Annual Change in Burden of Disease from Physical Activity Compared with Baseline by Scenario and by Cause of
Death and Disability: San Francisco Bay Area, CA
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	commuter travel, 75% for other travel, and 78% for business travel (Wallis et al., 2014). A study in Australia indicated that the VOT for passengers is 75% of drivers, generally (Hensher, 1987). In Denmark, passenger VOT is 67% that of the driver ,and 82% when it was adjusted for the level of income (Fosgerau, 2007). This study did not report any significant differences in VOT by trip purpose. The numbers mentioned above are extrapolated from surveys that may or may not be transferable to the CAV passengers

	Induced Demand 
	CAVs will increase the travel demand as they provide mobility for the disabled, young, elderly, and low‐income populations and any other individuals who may not have been able to drive before. This will contribute to more VMT and traffic congestion. Many studies attempted to estimate this increase using the 2009 National Household Travel Survey (NHTS) data. Two other similar studies by (Wadud et al., 2016) and (Harper et al., 2016) estimated the increase in vehicle trips for non‐driving seniors (62 to 65 ye
	Operating Cost 
	Safer and potentially low‐weight CAVs will tend to reduce the per‐mile cost of operation. (Wadud et al., 2016) estimated a 60% to 80% reduction in insurance costs for CAVs due to safety improvements. Moreover, reducing weight for CAVs can reduce fuel consumption by 5.5%, which leads to lower operating costs (MacKenzie et al., 2014). 
	Shared Mobility Services 
	Passenger cars are parked 95% of the time, and even during peak hours, only 12% of them are on the road. This indicates that most of the time they are underutilized while occupying a space without providing service (Morris, 2016). New mobility services such as ridesharing and carsharing can change this trend, and yet, there are barriers against their widespread adoption. There are not often enough vehicles accessible to all users, and their marginal per trip‐pricing is higher compared to private cars. It is
	Passenger cars are parked 95% of the time, and even during peak hours, only 12% of them are on the road. This indicates that most of the time they are underutilized while occupying a space without providing service (Morris, 2016). New mobility services such as ridesharing and carsharing can change this trend, and yet, there are barriers against their widespread adoption. There are not often enough vehicles accessible to all users, and their marginal per trip‐pricing is higher compared to private cars. It is
	GHG by 6%, volatile organic compounds (VOC) by 49%, and carbon monoxide (CO) by 34%. However, it must be noted that new shared mobility services potentially increase VMT by attracting new user groups, as well as increasing empty mileage due to vehicle relocation. For a comprehensive literature review, the reader is referred to (Rodier et al., 2018a). The implementation of shared CAVs is outside the scope of this study. 

	Impact assessment 
	The San Francisco Bay Area MTC‐ABM belongs to the CT‐RAMP (Coordinated Travel‐Regional Activity Modeling Platform) family of ABMs developed by Parsons Brinkerhoff. The MTC‐ABM estimates the activities or day patterns that drive individuals’ need to make travel‐related choices in time and space, and are based on travel diary surveys (e.g., 2000 Bay Area Travel Behavior Survey, and other recent efforts). In the model, tours are the unit of analysis in a day pattern. A tour represents a closed or half‐closed c
	(e.g. in‐vehicle travel time and wait time), which are subsequently input to the following model components: (1) trip generation by zonal accessibility log sums, (2) mode choice by the utility function, (3) trip distribution by mode choice log sum parameters, and (4) traffic assignment by the general cost function. This study builds on the previous work that explored the travel demand impacts of CAV scenarios using the MTC‐ABM (Rodier et al., 2018b). Based on the literature, and expert judgments, the scenar
	(e.g. in‐vehicle travel time and wait time), which are subsequently input to the following model components: (1) trip generation by zonal accessibility log sums, (2) mode choice by the utility function, (3) trip distribution by mode choice log sum parameters, and (4) traffic assignment by the general cost function. This study builds on the previous work that explored the travel demand impacts of CAV scenarios using the MTC‐ABM (Rodier et al., 2018b). Based on the literature, and expert judgments, the scenar
	2010. The results show that VMT increases by 10% along with a noticeable decrease in VHT and delay. The trip mode share shows an increase in the single‐occupancy vehicles (SOV) mode with decreases in all others. This is because the travel opportunities and potential perceived benefits of CAVs make travelers more inclined to travel alone than to share rides, take public transit, or pursue active transportation. The research team then integrated these outputs with the ITHIM model to assess the health impacts 

	TABLE 1. CAV Combined Scenario Results 
	Figure

	Travel Safety 
	Travel Safety 
	Background 
	The WHO estimates more than 1.3 million deaths globally each year are due to road crashes, as well as 20‐50 million injuries and disabilities. These rates are expected to double by 2030 without any responsive actions. More than half of all road traffic deaths happen among vulnerable road users: pedestrians, cyclists, and motorcyclists (World Health Organization, 2020). Serious nonfatal injuries can have a major impact on the survivors and their dependents' quality of life, and also pose a burden to society.
	‐

	2014). Descriptions of these reasons, along with the estimated proportion of crashes nationwide (Noy et al., 2018) are presented in FIGURE 1. It is also important to recognize that there are potential biases within the crash data, i.e., a major concern with police‐reported traffic injuries is that of under‐estimation of collisions. 
	Figure
	FIGURE 1. Critical driver-related reasons for road crashes in San Francisco Bay Area 
	In general, automated driving could reduce fatality rates to zero (Liu et al., 2017), but there are uncertainties associated with this claim and its underlying assumptions (Mensing et al., 2013): 
	1. 
	1. 
	1. 
	Human error is the result of misperception, misjudgment, or inappropriate behavior. There may be other factors involved in the crashes labeled as human error such as poor roadway design and visual obstructions that induce human errors. Additionally, crashes can happen as a result of the human driver taking control of the autonomous vehicle. Approximately, 45% of the mileage driven by Google cars was in manual mode (i.e., with driver), and two crashes were reported (Jeong et al., 2017). Furthermore, 12% of c

	2. 
	2. 
	Technology is error‐free. Software failures could exist with more catastrophic results than those that may occur on a desktop computer. There are no algorithms so far that cover all types of crashes that might happen with a CAV, as the current safety rules are defined based on human driver behavior, as there is not enough data or evidence on the CAV side. Moreover, object recognition on the road is more challenging for CAVs than for human drivers. Today, weather conditions and levels of light impact CAV det


	As a result, fatality rate reductions may happen gradually as CAV technology progresses when vehicle manufacturers and software developers learn from previous experiences to enhance the system logics. New types of crashes might emerge, such as software failures, for which the prediction of occurrence rate will not be possible within the near future. 
	There are a few studies that measure the safety impacts of CAVs. (Jeong et al., 2017) evaluated the (cooperative) adaptive cruise control and the automatic emergency braking system for rear‐end crash risk reduction by simulating both the vehicle and traffic stream maneuvering. Results indicated that increased market penetration leads to a significant reduction in rear‐end crashes. In another study, (Xia et al., 2013) evaluated the effectiveness of the sensing capabilities of AVs in pedestrian fatality reduc
	Impact assessment 
	Under a best‐case scenario based on the literature review, the analyses consider that all human error crashes would be eliminated through vehicle automation and connection, which is equivalent to a 90% reduction of total crashes. In this case, the study assumed the technology to be error‐free, and that any human error would be entirely the result of misperception, misjudgment, or inappropriate behavior. However, there are many exceptions to these assumptions, as discussed before, such as manual control by t
	Transport Emissions 
	Background 
	Vehicle emissions are an important source of air pollution, which causes several pollution‐related human diseases, including respiratory infections, heart disease, stroke, and lung cancer. Air pollutants emitted into the atmosphere by vehicle combustion engines include CO, CO, NOx, volatile organic compounds (VOCs) and particulate matters (PM), among others. has been described as the leading pollutant, making up roughly 99% of the total GHGs each plays a catalyzer role in the process behind human allergies 
	Vehicle emissions are an important source of air pollution, which causes several pollution‐related human diseases, including respiratory infections, heart disease, stroke, and lung cancer. Air pollutants emitted into the atmosphere by vehicle combustion engines include CO, CO, NOx, volatile organic compounds (VOCs) and particulate matters (PM), among others. has been described as the leading pollutant, making up roughly 99% of the total GHGs each plays a catalyzer role in the process behind human allergies 
	2
	CO
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	emitted from the tailpipe. A typical passenger vehicle emits about 4.6 metric tons of CO
	2 
	year. Asthma and Allergy Foundation of America states that CO
	2 
	important source of allergens, grows faster and in larger volumes when CO
	2 
	asthma attacks as well (DerSarkissian, 2019). Overexposure to CO
	2 

	inhalation during long‐distance vehicular travel impacts driving skills and decision‐making, which might cause road crashes and injuries. Particulate matters (PM)s are tiny solid or liquid particles suspended in a gas. Because of the size of the particles, they can penetrate the deepest part of the lungs and cause human diseases such as asthma, respiratory symptoms, chronic diseases, lung cancer, cardiovascular diseases, and premature deaths, particularly for children and elderly populations having preexist
	and death. CO
	2 
	al., 2016). In the U.S, transportation is responsible for less than 10% of PM
	(Environmental Protection Agency, 2012). There are two main sources of PM
	sources, PM
	2
	VOCs, and NH
	3
	and Russell, 2001). Measuring PM
	chemical process behind the formation of second‐hand PM


	(e.g. electricity, hydrogen fuel cell or compressed natural gas) in vehicles, however, brake and tire wear emissions depend on the building materials inside tires and brakes, as well as the road surface. It is estimated that non‐exhaust emissions rise as vehicles depreciate, or as their weight 2.5 formations due to the friction between vehicle tires and the road surface (Hodan and Barnard, 2004). Producing tires and brakes with eco‐friendly materials, installing alternative electric brakes, improving the ro
	increases. Besides, re‐entrained fugitive dust from old unpaved roads contributes more to PM
	decreasing vehicle weights are among suggested strategies to reduce non‐exhaust PM
	‐

	Traffic congestion 
	Automation coupled with vehicle to vehicle (V2V) and vehicle to infrastructure (V2I) communications could improve traffic congestion and reduce fuel consumption/emission. Real‐time route guidance or eco‐routing could reduce system‐level GHGs emissions by 5‐10% (Rios‐Torres and Malikopoulos, 2017), and energy consumption by 5% (for a plug‐in electric vehicle) (MacKenzie, 2013). The previously discussed safety benefits of CAVs could also reduce congestion by 13%, considering that 25% of congestion is attribut
	Automation coupled with vehicle to vehicle (V2V) and vehicle to infrastructure (V2I) communications could improve traffic congestion and reduce fuel consumption/emission. Real‐time route guidance or eco‐routing could reduce system‐level GHGs emissions by 5‐10% (Rios‐Torres and Malikopoulos, 2017), and energy consumption by 5% (for a plug‐in electric vehicle) (MacKenzie, 2013). The previously discussed safety benefits of CAVs could also reduce congestion by 13%, considering that 25% of congestion is attribut
	lower road‐train drag, and more optimal drive cycle in a 90% market penetration. (Barth and Boriboonsomsin, 2009b) estimated an increase in fuel economy and congested speeds within a range of 23–39% and 8‐13%, respectively, for all vehicles on the freeway. (Schoettle and Sivak, 2015) assumed a 4% fuel consumption reduction by CAVs in 2050. 

	Eco‐driving 
	Eco‐driving is a driving approach where speed, acceleration, and braking are governed by fuel efficiency. Empirical studies show that eco‐driving could reduce fuel consumption by an average of 10% to 20% for real‐world and simulation experiments, respectively (Schito, 2012). Another study indicated a 35%‐50% energy saving under an optimal driving cycle in heavily congested conditions (Berry, 2010; He et al., 2012). However, depending on the presence of other vehicles on the road, eco‐driving could increase 
	CO
	2 
	estimated 2% and 10% reduction of CO
	2 
	consumption and 12% CO
	2 

	Engine performance 
	Today’s vehicles are capable of accelerating very rapidly, but at the expense of fuel efficiency. However, considering the connected system, CAVs may not need to experience this acceleration to improve energy efficiency. Assuming that acceleration rates stabilize at the current rate of 7.8 seconds (0 to 60 mph), (MacKenzie, 2013) estimated a 5% energy intensity reduction in the future. Moreover, they showed that dropping acceleration to 8.8 seconds (1982 levels) would lead to fuel consumption reductions of 
	Platooning 
	Platooning reduces fuel consumption and emissions through the reduction of aerodynamic resistance when multiple vehicles are closely following each other. Platooning benefits are realized significantly in tight formations which is unsafe without automation due to human drivers’ longer reaction time to the speed changes of vehicles ahead. (Robinson et al., 2010) conducted simulations on three trucks following each other at a speed of 80 km and a distance of 4 meters in Japan, and found an average of 15% fuel
	Platooning reduces fuel consumption and emissions through the reduction of aerodynamic resistance when multiple vehicles are closely following each other. Platooning benefits are realized significantly in tight formations which is unsafe without automation due to human drivers’ longer reaction time to the speed changes of vehicles ahead. (Robinson et al., 2010) conducted simulations on three trucks following each other at a speed of 80 km and a distance of 4 meters in Japan, and found an average of 15% fuel
	at 56 mph, at a distance of 4 meters. They found an average of 8% fuel consumption reduction for the leading vehicle, and 16% for the followers. In a longer platoon stream (five vehicles or more, separated by 0.5‐1 vehicle length) 45‐55% of average drag reductions have been reported (Duan et al., 2007; Schito, 2012). In the U.S., (Wadud et al., 2016) calculated an average energy saving of between 3‐25% on U.S. highways for light‐duty vehicles when platooning. 

	Travel speeds 
	Automation and cooperation allow CAVs to drive close to any posted speed limit regulated on the roads. On the other hand, faster and more efficient navigation and reaction times of CAVs make it possible for them to drive safely at higher speeds as well, thus they can provide the opportunity to increase the speed limit. Assuming drivers increase their speed until the marginal value of saved time equals the marginal cost of increased fuel consumption, (Wadud et al., 2016) calculated an increase in energy inte
	Vehicle size and weight 
	CAVs are expected to be smaller and lighter mainly due to the elimination of safety features (e.g. airbags, structural steel, and roll cages) as they become safer. (MacKenzie et al., 2014) predicted that this could reduce fuel consumption by 5.5%. On the other hand, additional installed features such as sensors and cameras or user convenience tools will add to both vehicle weight and size. Using the car weight increase rates from 1980 to 2010, (MacKenzie et al., 2014) estimated an 11% increase in fuel consu
	Fuel type 
	Alternative fuels, particularly electricity, hydrogen fuel cell or compressed natural gas, provide another opportunity to decrease energy intensity and emissions from the transportation sector. Although electrification, for instance, is not a requirement for CAVs, it could potentially be a sustainable pathway. Charging times and charging detours (distance to reach charging locations/stations) could potentially affect the efficiency and availability of the vehicles. 
	Parking 
	According to (Mitchell, 2007), half of the fuel consumed by cars in urban areas is due to cruising for parking. Additionally, parking has consumed vast amounts of land and resources in American cities to accommodate the billion parking spots across the United States (Litman, 2018; Plumer, 2016). CAVs are expected to revolutionize parking structures and needs. Shared CAVs also contribute to parking space reductions, particularly up to 67% in central business districts (CBDs) (Zhang and Guhathakurta, 2017). T
	According to (Mitchell, 2007), half of the fuel consumed by cars in urban areas is due to cruising for parking. Additionally, parking has consumed vast amounts of land and resources in American cities to accommodate the billion parking spots across the United States (Litman, 2018; Plumer, 2016). CAVs are expected to revolutionize parking structures and needs. Shared CAVs also contribute to parking space reductions, particularly up to 67% in central business districts (CBDs) (Zhang and Guhathakurta, 2017). T
	mileage to relocate for parking, the net effect might not significantly impact emissions and fuel consumption. Studies estimate the relocation share of total VMT to be 10‐90% for personal AVs, and 10‐20% for shared AVs (Rodier et al., 2018b). 

	Impact assessment 
	Here, we estimate final rates for emissions due to CAV features per each mechanism studied in the previous section. The majority of the rates derived by reviewed studies are in terms of fuel/energy consumption, however, according to (Barth, 2000; Barth and Boriboonsomsin, and fuel are linearly related. Thus, the same rate can be approximated to CO2.5, no particular trend was found to relate it directly to vehicle 2.5, particularly tire and 2.5, we emissions is proportional to the 2.5 from CO, we used a line
	2009b), CO
	2 
	2 
	emission as well. For PM
	fuel/energy consumption. This is because there are other sources for PM
	brake wear, in addition to operational fuel consumption. To estimate the change in PM
	made several assumptions. We assume that a change in CO
	2 
	change in VMT. To derive the change in PM
	2

	Figure
	emission, we replaced change in VMT with emission estimated for each mechanism considering 9.3 µg/mas the baseline value of the emission, according to ITHIM calibration database for the case study. For the initial analysis in this study, all vehicles are assumed to be of gasoline type, wherever appropriate. According to the EMFAC database, 99% of LDVs on the roads will be gasoline in 2040. 
	Assuming a linear relationship between VMT and CO
	2 
	change in CO
	2 
	3 

	Traffic congestion 
	For traffic congestion, 5‐10% of system‐wide fuel consumption reduction was estimated by (Rios‐Torres and Malikopoulos, 2017) because of real‐time routing. The elimination of total road crashes also contributes to congestion reduction by 13% (Robinson et al., 2010). According to prior 70‐90% estimated crash reduction by CAVs, congestion reduces by approximately 11% in our scenario. Assuming a linear relation between congestion and travel speed (Barth et al., 1999), emission based on emission–speed curves de
	this leads to a 5.5% decrease in CO
	2 

	Eco‐driving 
	and PM2.5 considering smooth driving in gasoline cars for different types of facilities. In our scenario, 72% and 28% of VMTs are on highways and urban roads, respectively. Accordingly, a reduction of 2% and 4.5% in and PM2.5 were estimated considering smooth driving. We assume an additional 3‐6% emission reduction due to road grade anticipation and speed adjustment at the top of these numbers. Due to V2I communication at the intersection, there is an opportunity for 6‐25% emission savings referring to seve
	and PM2.5 considering smooth driving in gasoline cars for different types of facilities. In our scenario, 72% and 28% of VMTs are on highways and urban roads, respectively. Accordingly, a reduction of 2% and 4.5% in and PM2.5 were estimated considering smooth driving. We assume an additional 3‐6% emission reduction due to road grade anticipation and speed adjustment at the top of these numbers. Due to V2I communication at the intersection, there is an opportunity for 6‐25% emission savings referring to seve
	(Liu et al., 2017) estimated emission reductions of 2‐3% and 2‐11% for CO
	2 
	CO
	2 

	and 5‐5.5% for PM2.5. Here, the analyses assume that the impact of improved lane changes and merging strategies on energy consumption is negligible compared to their effects on road capacity, which is already included in the travel model. 
	reduction of 11‐33% for CO
	2 


	Engine performance 
	For engine performance, a 5‐23% emission reduction is estimated when boundaries correspond to stabilizing acceleration/deceleration rates at the current value and when reducing it to the level of 1980s vehicles. 
	Platooning 
	For platooning, we based our estimate on the fraction of energy wasted to overcome aerodynamic drag. This can be eliminated by AV driving. As we are considering full market penetration, the formation of longer platoons is possible. From the literature, we know that 4560% of drag is reduced on highways through long platoon formation. In our case study, 70% of total VMT is on freeway facilities, and 85% on freeways and major arterials. (Kasseris, 2006) indicates that 50% and 75% of tractive energy is consumed
	‐

	Travel speeds For the speed limit, an increase to 80 mph on highways is set in our scenario. This is equivalent to a 20% increase in vehicular emission. In the travel model scenario, 70% of VMT is on highways, thus emissions increase by 14%. 
	Vehicle size and weight 
	Combining additional convenience features and eliminating safety features leads to a net increase of 5.5% in vehicle weight. Assuming a linear relationship between vehicle weight and fuel consumption (Bandivadekar et al., 2008), this is equivalent to the same rate of increase in emission. In our travel model, 87% of total trips are by passenger cars. Hence, the final rate of increase in emissions is 0‐5%. For right‐sizing, all single and two passenger car trips are assumed to be replaced by two‐seat cars, w
	Combining additional convenience features and eliminating safety features leads to a net increase of 5.5% in vehicle weight. Assuming a linear relationship between vehicle weight and fuel consumption (Bandivadekar et al., 2008), this is equivalent to the same rate of increase in emission. In our travel model, 87% of total trips are by passenger cars. Hence, the final rate of increase in emissions is 0‐5%. For right‐sizing, all single and two passenger car trips are assumed to be replaced by two‐seat cars, w
	mechanism is illustrated in FIGURE 2. The reader is referred to Appendix A for a summary of assumptions behind the potential impacts for each mechanism. 

	(a) (a) 
	FIGURE 2. Summary of estimated ranges of operational emission impacts of vehicle automation through different mechanisms in the San Francisco Bay Area: (a) CO2; (b) PM. 
	Integrated Transport and Health Impact Model (ITHIM) 
	ITHIM, conceived in 2010, is an open‐source tool that reflects the peer‐reviewed science with a web‐accessible engine capable of inputting calibration and scenario data to generate quantitative estimates of health impacts (Maizlish, 2016a; Maizlish and Siegel, 2012; Maizlish et al., 2013; Whitfield et al., 2017; Woodcock et al., 2009; Woodcock et al., 2013). The model has been used by large MPOs in California and has accurately predicted the health co‐benefits of greenhouse gas mitigation strategies in thei
	Figure
	RR(x) is the relative risk at exposure level x, weighted by population distribution P(x) and Q(x) associated with baseline and alternative scenarios, respectively. DB represents the burden of disease measured in the unit of Disability‐Adjusted Life Years (DALYs), which is a sum of Years of Life Lost due to premature death (Triantaphyllou) and Years of Living with Disability (YLD). For the baseline scenario, the DALYs were obtained from the Global Burden of Disease database for the U.S. in 2010 (Murray, 2013
	weighted average airborne fine particulate matter PM
	emissions and air shed models calibrated for the Bay Area. RR of PM
	change in risk per microgram per cubic meter of PM

	ITHIM models road traffic injuries (RTI) in the baseline scenario as a rate for each pair of victim mode i and striking object mode j which can be a bicycle, pedestrian, motorcycle, car, bus, and truck. The injury rate, R, is the formulation (Eq. 3): 
	Figure
	is calculated in terms of injury per mile of travel for each possible pair of modes and segmented into different road facility and severity types. For both fatal and serious injuries, facility types are categorized as local, arterial, or highway. Baseline injury numbers were compiled from the Statewide Integrated Traffic Reporting System (SWITRS), 2006‐2010. The predicted number of injuries for an alternative scenario is obtained by multiplying the baseline rate by the square root of the change in distances
	Where, R
	0 
	health consequences of CO
	2

	Figure
	FIGURE 3. Projecting AV health effects on human diseases considering major transportation pathways: emission, physical activity, and safety 
	Health Impact Assessment: Empirical Results 
	To implement health impact assessments in ITHIM for a CAV scenario, we customized the model to our case study (San Francisco Bay Area) and estimated the impacts across three levels: travel demand, travel safety and travel emissions, referring to the findings from the previous section. We prepared ITHIM inputs by extracting travel times and distances per facility type and mode from the AV scenario. To this aim, several code scripts in R, Python, and Cube language were written and executed over trip lists and
	‐

	9.1 minutes to 32.2 and 9.5 minutes, respectively. The results also show significant reductions in emissions brought about by CAV technology, whereas PM2.5 emissions remain constant. This is because the change estimated for this emission type was negligible, and an increase in car VMT offsets the potential benefits from CAV operations. 
	CO
	2 

	TABLE 2. Predicted Emission and Per Capita Daily Travel Times by Travel Mode and Scenario 
	Figure
	FIGURE 4 thru FIGURE 7 show estimated changes in DB as a function of change in physical activity 2.5 emission levels for various scenarios. Compared with the baseline, decreased physical activity in the AV scenario could generate an additional 37 premature deaths and 773 DALY per 2.5 emissions, DALY increases by more than 900 with cardiovascular disease (CVD) and lung cancer representing a large portion of it (FIGURE 5 and FIGURE 6). Moreover, the burden resulting from road traffic injuries decreases signif
	and PM
	year, particularly for diabetes and dementia (FIGURE 4). Together with PM

	Active transport (AT) increase scenarios 
	The results show that the substitution of active transportation by passenger cars due to CAV’s travel advantages could lower physical activity levels, possibly leading to premature deaths and disabilities. Thus, future policies should focus on promoting active transport mode shares (e.g. pedestrian and bicycle facility improvement), and auto‐alternative strategies (e.g. congestion pricing or tolls for cars) to counteract the health consequences in the era of automation. These policies could be leveraged by 
	1. 
	1. 
	1. 
	Improving pedestrian and bicyclist facilities (e.g. providing protected bike lanes and bike parking racks) to encourage people to walk/bike for short distance trips and consider exercise as a daily routine. 

	2. 
	2. 
	Improving public transportation as many public transit riders are multimodal and access/egress the service on foot. 

	3. 
	3. 
	Developing partnership with new mobility services companies to provide bikes and scooters options in connection with transit or wherever is appropriate. 

	4. 
	4. 
	Supporting mixed land use pattern development wherever it is appropriate. This enables 


	several key destinations to be within walking/biking distance from each other. Second category is referred to auto shedding strategies: 
	1. 
	1. 
	1. 
	Incentivizing city and region developers to reduce the size of parking spaces and impose appropriate pricing rates for storing cars in public and private parking structures. 

	2. 
	2. 
	Implementing congestion pricing or tolls on specific bridges and highways as well as zones. 


	3. Implementing high occupancy restrictions on specific facilities or zones. To simulate the effects of active transport (AT) policies, we identified short SOV trips that could be made by walking (under 1.5 miles), and biking (between 1.5 and 5 miles). From these trips, a certain percentage (i.e., 10, and 50%) were replaced by active modes and reassigned to the network in the travel model to update VMT and VHT parameters. The results of AT policy simulations showed the enormous potential of active modes in 
	However, there is only a slight decrease in PM

	Figure
	FIGURE 4. Predicted annual change in the burden of disease from physical activity compared with baseline scenario, by cause of death and disability: San Francisco Bay Area 
	Figure
	FIGURE 5. Predicted annual change in the burden of disease from PM2.5 compared with baseline scenario, by cause of death and disability: San Francisco Bay Area 
	Figure
	FIGURE 6. Predicted annual change in disease burden from physical activity and PM2.5 by scenario and cause of death and disability: San Francisco Bay Area 
	Figure
	FIGURE 7. Predicted annual change in disease burden from road traffic injuries by scenario: San Francisco Bay Area 
	The reader is referred to Appendix C for additional active transport scenarios and results. 
	Electrifying AV scenario 
	Although we only considered gasoline vehicles in this study so far, the electrification of CAVs is indispensable due to the potential power budget issues these vehicles face in operation. Higher‐voltage electrical architectures embedded in electric vehicles (EVs) can accommodate CAV power requirements to run their sensors, actuators, and computers (Offer, 2015). It is also speculated that AVs travel longer than conventional cars, which increases their fuel consumption in return. More efficient operation by 
	Although we only considered gasoline vehicles in this study so far, the electrification of CAVs is indispensable due to the potential power budget issues these vehicles face in operation. Higher‐voltage electrical architectures embedded in electric vehicles (EVs) can accommodate CAV power requirements to run their sensors, actuators, and computers (Offer, 2015). It is also speculated that AVs travel longer than conventional cars, which increases their fuel consumption in return. More efficient operation by 
	forboth CO
	2
	our case study about 74% and 10% of total daily PM
	stop‐and‐go prevention. For eco‐driving, we previously estimated a 5% reduction in PM

	number of deaths and DALY from EAVs, which is particularly evident in lung cancer and 2.5 emission (Table2) in this particular 2.5 emission is risen from the considered non‐exhaust sources as a function of the increased weight of EVs. emission as well as road injuries. 2.5 compared to the baseline scenario, the health co‐benefits of reduced road injuries appear to far exceed those harms. Excluding the safety impacts of AVs, increasing physical activity by replacing 50% of short SOV trips with walking and bi
	respiratorydiseases.Thisisduetotheincreasedlevelof PM
	scenario, where the PM
	Generally, CAVs have the potential to significantly reduce CO
	2 
	Although they increase DBs associated with lower physical activity and higher PM
	despite a slight increase in PM
	significantly eliminates tailpipe emissions, while generating additional non‐exhaust PM


	Limitations 
	In this study, we used MTC‐ABM to predict future travel behavior and network performance by customizing vehicle characteristics (e.g. operating cost and speed) and individual driver’s choice preferences (e.g. the value of time) or restrictions (e.g. driver age). However, there are certain limits associated with this model and our estimates. The model: does not include new mobility services (e.g. ride‐sourcing services, carsharing, and bike‐sharing); active mode trips are underrepresented and their impacts o
	features of vehicles. The model does not include CO
	2

	Discussion and Conclusions 
	This study investigates the potential human health impacts of CAVs concentrating on changes in travel demand, safety, and emissions with full penetration of CAVs in the San Francisco Bay Area. Different mechanisms of change were considered, and ranges of changes were estimated for each pathway through literature review and expert judgment. The estimated impacts were then implemented into MTC‐ABM and ITHIM models. Several scenarios were also developed to contend with the large uncertainties surrounding CAV d
	reduction and emission , particularly CO
	2
	(more importantly for diabetes and dementia), and average 915 DALYs in combination with PM
	an increase in non‐exhaust PM
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	Figure
	FIGURE 8. Integrating MTC‐ABM Results into ITHIM 
	1. Selecting and processing MTC‐ABM data Person and household information: there are two files named by personData and householdData including attributes such as age, gender, employment type, and value of time per person in personData, and household size, auto ownership, and number of workers per household in householdData. In MTC‐travel model the files are in \main folder. Trip and tour lists: there are individual and joint trip and tour files per iteration of travel model. These include information about 
	2. Creating ITHIM scenarios. After all the completion of the process illustrated in Figure 1, users must create a scenario in ITHIM, sheet ‘Scenario Data’ using outputs created by the process: 
	1. 
	1. 
	1. 
	Scenario name_1_mode: per capita mean daily travel time for each mode in minutes 
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	Scenario name_3_mode: per capita mean daily travel distance for each mode in miles 
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	Scenario name_18: population forecast 
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	Scenario name_18_mode_facilitytype: proportions of VMT per mode and facility type 


	For more information, it is referred to ITHIM documentation. 
	Appendix C. Additional Active Transport Scenarios 
	In addition to the combined CAV scenarios from MTC‐ABM, and the potential estimated lower and upper bounds of each mechanism, a number of scenarios were designed considering an increase in the level of active transport. TABLE 4 (expanding results from TABLE 2) shows the results for the additional scenarios. 
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	FIGURE 9 thru FIGURE 13 show the results of changes in annual disease burden for all active transport scenarios. 
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	FIGURE 10. Predicted Annual Change in Burden of Disease from PM2.5 Compared with Baseline by Scenario and by Cause of Death and Disability: San Francisco Bay Area, CA, (a) Lower Bound Impact (b) Upper Bound Impact 
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	FIGURE 11. Predicted Annual Change in Disease Burden from Physical Activity and PM2.5 by Scenario and Cause of Death and Disability: 
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	FIGURE 12. Predicted Annual Change in Disease Burden from Road Traffic Injuries by Scenario, (a) Lower Bound Impact; (b) Upper Bound Impact 
	FIGURE 12. Predicted Annual Change in Disease Burden from Road Traffic Injuries by Scenario, (a) Lower Bound Impact; (b) Upper Bound Impact 
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