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Executive Summary
The first-mile, last-mile problem is a significant deterrent for potential transit riders, especially in
less dense, suburban neighborhoods. Transit agencies have typically sought to solve this problem
by adding parking spaces near transit stations and adding stops to connect riders to fixed-route
transit. However, this is often just a short-term solution. In the last few years, agencies piloted
projects to test whether new mobility services, such as ridehailing, ridesharing, and microtransit,
can offer fast, reliable connections to and from transit stations. However, there is limited research
that evaluates the potential impacts of these projects. Furthermore, there is a growing interest in
the future of automated vehicles (AVs) and their potential to better address the first-mile problem
by reducing the cost of providing these new mobility services to access transit.
In this study, the San Francisco Bay Area MATSim model (BA-MATSim) was used to model
the potential impacts of automated microtransit vehicles on transit use in the San Francisco Bay
Area. The BA-MATSim model was developed at the Institute of Transportation Studies,
University of California at Davis. The model simulates the travel and revenue effects of first-mile,
last-mile access services over a range of fares. These services use a fleet of automated vehicles to
provide home-based drop-off and pick-up for single passenger service (e.g., Uber and Lyft), homebased drop-off and pick-up for multi-passenger service (e.g., microtransit), and meeting point
multi-passenger service (e.g., Via).
1. How does the service fare impact the ridership?
Results show that ridership declines with increasing costs under all scenarios. As the AV service
becomes more expensive, the riders will switch to driving alone rather than using the AV service
to connect to transit. In general, ridership is highest for the shared door-to-door service (D2DRideshare), followed by shared rides with pick-up/drop-off (PUDO-Rideshare), and finally, for
single passenger door-to-door service (D2D-Single). The use of all the service models drops
precipitously when the price is $2.50 to $3 per ride, and there is little demand when fares are
greater than $5 per ride.
2. How do fares impact service quality?
The travel time for users of the AV service is lower when the rides are less expensive. When the
fare cost is zero or very low, the average travel time can be as low as 1,000 seconds or approximately
17 minutes. At high costs, travel times can be as high as one hour. At lower fare costs, there is a
higher demand for the service. Thus, there are more vehicles in service areas actively looking to
pick up and drop off passengers, which increases the efficiency of the vehicles and lowers the overall
travel time for each rider.
The average wait time is about three minutes for the PUDO-Rideshare service and around five
minutes for the D2D-Rideshare service, and it is relatively consistent across all price points for
1

these shared services. In contrast, the wait time for the D2D-Single service varies significantly
depending on the price point.
The detour ratio is the total distance traveled by the fleet divided by the sum of direct trip distances
that all of the fleet passengers are taking. The results show that the D2D-Single service has a much
higher detour ratio than the PUDO- or D2D-Rideshare services. A non-shared service causes a
higher detour ratio because longer travel routes are needed to pick up each rider at their home. In
contrast, the shared services have lower ratios because the total distance traveled by the vehicles is
lower than the sum of the trip distances that the passengers traveled. In summary, the shared
services are minimizing detours and reducing VMT, and the D2D single passenger services are
increasing detours and VMT.
3. How does the service fare impact VMT?
For all scenarios, the service miles traveled decrease with increasing cost per ride. VMT is highest
for the D2D-Single service, followed by the D2D-Rideshare and then by the PUDO-Rideshare
service. The VMT of personal cars grows as the cost per ride goes up for all AV service models,
and more people choose to drive instead of taking the AV service to the BART. Agencies looking
to minimize VMT may consider using PUDOs over a D2D service.
4. What is the revenue potential?
The authors compare revenue derived from the automated taxis services to the costs of operating
the automated taxis per mile. The operating costs have a lower estimate of $0.30/mile and high
estimate of $0.50/mile (2010 USD). See the figure 0 below.
The results show that the service revenue peaks at $3 per ride for D2D-Rideshare (at around
$200,000 in daily revenue), at $3 per ride for D2D-Single (at around $170,000), and $2 per ride
for PUDO-Rideshare (at $100,000). Thus $2–$3 per ride might be the “sweet spot” for revenue
generation for this type of service based on the time and monetary costs of BART riders in the
study area.
Overall, for both the high-cost and low-cost assumptions, profit is highest for the D2D-Rideshare
service compared to the PUDO-Rideshare service and the D2D-Single service. The results for the
high-cost scenario show that the D2D-Single service model never makes a profit while the
ridesharing service sometimes makes a profit.
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Operating Costs and Revenue by Service Type and Fare

3

I. Introduction
Public transit typically operates using fixed routes and stops to maximize the efficiency of the
service. However, studies show that travelers are generally not comfortable walking more than a
quarter-mile to or from a public transit stop. This is called the first-mile, last mile mile problem,
and it is a significant deterrent for potential transit riders, especially those residing in less dense,
suburban neighborhoods. Transit agencies have typically sought to solve this problem by adding
parking spaces near transit stations and adding stops to connect riders to fixed-route transit.
However, this is often just a short-term solution since parking space is limited and will fill up with
commuters before other riders can utilize those spaces. Also, parking lots and structures can be
expensive to construct, and transit agencies could use this valuable land for other purposes, like
transit-oriented development, that could also generate significant transit ridership. Restricted
access to transit undermines transit revenue and increases congestion and greenhouse gas emissions
(GHGs).
New mobility services such as ridehailing, ridesharing, and microtransit may offer fast, reliable
connections to and from transit stations. In the last few years, transit agencies have piloted many
projects throughout the United States to test this concept. However, there is limited research that
evaluates the potential impacts of these projects. Furthermore, there is growing interest in the
future of automated vehicles (AVs) and these vehicles’ potential to solve the first-mile problem by
reducing the cost of providing these new mobility services to access transit.
This paper expands upon existing research to simulate and model the potential impacts of
automated microtransit vehicles on transit use (i.e., Bay Area Rapid Transit or BART) in the San
Francisco Bay Area. This paper uses the San Francisco Bay Area MATSim model (BAMATSim), which uses activity data and other parameters from the region’s official activity-based
travel model. The BA-MATSim was developed at the Institute of Transportation Studies,
University of California, Davis. In this paper, the agent-based model simulates door-to-BART
ridehailing and ridesharing and meeting point ridesharing services with AVs at different price
points.1 The analysis includes a cost-benefit analysis to evaluate whether the AV operator in the
simulation will recoup their costs.
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II. Literature Review
2.1 Modeling First-/Last-Mile Services
As ridehailing and ridesharing services have grown in popularity, researchers have highlighted the
opportunity to use these services to address the first-/last-mile problem.2 Transportation agencies
are also turning to microtransit, an on-demand transit service that acts as a feeder system for larger
regional fixed-route transit systems. This section will review studies that explore the potential of
ridehailing, ridesharing, and microtransit services to improve transit access for riders.
Two studies focus on investigating travel behavior from the demand side. Shepherd and Muir
(2011) used an individual behavior model, MARS, in a program called “CityMobil” to elaborate
on how feeder systems impact the existing public transit network.3 They found that feeder systems
reduce access and wait times and increase public transport share in both peak and off-peak hours.
The impacts are more pronounced for zones with initially poor access or egress to mainline public
transport. Martinez and Viegas (2017) investigated travel behavior using a nested logit mode
choice model to predict mode shares.4 They examined what would happen if automated taxis and
advance-scheduled automated shuttles were to replace both private vehicle trips and current bus
trips. With a massive mode shift, the transportation system would see a 34% reduction in carbon
dioxide emissions. Wait times would be limited to 5 minutes for automated taxis and 10 minutes
for automated shuttles, and costs would be affordable at about $0.32 per kilometer.
One study, conducted by Stiglic et al. (2018), focused on the optimization of the ride-matching
problem.5 Those researchers conducted an extensive numerical study on a hypothetical network,
including two commuter train lines and four urban rapid transit lines. Results show that the
integrated system could increase the average number of matched riders and reduce the average
length of the driver detour. Reducing total system-wide vehicle miles traveled (VMT) may also
reduce emissions and congestion. The study also showed that there would be greater benefits if a
driver shared the ride with more than one passenger.
A further two studies used an integer programming model to optimize the integrated system focus
specifically on the transit access problem. 6 Maheo et al. (2017) proposed an efficient solving
method based on a mixed-integer programming model, aiming at the optimal design of a feeder
system with human-driven taxis feeding into high-frequency bus lines. 7 They found that the
optimized system could decrease transit wait times, minimize costs, and maximize convenience
compared with the existing bus system. Instead of human-driven taxis, Liang et al. (2016) provided
two integer programming models for optimizing an automated taxi system for last-mile service to
train stations. 8 In one model, automated taxis can choose requests to serve, and in the other,
automated taxis satisfies any reservation in a selected zone. Results show that zone location and
trip selection (second model) can diminish the negative impact of imbalances in the supply of taxis,
which contributes to the daily profit.
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Meanwhile, agent-based simulation has recently become popular in AV research for its advantages
in capturing individual behaviors, enabling dynamic operations, and accounting for stochasticity.9
Three papers provide insight into the system performance and the potential of ridesharing to
enhance mobility and to improve public transport access.10
In the first, Basu et al. (2018) presented a multi-modal activity-driven agent-based simulation
approach to investigate the impact of automated mobility on demand (AMoD) on urban
mobility. 11 The model shows that transit ridership increased with the introduction of AMoD
targeting first- and last-mile connectivity. The agent-based simulation model is also employed to
examine how new shared mobility services could change mobility in the Greater Dublin Area. In
that paper, the author chose to investigate two shared transport services: shared taxi (an ondemand door-to-door service) and taxi-bus (which moves along dynamically optimized routes
between designated stops). 12 The author revealed that the integration of new shared mobility
services with existing public transport not only creates greater flexibility for users but also enhances
the performance of public transport services and infrastructure.
In the second, Shen et al. (2018) also used agent-based simulation to simulate an integrated
automated vehicle and public transportation (AV+PT) system. 13 Results indicate that the
integrated system has the potential to enhance service quality, occupy fewer road resources, achieve
financial sustainability, and utilize bus services more efficiently.
In the third, Wen et al. (2018) proposed a simulation-based approach to the design and evaluation
of integrated AV+PT systems.14 The simulated experiments show that encouraging ridesharing,
allowing requests in advance, and fare integration with transit help enable service integration and
sustainable travel.
In summary, studies have demonstrated the potential of ridehailing, ridesharing, and microtransit
to serve as the first-mile transit access solution. However, most of the studies set the cost of service
at a single value based on different assumptions. None of them investigated the system at different
price points and using different service models. Hence, in this research, the authors model
ridehailing, ridesharing, and microtransit services with different pricing.
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2.2 Fare Costs For First-/Last-Mile Services
Pilot programs have been implemented in cities across the United States to address the first- and
last- mile problem with door-to-door shared microtransit (e.g., vans, buses), ridehailing companies
(e.g., Uber and Lyft), and shared-ride operators with dynamic pick-up locations (e.g., Via and
Chariot). Although these pilots do not employ autonomous vehicles, the authors used their fare
policies as a reference for the simulations in this study.
Table 1 summarizes 23 pilot programs that connect ridehailing, ridesharing, or microtransit
services with public transit around the United States, 11 of which are currently active. The service
type is classified as follows: single passenger door-to-door (D2D-Single), shared-door-to-door
(D2D-Ridesharing), and shared with pick-up/drop-off point (PUDO-Ridesharing). Most D2D
programs have partnerships with transportation network companies (TNCs), such as Uber and
Lyft, and discounts are applied when taking these ridehailing and ridesharing vehicles to transit
stations and stops. PUDO-Ridesharing operators, such as the Chariot and Via Mobility services,
tend to operate larger vehicles and provide free or low-cost ($4 or less) trips for passengers.
All 23 programs involve monetary expenditures by government or quasi-government entities to
provide travelers with free, low-price, or discounted first-/last-mile service. For those with a fixed
rate (including free trips), the regular fare is always below $4 per ride. For those discounted trips,
total fare reductions depend on the travel distance and travel time.
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Table 1. Fares of First- and Last-Mile Pilot Programs in the United States
Service Type

Company

Fare per Ride
Free

Single Door-to-Door
(D2D-Single)

Uber

Lyft

Tacoma, WA
(48 rides/month)

Others
Door-to-Door
Rideshare
(D2D-Rideshare)

Pick-up Drop-off
Points Rideshare
(PUDO-Rideshare)

$4 and Less

Discounted

Pinellas, FL

Altamonte Springs, FL*
(25% off)
San Joaquin, CA
(50% off, up to $5)
Philadelphia, PA*
(40% off, up to $10)

Vallejo, CA*
Summit, NJ*
(2 rides/day)

Las Vegas, NV* ($1 off)
Charlotte, NC ($4 off)
Phoenix, AZ* (20% off)

Pinellas, FL

Uber

Dallas, TX
(2 rides/day)

Lyft

Centennial, CO*

Monrovia, CA

Others

San Joaquin, CA
Tampa, FL*
(first 5 rides)

Tampa, FL*

VIA

Los Angeles, CA

Los Angeles, CA
Southeast Seattle and
Tukwila, WA

Chariot

King, WA
West Seattle, WA

King, WA
West Seattle, WA

Others

Marin, CA* (up to $5)

North San Jose, CA*
Newark and Castro Valley,
CA

An asterisk (*) means the program is no longer active.

2.3 Costs for Automated Vehicles
The research team also reviewed the potential operating and capital costs of automated vehicles to
evaluate the costs and benefits of AV first-/last-mile service. The total costs for automated vehicles
can be categorized into capital (fixed) costs and operating (variable) costs. Fixed costs are initial
investments or fixed-term expenses, such as financing, depreciation, insurance, registration fees,
and scheduled maintenance. Variable costs are operating expenses, such as fuel, tire wear, paid
parking, and crash costs. Many studies have estimated the cost structures and built cost-based
models of AVs. The validity of those estimations and conclusions relies heavily on assumptions
about the values.
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Burns et al. (2013) calculated the fixed and variable costs per trip of shared AVs (medium sedans)
in three contexts: small to medium town, suburban, and urban.15 The result shows that the shared
AV service could provide lower-cost trips compared to the existing transport services. In a small
to medium town, the cost is only $0.15 per trip-mile. Stephens et al. (2016) showed that the
potential range of the costs for fully connected and automated vehicles (CAVs) used with
ridesharing could be $0.20–$0.30 per passenger-mile.16
Another study conducted by Fagnant and Kockelman (2015) focused on possible prices for users
of a centrally organized, shared AV system.17 They assumed an investment cost of $70,000 and
operating costs of $0.50 per mile, finding that a fare of $1.00 per trip-mile for an AV taxi could
still be profitable. Building on their work, Johnson (2015) wrote in a research report, “by removing
the driver from the equation (the largest cost in a taxi ride), the average cost per mile to the
consumer could be 44 cents for a private ride in a standard sedan and 8 cents for a shared ride in a
two-seater.”18 This would be lower than the price consumers now pay to ride in an UberX car ($3–
$3.50 per mile) or an UberPool vehicle ($1–$1.50 per mile).
Further studies presented more comprehensive ways to estimate operating costs for future
automated vehicles by taking into consideration overlooked costs like cleaning.19 Litman (2017)
believed there would be an extra $0.50–1.00 per trip, or $0.05–$0.10 per vehicle-mile when he
included a $5–10 cost for cleaning.20 Bösch et al. (2018) showed that cleaning costs might play the
most important role in the success of shared AV fleets because they are the largest contribution to
the operating costs, even with low cleaning frequencies and costs.21
Some manufacturers and consulting firms have estimated future costs for automated vehicle fleets
based on current technology and associated costs. Table 2 displays a preliminary list of estimates
of future costs published in 2016. The estimated future costs could be as little as $0.29/mile
(Barclays) to as much as a dollar per mile (Ford). It is difficult to compare the estimates because
they make different assumptions and forecast costs for different future years. However, a rough
conclusion indicates that in the next two decades, the costs for automated vehicle fleets could be
around $0.30/mile to $0.50/mile.
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Table 2. Estimates of Future Costs of Automated Vehicles
Institute

Current Costs (USD per mile)

Ford
Rocky Mountain Institute

Future Costs (USD per mile)
$1.00 by 2021

$0.84

$0.51 by 2025
$0.33 by 2035

Morgan Stanley
KPMG

$0.50 by 2030
$0.82

$0.43

Deloitte

$0.31–$0.46

Barclays

$0.29 by 2040
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III. Methodology
3.1 Model Description
The San Francisco Bay Area activity-based travel model (MTC-ABM) simulates the travel-related
choices of Bay Area residents. The model uses data from the Metropolitan Transportation
Commission’s (MTC) 2000 Bay Area Travel Behavior Survey, which included two-day travel
diaries from 15,000 households. In the model, tours are the unit of analysis. A tour represents a
closed or half-closed chain of trips starting and ending at home or the workplace; a tour includes
at least one destination and at least two successive trips. Like all other activity-based models, the
model generates tour and trip lists for each individual. The individual and joint trips are later
aggregated into origin/destination matrices and assigned to the network by mode and time of the
day. In the process, there is no way to link traveler attributes with the vehicles or modes they
occupy.
To understand how drivers’ perceptions of time and monetary costs could change their behavior,
the authors integrated the MATSim model with the MTC-ABM. MATSim uses detailed travel
activity patterns for large-scale regional simulations. To avoid long computational times,
MATSim uses a spatial queue model, rather than simulating car-following and lane-changing
details; this yields significantly faster computational speeds, making the MATSim framework
practical for regional applications.
The research team developed Python scripts to automate the conversion of the MTC network and
trip list (travel activity by person/household attribute) to the format required by MATSim. The
conversion of the trips list required the refinement of trip departure time by hours to minutes.22
The authors then used data from the 2000 Bay Area Transportation Survey to estimate the
distribution of trip departure time by 15-minute intervals by hour within each time period and by
county. Trips within each hour from the model were then randomly selected and then assigned
departure times within the hour based on weighting factors developed from this distribution.23
The value of time for each individual is in the trip list. These values are available from the MTCABM, and the data are from a stated preference survey conducted in the San Francisco Bay Area.
The value of time in the model is log-normally distributed and segmented by four income groups
(low, medium, high, and very high). This variable, the value of time, is key to estimating the
generalized cost function for each person.24

3.2 Matsim Mode Choice Model
The current study benefits from recent improvements in the BA-MATSim model, including the
addition of demand-responsive transit access with and without automated vehicles. The authors
implemented this new model to simulate the demand for the following transit access services with
11

AVs: (1) Door-to-door (D2D-Single), a single-passenger ridehailing service; (2) Door-to-door
(D2D-Ridesharing), whereby eight-seat vehicles provide a home-based pick-up ridesharing
service; and (3) Pick-up and Drop-off Points (PUDO), whereby the same eight-seat vehicles
provide a ridesharing service that picks up riders who walk to the service collection point from
their home.
BA-MATSim model handles vehicle dispatch for the transit access services by using a fleetwide
optimization approach. On the passenger side, an agent calls for a vehicle the moment the
passenger wishes to depart. The vehicle assignment then takes place based on insertion heuristics.
Service criteria can be specified to limit the length of detours in a ridesharing vehicle. These criteria
include (1) a maximum travel time, which is defined by a trip-specific detour (as a factor of the
direct travel time) plus a constant, and (2) a maximum waiting time. If no vehicle is available for
dispatch, then the ride request is denied.25
MATSim comes with a module that simulates the effects of larger automated taxi fleets within
reasonable computational times. The dispatch algorithm follows a simple but efficient heuristic,
which can be described by two states depending on the amount of demand. First, in times of
oversupply (i.e., during off-peak periods), the closest vehicle is dispatched for a new ride request.
Second, in times of undersupply, a vehicle, once it is available, is dispatched to the closest waiting
request, which may lead to longer wait times for people sending requests from remote locations,
but it leads to efficient fleet utilization. The model also tracks empty AV travel. For this model,
the research team created 5,000 vehicles that start their day randomly throughout the model area.
In combination with mode choice, the authors applied different pricing to the automated taxis
(from $0 to $10/ride). The research team based this range on a review of existing prices for
microtransit services. Then, the authors compared the revenue derived from the automated taxis
to the costs of operating the automated taxis per mile. The research team used an estimated range
of costs from $0.30 to $0.50 per mile and compared this range to the revenue to evaluate whether
the AV operator in the simulation will recoup their costs.
To identify the pick-up and drop-off (PUDO) locations, the team developed a simulationoptimization framework to evaluate first-mile transit access programs using shared mobility
services. The framework uses results from MTC-ABM scenarios as inputs of a customized
optimization model based on spatial approximation methods. The approximation model finds the
number and approximate location of PUDOs that minimize accessibility (walking times to
PUDO), waiting times (at PUDO for vehicle arrival, or other trip passengers), and in-vehicle time
to the transit station (BART). From MTC-ABM, the team identified individuals who could
switch from single-occupancy vehicles to the shared mobility/transit service for work trips by
identifying those individuals who could feasibly take transit to their work destination but do not.
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IV. Results
The authors compare the different scenarios using the three different service models (D2D-Single,
D2D-Rideshare, and PUDO-Rideshare) over a range of per-ride costs from $0 to $10 in 2010
USD. The simulations include the morning peak period during an average weekday.
First, consider ridership. Figure 1 shows that ridership declines with increasing cost; riders are
deciding between using the AV service to connect to BART or driving alone, based on their time
and monetary costs. As the AV service gets more expensive, riders will switch to driving alone
rather than using the AV service to connect to transit.

Figure 1. Service Rides by Type and Fare

In general, ridership is highest for D2D-Rideshare, followed by PUDO-Rideshare, and finally, by
D2D-Single. The use of all the service models drops precipitously at $2.50 to $3 per ride, and
there is little demand when fares are greater than $5 per ride.
Figure 2 shows that the AV service is faster (i.e., lower travel time for users) when the rides are
less expensive. One reason is that at lower costs, there is a higher demand for the service. Thus,
there are more vehicles in service areas actively looking to pick up and drop off passengers, which
increases the efficiency of the vehicles and lowers the overall travel time for each rider. When the
fare cost is zero or very low, the average travel time can be as low as 1,000 seconds or approximately
17 minutes. At high costs, travel times can be as high as one hour.
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Figure 2. Average Travel Time (seconds) by Service Type and Fare

The average wait time is about three minutes for the PUDO-Rideshare service and around five
minutes for the D2D-Rideshare service; it is relatively consistent across all price points for these
shared services. In contrast, the wait time for the D2D-Single service varies significantly depending
on the price point. The meeting locations for the PUDO service mean riders’ wait times are shorter
for this service relative to the D2D services. When D2D-Single is free, and there is a high demand,
then wait times are longer. The opposite is also true; when D2D-Single is costly, demand and wait
times are low.
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Figure 3. Average Wait Time per Passenger (in seconds) by Service Type and Fare

Figure 4 shows the lambda or detour ratio for each of the scenarios. The detour ratio is the total
distance traveled by the fleet divided by the sum of direct trip distances taken by all of fleet
passengers. The figure shows that the D2D-Single service has a much higher detour ratio than the
PUDO- or D2D-Rideshare services. As expected, a non-shared service causes a higher detour
ratio because longer travel routes are needed to pick up each rider at their home. In contrast, the
two shared services have ratios lower than 1, which shows their efficiency, since the total distance
traveled by the vehicles is lower than the sum of the trip distances that the passengers traveled. In
summary, the shared services are minimizing detours and reducing VMT, and the D2D single
passenger services are increasing detours and VMT.
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Figure 4. Lambda (detour ratio) by Service Type and Fare

Figure 5. The Number of Miles Traveled by Servie Type and Fare

Figure 5 shows the number of miles traveled by the AV fleet for each scenario. Service miles
traveled are highest for D2D-Single, followed by D2D-Rideshare, and they are lowest for the
PUDO-Rideshare service. This trend can also be seen in Figure 6, which shows the number of
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zero passenger miles for each scenario. The value of zero passenger miles indicates the number of
miles traveled by the fleet of AVs with no passengers.

Figure 6. Zero Passenger Miles Traveled (i.e., number of miles traveled by the AVs with no
passengers) for Each Scenario

Figure 7 shows the total miles traveled by transit users who use a personal vehicle to access a BART
station. In the model, the transit rider chooses one of the new service types or drives in a car. As
expected, the VMT of personal cars grows as the cost per ride goes up for all AV service models,
and more people choose to drive instead of taking the AV service to the BART. The VMT of
personal cars stays relatively high in the scenario for D2D-Single.
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Figure 7. Vehicle Miles Traveled by Personal Vehicle by Service Type and Fare

Figure 8 shows the total VMT, which includes VMT for personal vehicles and the new mobility
services used to access BART stations, in each scenario. The PUDO service provides the most
significant overall reduction in VMT when its fare is lower than $2.50 per ride. The D2D-Single
service creates additional VMT compared to the D2D-Rideshare or PUDO-Rideshare services.
At low fare costs, the PUDO service model has lower VMT than the D2D-Rideshare service
model. Agencies looking to minimize VMT may consider using PUDOs over a D2D service.
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Figure 8. Total Distance Traveled by Service Type and Fare

Figure 9 shows the service revenue for each scenario calculated by multiplying the number of rides
by the service’s fare. Revenue peaks at $3 per ride for the D2D-Rideshare service (at around
$200,000 in revenue per day); $3 per ride for D2D-Single (at around $170,000); and $2 per ride
for PUDO-Rideshare (at $100,000). These results suggest that $2 to $3 per ride might be the
“sweet spot” for revenue generation for this type of service based on the time and monetary costs
of BART riders in the study area.
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Figure 9. Total Revenue by Service Type and Fare

To calculate the cost of operating the services with an AV fleet, the authors used a low and high
estimate of the per-mile cost for operating AV fleets from the literature review above. The authors
estimate the low cost to be $0.30/mile and the high cost to be $0.50/mile.
The operating costs of the AVs are the product of the total number of miles traveled in an AV by
cost per mile. As shown in Figure 10 and Figure 11, profit is highest for the D2D-Rideshare
service compared to the PUDO-Rideshare service and the D2D-Single service. At low costs, all
services profit at some point; however, D2D-Rideshare performs best, followed by PUDORideshare, and last is D2D-Single. When costs are high, D2D-Single does not make a profit at
any point, while D2D-Rideshare and PUDO-Rideshare sometimes make a profit.
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Figure 10. Low Operating Costs and Revenue by Service Type and Fare

Figure 11. High Operating Costs and Revenue by Service Type and Fare
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V. Conclusions
In this study, the San Francisco Bay Area MATSim model (BA-MATSim) simulates an AV fleet
that offers first-mile access to transit at different price points for three different service models,
which include door-to-door ridehailing and ridesharing and meeting point ridesharing services.
Furthermore, the authors conducted a cost-benefit analysis to evaluate whether the AV operator
in the simulation will recoup their costs. Key findings from the study follow.
AVs employed as a transit access service may increase ridership and reduce VMT. When the cost
per ride is low, the VMT of personal cars is small for all AV service models, and more people
choose to take the AV service to the BART instead of driving personal cars.
Pooled AV access services minimize VMT and zero passenger miles. Under the same conditions,
both the service VMT and zero passenger miles for the PUDO-Rideshare and D2D-Rideshare
service models are lower than those for the D2D-Single service model. Meanwhile, the total
distances for single rider models are higher compared to the pooled service models. The D2DSingle service also has a much higher lambda detour than the PUDO or D2D services. The pooled
services are minimizing detours and reducing VMT, and the D2D single passenger services are
increasing detours and VMT.
Pooled services are arguably more efficient, especially when a pick-up/drop-off model is chosen
rather than a door-to-door model. As mentioned above, the two shared services (PUDO- and
D2D-Rideshare) have lower lambda detour ratios than the D2D-Single service, which means they
are more efficient. Moreover, the average wait time for the PUDO-Rideshare service is lower than
for the D2D-Rideshare service. Overall, a pick-up/drop-off model is more efficient than a doorto-door model with respect to the detour ratio and the wait time.
Pooled service models may be more likely to create profits, while single rider models struggle to
keep out of the red. Profit is highest for the D2D-Rideshare service compared to the PUDORideshare service and the D2D-Single service. At higher cost estimates, the profit for the D2DSingle service model is never positive; it is positive only for D2D-Rideshare.
Fares will have to be low to incentivize ridership. Ridership is high when fares are less than $5.90
(2020 USD). The use of all the service models drops when fares cost $2.95 to $3.54 per ride, and
there is little demand when fares are greater than $5.90 per ride. The estimated lower operation
costs for automated vehicles may enable lower fares.
In sum, pooled first-mile, last-mile transit access services reduce VMT and travel time and increase
revenues compared to the single-passenger service; however, fares all services need to be kept
relatively low to attract riders.
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Acronyms and Abbreviations
AMoD

Automated mobility on demand

AV

Automated vehicles

AV+PT

Automated vehicle and public transportation

BA-MATSim

San Francisco Bay Area MATSim

BART

Bay Area Rapid Transit

CAV

Fully connected and automated vehicle

D2D-Single

Single passenger door-to-door service

D2D-Ridesharing

Shared door-to-door service

GHGs

Greenhouse gas emissions

MTC

Metropolitan Transportation Commission

MTC-ABM

Metropolitan Transportation Commission Activity-Based Model

PUDO-Ridesharing

Shared ride with pick-up/drop-off service

TNC

Transportation network company

VMT

Vehicle miles traveled
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