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Abstract

This study envisions a jointly designed transit system comprised of a fixed-route (FR) service and a para-

transit (PT) service. The integration of the two services is inspired by the potential application of modular

autonomous vehicles, or pods, in transit. Constrained by a fixed budget, the operator of the joint system

aims to minimize the total user cost by optimally allocating pods between the two services. To formulate

the operator’s design problem, we propose a stylized model, in which the FR service features a simple 2D

grid route structure overlaying on a square city, and the PT service is designed as a general on-demand

system that can be configured in different modes of operations. A case study is conducted using transit

data from the Chicago region. We find that joint design helps prevent resource misallocation that could

render a service dysfunctional under insufficient budgets, although its potential to reduce total user cost

is limited. Enforcing the equal-access constraint—requiring that PT users incur no greater cost than FR

users—tends to help PT users at the expense of FR users, though the overall impact on total user cost is in-

significant. Modularity enables the formation of pod trains using small pods, which benefits FR operations,

particularly when the design is not tightly constrained by budget. In contrast, automation delivers greater

service improvements for PT users, whose more labor-intensive cost structure makes them more sensitive

to efficiency gains, especially under tight budgets. Among the PT service modes, ridesharing is the most

flexible, allowing for a wide range of service levels based on the available budget.

Keywords: modular autonomous vehicle, fixed-route transit, paratransit, joint design

1. Introduction1

Paratransit (PT), mandated by the Americans with Disabilities Act (ADA) of 1990, provides shared-ride,2

door-to-door and transit feeder services to disabled individuals who have no adequate access to fixed-route3

services. While the ADA did not create PT, the mandate has significantly stimulated the growth of its use4

around the country. Because PT services require disproportionately high subsidies, their rapid expansion5
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presents a major challenge to transit agencies. With a fairly small customer base, PT services in 20136

costed $5.2 billion, or roughly 12.2 percent of the entire transit budget; in comparison, its share was 3.2%7

in 1988, before the ADA was enacted (Kane et al., 2016). In 2012, the average cost of a PT trip was $29.30,8

which is almost four times of what costs to provide a regular, fixed-route (FR) trip ($8.15) (United States9

Government Accountability Office, 2012). The cost is even higher in large metropolitan areas. For instance,10

the average cost of a PT trip was over $70 in New York City in 2016 (Kaufman et al., 2016). In Chicago,11

it was about $56 in 2024, of which more than 90% must be subsidized by taxpayers1. There is clearly a12

pressing need to make PT services more efficient and financially sustainable.13

Previous studies (Kane et al., 2016; Kaufman et al., 2016) suggest that innovative technologies might14

hold the key to help current PT systems better meet their challenges. One idea is to take advantage of the15

burgeoning on-demand ride-hail services such as Uber and Lyft. These new services may be integrated with16

the FR service as a first- and last-mile solution (Jaffe, 2015), or hired as an independent contractor to cover17

certain service areas or types for which FR services are not cost effective. An example of the latter strategy18

is the Rideshare Access Program (RAP) and Taxi Access Program (TAP) recently rolled out by the Pace19

Bus in Chicago, which essentially offer to subsidize an on-demand ride ordered by an eligible PT user2.20

Another development that promises to revolutionize transit operation is automation. Given the exceedingly21

high share of the labor cost in the operating budget of the large U.S. transit agencies3, the introduction of22

driverless vehicle technology in transit could have a dramatic effect on its cost structure, design/operation23

principles and user experience. A particularly noteworthy invention is modular autonomous vehicles (Lin24

et al., 2023; Zhang et al., 2020), also known as autonomous pods (referred to as pods hereafter). Pods25

can run on existing road infrastructure by themselves, individually or collectively as a connected train.26

Automation improves cost efficiency by reducing the labor cost. Modularity, on the other hand, enhances27

operational flexibility. According to the U.S. Department of Transportation, the average load factor of the28

FR bus systems in the U.S. fell below 10% in 20184. Thus, the seat capacities of these systems are severely29

underutilized, especially during the off-peak periods. The use of pods can mitigate this excessive waste,30

because they are much smaller (designed to carry just a handful of passengers) than regular buses (with 4031

seats or more) and can be linked together to cope with a higher demand when necessary. Moreover, given32

their modest size, pods may also be used to operate PT services. It is to the study of jointly designing an33

FR bus service and a PT service with autonomous pods that the present study is dedicated.34

Because PT and FR services target different customer bases, they tend to be designed and operated sep-35

arately in practice. In the Chicago region, for example, the Chicago Transit Authority (CTA) is responsible36

1See https://www.pacebus.com/budgets, last visited on 7/25/2024
2See https://www.pacebus.com/riders-disabilities, last visited on 7/25/2024.
3In the Chicago region, the labor cost accounts for nearly 70% of the operating budget, see

https://www.transitchicago.com/finance/, last visited on 7/25/2024.
4See https://www.transit.dot.gov/sites/fta.dot.gov/files/docs/ntd/data-product/134406/2018-ntst-appendix 0.pdf, last vis-

ited on 7/25/2024.

2

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5179421

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



for operating an FR service, while the PT service is delegated to the Pace Bus which is also responsible for37

the FR service in the region’s suburbs. In fact, much of Pace Bus’s PT service is operated by specialized38

contractors such as National Express Transit (NEXT)5. Equipped with the modular autonomous vehicle39

technology, we may finally break the operational barriers that have hitherto separated the two services.40

This study envisions a transit operator who acquires a homogeneous fleet comprised of only pods, which41

are used to support both FR and PT services. The difference is, while a single pod is sufficient as the42

basic service unit for the PT service, the number of pods needed to form such a unit may increase with43

the demand for the FR service. Constrained by a budget that determines the size of the pod fleet, the44

operator aims to minimize a total user cost by first allocating the pods between the two services and then45

optimally configuring each service. To formulate the operator’s design problem, we propose a stylized model46

built on a square city. While the FR service features a simple 2D grid route structure overlaying on the47

city, the PT service is designed as a general on-demand system that can be configured in different modes48

of operation as in Daganzo & Ouyang (2019a). Our objective is to gauge the benefits of the integration49

enabled by autonomous pods. Based on empirical data from Chicago, our case study will explore the impact50

of modularity, automation and the mode of paratransit operation on the performance of transit services in51

a wide range of settings, including both independent and joint designs.52

The rest of the paper is organized as follows. The next section briefly reviews the related studies and53

Section 3 presents the joint design model. Section 4 reports and analyzes the results of a case study54

constructed using data from the Chicago region. Section 5 concludes the paper with a summary of main55

findings and recommendation for future research.56

2. Related studies57

We organize our review of related studies in three subsections: (i) joint transit design aimed at dealing58

with different types of demands; (ii) transit design with autonomous pods; and (iii) paratransit as on-demand59

transportation service.60

2.1. Joint transit design for heterogeneous demands61

Due to the variation of travel demand during the day, there is an inherent imbalance in transit usage62

during peak and non-peak hours, which, if left unaddressed, could lead to significant waste. A remedy is63

to augment fixed-route transit services with more flexible operation strategies, such as variable fleet sizes,64

routes, and time tables. Jara-Dı́az et al. (2020) proposed a fixed route design that varies its fleet size between65

peak and off peak periods. In their design, a primary fleet serves in both peak and non-peak periods, and a66

5See https://nellc.com/national-express-transit-next-renews-seven-year-paratransit-contract-with-pace/, last visited on
7/25/2024.
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secondary fleet operates during the peak period only. They found that this flexibility in fleet management can67

better accommodate demand fluctuations, leading to improved system efficiency and reliability. Similarly,68

Liu et al. (2022) found that operating with multiple vehicle types of different capacities helps reduce system69

cost. However, a potential downside that comes with running heterogeneous fleets is the elevated risks for70

headway irregularity, which often leads to bus bunching (Jara-Dı́az et al., 2020). To address variations71

in demand across different locations, Ouyang et al. (2014) developed a heterogeneous route configuration72

that combines a spatially sparser main service with denser services added to neighborhoods of high-demand73

density. Guo et al. (2021) proposed a flexible bus routing strategy that are responsive to spatiotemporal74

heterogeneity in travel demand.75

2.2. Transit design with autonomous pods76

With the introduction of autonomous pods, transit services can better adapt to variable demands. No-77

tably, since pod-based transit systems promise to accommodate demand variations with a homogeneous78

fleet, they can effectively avoid operational problems like bus bunching (Khan & Menéndez, 2023; Khan79

et al., 2023; Liu et al., 2024). Researcher have begun to look into the design and operations of such systems.80

Some of these studies focus on micro-level operating strategies, such as docking, dispatching and transferring81

(Chen et al., 2021; Chen & Li, 2021; Pei et al., 2021; Wu et al., 2021). Others considered the design at the82

system level. For example, Liu et al. (2020) attempted to determine the minimum size of a pod fleet, while83

Liu et al. (2021) aimed to use pods to design a flexible-route transit service. Zhang et al. (2020) designed84

a door-to-door shuttle service with pods, which consist of individual pods (trailer modules) that can travel85

locally to serve demand and connect travelers to pod-trains (main modules) for long-distance trips. Khan86

& Menendez (2024) proposed a fixed-route bus service with pods that by design do not stop. Passengers87

board or alight a pod-train through a service module that disjoins and rejoins the train at stops. Those who88

need to transfer do so in-vehicle and in real-time by moving between pods. Cheng et al. (2024) analyzed a89

similarly seamless, transfer-free bus system under both homogeneous and heterogeneous demand scenarios,90

though their design is not entirely stop-less. Zheng et al. (2024) also considered a pod-based, fixed-route91

transit system, though their focus was to analyze co-modality mechanisms through which pods can be shared92

between a transit operator and a freight carrier.93

2.3. Paratransit as on-demand transportation service94

Paratransit is a publicly owned on-demand transportation service. Daganzo & Ouyang (2019a) provided95

a general analysis framework for such services. Gupta et al. (2010) aimed to improving the operational96

efficiency of paratransit in the Twin Cities of Minneapolis and Saint Paul by testing two strategies. The97

first is to frequently re-optimize the routes used by the contracted service provider and the other is to98

selectively use taxi as an alternative. The first strategy was found to be more effective, promising up to99

4

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5179421

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



5% savings in the operating cost. Nguyen-Hoang & Yeung (2010) estimated demand and cost functions for100

paratransit services in the U.S. Their benefit-cost analysis showed that the demand for paratransit is elastic101

and that the benefits of paratransit “far exceed the costs”. Miah et al. (2020) examined the barriers and102

opportunities for paratransit users to adopt on-demand micro-transit service such as Via. Fu & Ishkhanov103

(2004) addressed the issue of determining the optimal fleet size and mix (i.e., the share of different type104

vehicles) for operating a particular paratransit service. The attempts to jointly design paratransit and fixed-105

route transit service are relatively rare. A recent exception is Rodriguez-Roman et al. (2024), who proposed106

a design model that aims to minimize a system cost dependent on the level of services of both paratransit107

and fixed-route services, as well as a measure of inequality in access to the transit services. The total budget108

must be allocated to the two services so as to minimize the system cost. Using a continuum approximation109

method first proposed in Rahimi et al. (2014), they measured the level of paratransit service exclusively by110

spatial coverage around the fixed routes, i.e., the size of the service area, which is modeled as a polygon.111

2.4. Research gaps112

Our reading of literature indicates that the studies on the joint design of fixed-route and paratransit113

services are quite limited. Moreover, while the application of autonomous pods in transit has attracted114

much attention lately, few had considered taking advantage of the flexibility afforded by the technology to115

integrate paratransit with fixed-route services. This study intends to address these gaps.116

3. Model117

We consider a square city with a grid road network, as shown in Figure 1. The side length of the grid118

network is denoted as L. The city’s travel demand is divided into two categories: the regular demand and the119

paratransit demand. The former includes anyone who is not eligible to use paratransit, the latter includes120

those who are. A transit agency operates a fixed-route (FR) bus service and a paratransit (PT) service121

in the city. For simplicity, we assume that the origins and destinations of both regular and paratransit122

demands are uniformly distributed across the city. The trip generation rates per unit area per revenue hour123

for the regular and paratransit demands are denoted as λR and λD, respectively. In general, λD ≪ λR.124

In Chicago, for example, λD/λR ∼ 1%. Eligible paratransit users are often physically challenged and thus125

require some support for boarding and alighting. For this reason, paratransit users are assumed to only use126

the PT service. Because each type of travelers only use the service designated for them in this study, we127

shall refer to regular and paratransit users as, respectively, FR users and PT users hereinafter.128

Both services are operated with a shared fleet of modular autonomous vehicles, or pods. When employed129

for the FR service, each pod can hold up to bR passengers, which are limited by the physical size of the pod.130

For the PT service, the maximum number of passengers allowed in each pod is bD. We assume bD < bR131
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Figure 1: A square city with a grid road network and the fixed-route transit service.

because (i) PT users often have special needs (e.g., wheelchair) that require more space and (ii) too many132

passengers sharing the same vehicle in an on-demand mode can cause excessive delays.133

3.1. Fixed-route (FR) service134

The FR service operates in both North-South (N-S) and East-West (E-W) directions. The transit135

operator determines the number of transit lines in each direction, denoted by N , and the uniform headway,136

denoted by H. For simplicity, we treat an intersection of a pair of N-S and E-W lines as a stop, which137

means the stop spacing is given by L/N . An FR user is assumed to always use the stop closest to their138

origin/destination for access. For those who need transfer to reach their destination, we require that they139

make at most one transfer to minimize the penalty associated with transfer (e.g., extra waiting time). In a140

grid network, the expected number of transfers for the FR user can be estimated as e = (N−1)2

N2 (Chen & Nie,141

2017). Note that all trips with a transfer can be executed in two different ways, i.e., first N-S then E-W, or142

vice versa. In this study, we assume that travelers choose the initial direction randomly. The vehicle used to143

operate the FR service is a pod-train, or p-train, which consists of several pods coupled together. Although144

in theory a p-train can be joined or dis-joined en-route for greater efficiency and flexibility (Tian et al., 2022;145

Chen et al., 2021), the present study does not allow such possibilities. Nor does it allow transfers to take146

place between pods in the same train as envisioned in Khan & Menendez (2024). Thus, our model might147

slightly underestimate the benefits of the technology.148

One way to formulate the transit operator’s design problem is to minimize the user cost while requiring149

the agency cost not exceed a given budget. We next specify how these costs are related to the decision150

variables N and H. Following the convention, both are measured for an operating hour (or revenue hour).151

The agency cost includes the amortized acquisition cost of pods, and the costs consumed to cover the152

distance traveled and staff time. For a transit line, the maximum possible number of passengers on a p-train153
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can be estimated as L2λR

8 H
(

1
N + 1

N−1

)
, attained at the center of the line (Cheng et al., 2024). To minimize154

the agency cost, each p-train should be operated exactly at the capacity when the load factor is the highest.155

Due to the integer nature of the number of pods, the train size, defined as the number of pods in each156

p-train, is rounded up to157

s =

⌈
L2λR

8bR
H

(
1

N
+

1

N − 1

)⌉
. (1)

For each round trip, a p-train travels 2L. There are 2N transit lines in total (N lines for each direction).158

Given the service’s headway H, the total vehicle distance traveled by all p-trains within an hour is:159

Q =
4NL

H
. (2)

The total p-train time per operating hour includes three parts: the time required to traverse the distance160

at the cruising speed v0, the total time lost per stop due to deceleration and acceleration, and the total time161

lost to passenger boarding/alighting. Let v denote the average operating speed. We have162

Q

v
=

Q

v0
+

4τ1N
2

H
+ τ2(1 + e)λRL

2, (3)

where τ1 is the average lost time per stop and τ2 is the average boarding/alighting time per passenger. Note163

that Q
v represents the fleet size, i.e., the number of p-trains required to operate the fixed-route service with164

N and H. Accordingly, the total number of pods needed is defined as mR ≡ sQ/v. Thus, the hourly agency165

cost for the FR service, denoted as ua
R, can be calculated by166

ua
R = cmmR + cQ

vmR

s
+ (cdr + cM )

mR

s
, (4)

where cm is the acquisition cost per pod amortized to each revenue hour, cdr is the hourly driver cost for167

human-driven vehicles (equals 0 if the pod is operated autonomously), cQ and cM are the operating costs168

associated with unit p-train distance and unit p-train hour, respectively. Here cM account for the time-based169

operating costs that cannot be eliminated even if the pod train can drive itself — such costs include but are170

not limited to computing, software, surveillance, and administrative functions. To capture the aerodynamic171

benefits from linking the pods, we model cQ as a concave and increasing function of the train size s, i.e.,172

cQ = cDsγ , γ ∈ (0, 1), (5)

where cD is the cost of operating a single pod per unit distance and γ is the parameter related to the173

aerodynamic benefits. Thus, as more pods are added, a p-train achieves greater efficiency. Specifically,174

7

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5179421

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



doubling the size of the train will not increase the distance-based cost by a factor of 2, but by a factor of175

2γ < 2 — the closer γ to zero, the greater the discrepancy.176

We further assume all three unit costs increase with the pod size bR, i.e.,177

cm = fm(bR), cD = fD(bR), cM = fM (bR), (6)

where fm(·), fD(·) and fM (·) are functions to be estimated based on data. In general, we expect these to be178

monotonically increasing functions.179

The total user cost per hour can be estimated as180

uu
R = λRL

2

(
H

2
(1 + e) +

L

Nvw
+

0.34L(2N2 + 2N + 1)

N2v

)
, (7)

where vw is walking speed of an average passenger. The per capital user cost consists of three parts,181

corresponding to the three terms in the parenthesis in Equation (7). The first term is related to the average182

waiting time incurred at the origin stop and the transfer stop; the second is related to the access time (i.e.,183

the average time taken to walk to/from the nearest stop from/to a rider’s origin/destination); and the last184

is related to the in-vehicle time, i.e., the average time spent on riding on a p-train.185

Finally, the average cost incurred by an FR user is186

T̄R =
uu
R

λRL2
. (8)

3.2. Paratransit (PT) service187

The paratransit service is envisioned as an on-demand service that qualified travelers can request in real188

time. Such a service can be operated in different modes. Taxi is perhaps the oldest and most well-known,189

providing a direct, door-to-door service for each individual rider. Transportation network companies (TNC)190

such as Uber and Lyft also provide taxi-like service. A more cost-effective mode is ridesharing, which first191

emerged in the 1970s in the form of Dial-a-Ride service (Wilson et al., 1976; Stein, 1978). Modern ridesharing192

implementations include a wide variety of TNC products, each with its own sharing rules.193

Similar to the FR service, we assume the operator of the PT service aims to minimize the hourly user194

cost subject to a budget constraint. The PT operator considers two decisions: the pod fleet size mD and195

the operating mode o ∈ O = {TX, DR, RS}, where TX refers to taxi, DR refers to Dial-a-Ride, and RS refers to196

ridesharing. Note that our definition of the three modes is adopted from Daganzo & Ouyang (2019a); see197

below for details. To reduce unnecessary detours when multiple users share one vehicle, we require all pods198

to operate individually for the PT service, and hence there are at most bD PT users on board.199

Following Daganzo & Ouyang (2019a) we model the PT service as a workload transition network tied to200

a mode of operation, which defines such features as pod assignment, pickup, and drop-off. In the workload201
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transition network, the current condition of the system is represented by a state vector n, which consists202

of the number of pods classified according to workloads (represented by nodes in the network). A pod’s203

workload is described by a tuple of non-negative integers (i, j), where i represents the number of passengers204

onboard, and j indicates the number of passengers scheduled for pickup. Clearly, the sum of i and j should205

be less than the pod’s capacity bD. Therefore, we write n = {nij} where nij is the number of pods at the206

workload (i, j). Given the pod fleet size mD, we always have the following relation from the conservation of207

fleet size208

mD = n1 =
∑
i,j

nij . (9)

Below, we first discuss how to specify such a transition network for ridesharing, before turning to taxi209

and Dial-a-Ride.210

3.2.1. Ridesharing211

0,0

0,1

0,2

0,3

1,0

1,1

1,2

3,02,0

2,1

(a) RSa

0,0

0,1

0,2

0,3

1,0

1,1

1,2

3,02,0

2,1

(b) RSb

0,0

0,1

0,2

0,3

1,0

1,1

1,2

3,02,0

2,1

(c) RSc

i: number of in-vehicle passengers
j: number of assigned passengers for pick up
Assignment

Pickup

Drop-off

i,j

Figure 2: Workload transition networks for the rideshairng (RS) mode with capacity bD = 3. (a) RSa, (b) RSb and (c) RSc each
corresponds to a slightly different operating rule.

Figure 2 shows the workload transition networks for three slightly different rideshare modes. Mode212

RSc in the figure is taken from Daganzo & Ouyang (2019a) whereas Mode RSa and Mode RSb add more213

flexibilities. In general, a workload transit network contains (bD + 1)(bD + 2)/2 nodes. The number of214

links is 3bD(bD + 1)/2, bD(bD + 2), and bD(bD + 5)/2, respectively, for Mode RSa, RSb and RSc in Figure215

2 . As illustrated in the figure, the transition between different workloads can be achieved in three ways,216

distinguished as solid, dashed, and dotted links. Specifically,217

1. an assignment event by which the workload (i, j) becomes (i, j +1), as a new passenger is assigned to218

the pod for pickup. The assignment rate for workload (i, j) is denoted as aij [veh/hr];219

2. a pickup event by which the workload (i, j) changes to (i+ 1, j − 1), as the completion of the pickup220

adds one passenger to the vehicle and removes one from the pickup list. The pickup rate is denoted221

as pij [veh/hr].222

9

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5179421

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



3. a drop-off event, by which the workload (i, j) changes to (i− 1, j). The dropoff rate is denoted by dij223

[veh/hr].224

The links can be represented by three vectors corresponding to the rate of the above events: a(n) =225

{aij},p(n) = {pij},d(n) = {dij}. These vectors of event rates are related to the state vector n, as well as226

the topology of the transition network — the latter determined by the operating mode o. Take the three227

modes illustrated in Figure 2 for example. In Mode RSa (the left plot), drop-off and assignment can take228

place at any workload: a pod may drop off a passenger no matter how many unfilled pickup assignments it229

has, and a pod may be given new assignment no matter how many passengers are already on-board. For230

Mode RSb, a restriction is imposed to forbid drop-off when there is at least one unfilled pickup assignment.231

Mode RSa is the most restrictive of the three, which, on top of the restriction added in Mode RSb, further232

requires no assignment may be given to a pod that already has passengers on-board.233

Denote the link-node incidence matrices of each link type as A, P , D. At the steady state of the system,234

n must satisfy the following flow conservation condition:235

a(n)A+ p(n)P + d(n)D = 0. (10)

Thus, given a fleet size mD, which is a decision variable, the number of pods in each workload level nij236

can be solved from the equation system consisting of (9) and (10).237

We proceed to show how the operating mode affects the relationship between the transition vectors238

and the state vector. For Mode RSa, a pod can accept new pickup assignments as long as the number of239

passengers on-board plus passengers already assigned is less than the capacity of the pod. Thus, the total240

number of pods ready for pickup can be estimated as241

y =
∑

i+j<bD

nij . (11)

Accordingly, in the cases of Figure 2, i.e., when bD = 3, the assignment rate aij , assume the pickup and242

drop-off can be completed immediately, the pickup rate pij , and the drop-off rate dij are given by243

aij(n) = λDL2nij/y, (i, j) = (0, 0), (0, 1), (0, 2), (1, 0), (1, 1), (2, 0), (12a)

pij(n) ≈ nij/(δ(y) + tb), (i, j) = (0, 1), (0, 2), (0, 3), (1, 1), (1, 2), (2, 1), (12b)

dij(n) ≈ nij/(δ(i) + ta), (i, j) = (1, 0), (2, 0), (3, 0), (1, 1), (1, 2), (2, 1). (12c)

Equation (12a) states that the total demand should be assigned to a workload (i, j) in proportion to244

the number of pods at that workload; Equation (12b) states the number of pods at a workload (i, j) can be245

estimated by the Little’s formula, i.e., equal to the product of the pickup flow rate pij(n) and the pickup246
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time. We posit that the pickup time consists of two parts. The first is the expected travel time required to247

reach a random location given the pickup fleet size y. This travel time can be estimated by248

δ(y) ≈ kL/(vD
√
y), (13)

where k is a constant related to network topology (Daganzo, 1978), which approximately equal to 0.63 in a249

rectangular network like ours, and vD is the average operation speed of the pods for the PT service (Daganzo250

& Ouyang, 2019b). The second part concerns the time between the arrival of an RS vehicle and the boarding251

of the passenger. For a standard taxi or Uber ride, this time is usually negligible. However, since many252

paratransit riders are physically challenged, they need extra time to reach and board the vehicle. The term253

tb in Equation (12b), which is an exogenous parameter, is introduced to account for this need. Also based254

on the Little’s formula, Equation (12c) states the number of pods at a workload (i, j) is the product of255

the drop-off flow rate and the average drop-off time — the latter depends on i, the number of passengers256

on-board at the steady state. Here again, the drop-off time consists of the standard travel time δ(i) and the257

average time needed for the passenger to alight the vehicle, denoted as ta.258

With slight modifications, the equation system that mirrors the workload transition can be applied to259

Modes RSb and RSc in Figure 2. When applied to RSb, workloads (1,1), (1,2), and (2,1) should not appear260

in Equation (12c). That is, no drop-off flow rates should originate from those work loads. As for Mode RSc,261

in addition to the above change, two more modifications are needed. First, no assignment flows originate262

from workloads (1,0), (2,0), and (1,1). Thus, these nodes should be removed from Equation (12a). Second,263

the number of pods ready for pickup assignment should be given as follows instead, since the assignment264

event is prohibited for any pods with passengers on board:265

y =
∑
j<bD

n0j . (14)

When bD takes a different value (e.g., 2), the above formulation remains valid, though the details will266

change.267

3.2.2. Taxi and Dial-a-Ride268

Taxi (Mode TX) and Dial-a-Ride (Mode DR) can be viewed as special instances of the ridesharing modes.269

Figure 3 shows the workload transition networks for taxi and Dial-a-Ride modes.270

Since no sharing is allowed in the taxi mode, an empty pod (at workload (0, 0)) would first get an271

assignment to transition to (0, 1). Then, after picking up a passenger (arriving at the workload (1, 0)), it272

makes a delivery and transitions back to (0, 0).273
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Figure 3: Workload Transition networks for taxi (Mode TX) and Dial-a-Ride (Mode DR).

In this case, the assignment rate a00, pick-up rate p01, and drop-off rate d10 are given by274

a00(n) = λDL2, (15a)

p01(n) ≈
n01

δ(n00) + tb
≈ n01

kL
vD

√
n00

+ tb
, (15b)

d10(n) ≈
n10

δ(1) + ta
≈ n10

kL
vD

+ ta
. (15c)

The Dial-a-ride mode illustrated in Figure 3 may be viewed as an extreme form of ridesharing that275

prioritizes productivity over user experience. Under this mode of operation, the goal is to fully utilize the276

capacity of each pod at the steady state, thereby minimizing the fleet size. To achieve this goal, the pod277

should always alternate between three work loads: (bD − 1,0), (bD − 1, 1) and (bD, 0). The iteration starts278

at (bD − 1,0), at which the pod has bD − 1 passengers on board, and is given a new passenger to pick up.279

This will bring the pod’s work load to (bD, 0) (fully loaded) before it drops off the next passenger. Daganzo280

& Ouyang (2019a) noted that this mode tends to reduce the number of pods at work load (bD − 1,0) to zero281

while keeping some passengers waiting for assignment. Denoting the number of waiting passengers as z, we282

could estimate the pickup time as δ(z) and the transition flows are given by283

a(bD−1)0(n) = λDL2, (16a)

p(bD−1)1(n) ≈
n(bD−1)1

δ(z) + tb
≈

n(bD−1)1

kL
vD

√
z
+ tb

, (16b)

dbD0(n) ≈
nbD0

δ(bD) + ta
≈ nbD0

kL
vD

√
bD

+ ta
. (16c)

3.2.3. Agency and user costs284

The agency cost for the PT service also includes three parts: the acquisition cost, the operating cost285

related to the total distance travelled and that related to hours. It is given by286

ua
D = cmmD + cDvD

mD −
∑

i+j≤bD

(tbpij + tadij)

+ (cdr + cM )mD, (17)
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where cm, cD, cdr and cM are the same parameters defined for the FR service. These costs are assumed to287

be identical to their counterparts in the FR service if the same type of pods are employed. Note that, for288

the distance cost (the second term), we must deduct the the portion of the fleet tied up in the boarding and289

alighting process.290

The average cost for a PT user can be estimated from the Little’s formula as follows:291

T̄D =

∑
i+j≤bD

(i+ j)nij

λDL2
, (18)

where the numerator is the number of passengers in the system and the denominator is the hourly demand292

generation rate. Thus, the total user cost is293

uu
D = λDL2T̄D =

∑
i+j≤bD

(i+ j)nij . (19)

In the case of DR, since a certain number of users (z) are waiting at any time, their waiting time should be294

counted, leading to295

uu
D =

∑
i+j≤bD

(i+ j)nij + z. (20)

3.3. Optimal design problems296

We first discuss how each of the two services can be designed separately. For the PT service, the297

specification of the design model depends on the operating mode o, which is formulated as follows:298

min
mD,n

uu
D(mD,n) (21a)

s.t. ua
D(mD,n) ≤ BD, (21b)

mD ≥ Mo, (21c)

Equations (9) and (10) as dicated by mode o ∈ O. (21d)

The design objective is to minimize the user cost with a maximum agency budget BD, by choosing a fleet299

size mD and a vector of workloads n. Constraint (21c) requires the fleet size be no less than a minimum300

value, denoted by Mo for mode o, needed to maintain a stable service (stable in the sense that the waiting301

time would not grow indefinitely). For a given demand and mode, Mo can be estimated from the workload302

transition equations (Daganzo & Ouyang, 2019a). Constraint (21d) dictates that the decision variables must303

also meet the workload transition relationship per the mode. Finally, we note that RS ∈ O contains the304

collection of all three sub-modes illustrated in Figure 2.305
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For the FR service, we formulate the design problem as:306

min
N,H,s

uu
R(N,H, s) (22a)

s.t. ua
R(N,H, s) ≤ BR, (22b)

H ∈ [H,H], N ∈ [N,N ], s ∈ [1, s]. (22c)

Similarly, the objective is to minimize the user cost, subject to a maximum agency budget BR, by choosing307

the number of lines N , headway H, and train size s. All three decision variables are restricted by their308

respective natural lower and upper bounds: headway cannot be too small (which can lead to instability) or309

too large (for reasonable level of service), the number of lines cannot be too small (or the access distance310

would be unreasonably long) or too large (constrained by the typical block size), and the p-train cannot be311

too long (for maneuver feasibility) or too short (each train must have at least one pod). In addition, s is312

in fact an intermediate variable, whose value depends on N and H according to Equation (1), which also313

ensures its integrality.314

3.4. Joint design of FR and PT services315

We are now ready to present a design model that aims to jointly optimize both FR and PT services.316

The operator is assumed to face the following problem: given a fixed budget, a fleet of autonomous pods is317

acquired to operate both an FR and a PT service such that (i) the total cost of both regular and paratransit318

users is minimized and (ii) all operating constraints are observed. For a given PT mode o ∈ O, the problem319

can be formulated as follows:320

min
N,H,s,mD,n

uu
R(N,H, s) + uu

D(mD,n) (23a)

s.t. ua
R(N,H, s) + ua

D(mD,n) ≤ B, (23b)

H ∈ [H,H], N ∈ [N,N ], s ∈ [1, s], (23c)

mD ≥ Mo, (23d)

Equations (9) and (10) as dictated by mode o ∈ O. (23e)

Here, B is the total hourly budget available to operate both services. Most constraints in the above formu-321

lations are transplanted from the individual design models presented in previous sections, and thus require322

no further explanation.323

Another constraint that may be added to the joint design model (23) concerns the equal-access clause324

in the ADA, which states that passengers who are unable to use the FR service are entitled to equal service325

within the catchment area of the FR service. In this study, we interpret the clause as requiring the average326
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travel time experienced by a PT rider should be no greater than that of an FR rider, i.e.,327

uu
R(N,H, s)/λR ≥ uu

D(mD,n)/λD. (24)

Finally, we note that the joint design model(23) still depends on the operating mode o. To find the best328

mode for a given demand and budget level, the operator may simply solve Problem (23) multiple times, one329

for each of the five PT modes (recall RS has three sub-modes), and chooses the best solution.330

4. Case Study331

Our experiments contain three parts. In Section 4.2, we report the results of independently designed332

FR and PT services, focusing on the impact of modularity, automation, and in the case of PT, the mode333

of operation. Section 4.3 then explore the benefits of joint design and the effect of the equal-access clause.334

Finally, we perform a sensitivity analysis on a few parameters in Section 4.4. In all experiments, the design335

model is solved using Python’s SciPy package6. In the following, we first describe how the models are set336

up with empirical data.337

4.1. Setup338

Our case study is constructed using the transit data provided by the Chicago Transit Authority (CTA)339

and Pace Bus. Table 1 reports the default values of the input parameters for the design models. These values340

may be obtained (i) from literature (in which case the source is noted), (ii) by the discretion of the modeler341

(marked as “Selected”), (iii) by estimation based on publicly available data (marked as “Estimated”), and342

(iv) by a calibration process. We first discuss Category (iii) below.343

In 2019, CTA covered a service area of 803 km2 and served about 237.3 million bus rides (Chicago344

Transit Authority, 2020a), with a fleet of 1,864 buses and a bus operating cost of $824.3 million (Chicago345

Transit Authority, 2020b). Thus, we configure the square city in our model to match the CTA service area,346

which gives L = 28.3 km. In the same year, the Pace Bus served about 4.28 million PT rides (Regional347

Transportation Authority Mapping and Statistics, 2024), of which about 3.24 million rides originated from348

within the CTA service area. It operates in total 552 vehicles for the PT service, with an annual operating349

budget of $186.3 million in 2019 (Pace Suburban Bus Service, 2020a). Based on these data, we estimate350

that, for FR and PT services respectively, the demand rates are 68.8 pax/hr/km2 and 0.691 pax/hr/km2,351

the hourly operating budgets are $191, 957 and $26, 681, and the numbers of vehicles employed for our case352

study are 1,864 and 461 (See Appendix A.1 for more details).353

6https://scipy.org/
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The boarding time tb is estimated to be 10 minutes, twice the waiting time permitted under the Comfort354

Uber service. The alighting time ta is estimated at ta=5 minutes.355

We next specify the pod operating costs. First, the driver cost cdr is estimated at $40/hr, based on356

a base wage of about $25/hr plus benefits. To obtain those operating costs that vary with seat capacity357

(see Equation (6)), we assume, without loss of generality, that the seat capacity bR ∈ [6, 50] and denote the358

acquisition costs for bR = 6 and bR = 50, cm and cm, respectively, the cost of operating a single pod per359

unit distance for bR = 6 and bR = 50 as cD and cD, respectively, and the non-driver cost of operating a360

single pod per unit time for bR = 6 and bR = 50 as cM and cM , respectively. Assuming the unit cost is a361

linear function of bR, we have362

fm(bR) = cm + αm(bR − 6), fD(bR) = cD + αD(bR − 6), fM (bR) = cM + αM (bR − 6),∀bR ∈ [6, 50], (25)

where αm = (cm − cm)/44, αD = (cD − cD)/44, and αM = (cM − cM )/44.363

Table 1: Main parameters and their default values for the design models.

Notation Meaning Value Unit Source

General
R Service area 803 km2 Estimated
L Side length 28.33 km Estimated
cdr Driver cost per unit vehicle hour 40 $/hr/pod Estimated
cm Capital acquisition cost of a 50-seat bus amortized to each revenue hour 9 $/hr/pod Calibrated
cm Capital acquisition cost of a 6-seat pod amortized to each revenue hour 1.5 $/hr/pod Calibrated
cM Operating cost per unit vehicle hour for a 50-seat vehicle 38 $/hr/ptrain Calibrated
cM Operating cost per unit vehicle hour for each p-train with 6-seat pod 9 $/hr/ptrain Calibrated
cD Operation cost per 50-seat pod distance 0.8 $/hr/km Calibrated
cD Operation cost per 6-seat pod distance 0.4 $/hr/km Calibrated

FR Service
λR Demand rate for fixed-route (FR) service 68.8 pax/hr/km2 Estimated
BR FR peak hour operating budget 191,957 $/hr Estimated
m′

R Fleet size of FR service at status quo 1864 veh Estimated
bR Seat capacity of the pod for FR service [6,12,25] pax/pod Selected

bR Seat capacity of the bus for FR route service 50 pax/pod Selected
H0 Average CTA bus headway at peak hour 12.5 min Calibrated
L/N0 Average CTA stop spacing 0.4 km Dai et al. (2024)
vw Walking speed 2 km/hr Daganzo & Ouyang (2019a)
v0 Vehicle cruising speed for the FR service 25 km/hr Daganzo & Ouyang (2019a)
τ1 Average lost time due to deceleration/acceleration at each stop 12 sec/stop Chen & Nie (2017)
τ2 Average boarding/alighting time per regular passenger 1 sec/pax Chen & Nie (2017)
γ Aerodynamic energy saving parameter 0.5 - Selected
[H,H] Lower and upper bounds on headway [3, 40] min Selected
[N ,N ] Lower and upper bounds on the number of lines [20, 120] - Selected

PT Service
λD Demand rate for paratransit service 0.691 pax/hr/km2 Estimated
BD PT hourly operating budget 26,681 $/hr Estimated
m′

D Fleet size of PT service in Chicago area at status quo 461 veh Estimated
bD Seat capacity for PT riders 2 or 3 pax/pod Selected
tb Boarding time for a PT rider 10 min/pax Estimated
ta Alighting time for a PT rider 5 min/pax Estimated
vD Vehicle cruising speed for the PT service 25 km/hr = v0
k Rectangular grid network topology coefficient 0.63 – Daganzo (2010)

Appendix A.2 details how the parameters in Category (iv)—namely, cm, cm, cD, cD, cM , and cM—are364
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obtained through a calibration process. We assume that, under the status quo, the FR service operates with365

50-seat buses, while the PT service runs with six-seat vans in the DR mode with bD = 3, both employing366

human drivers. Table 2 compares key operational metrics—including budget, fleet size, ridership, and the367

labor cost share—derived from the calibrated models with those observed under the status quo. For both368

services, the budgets in the calibrated models differ by no more than 0.7% from the status quo values. For369

the FR service, the labor cost share in the budget is approximately 75.5% in the calibrated model, compared370

to about 77% in the published data (Federal Transit Administration, 2022). Although the labor cost share371

for the contracted PT service is unknown, given the smaller vehicle size, we expect a higher labor share,372

which is consistent with the calibration result about (85%).373

Table 2: Comparison of status quo and calibration results for FR and PT services.

Agency Cost ($/hr) Ridership (pax/hr) Fleet Size Share of Labor Cost (%) Avg Travel Time (hr)

FR status quo 191957 55256 1864 77 -
FR Calibration 192921 55256 1867 75.5 1.366

PT Status quo 26681 554.9 461 - -
PT Calibration (DR3) 26509 554.9 461 85.2 2.525

4.2. Results of independent designs374

4.2.1. FR service375

We examine how key performance metrics vary with budget available, the seat capacity (bR) and au-376

tomation. For budget, we start with the baseline level ($191,957/hr) and gradually increase to twice of that377

value ($383,914/hr) — in total five budget levels are tested. Four seat capacities are considered: 6 (the378

default value for PT service), 12, 25, and 50 (the default value for FR service). Finally, with automation, we379

set cdr = 0 whereas with drivers cdr = $40/hr by default. Figure 4 reports the results of the experiments.380

A general and expected trend is that more budget leads to better service: shorter headway (smaller H),381

denser coverage (larger N), more p-trains, and lower average travel time. Also expected is that the returns382

on the investment gradually diminish as the budget increases.383

The impact of modularity is complicated by its interaction with automation. With human drivers, using384

smaller pods offers no advantage at the baseline budget. With high labor costs and a limited budget, it385

makes sense to operate larger vehicles, which can meet the same demand with longer headways. As the386

budget increases, smaller pods become more attractive. At 1.25 times and 1.5 times the baseline budget,387

the optimal pod size is 25, and at higher budget levels, the smallest pod size (6) is optimal. Notably, at the388

three highest budget levels, there is little difference between using pods with 6, 12, or 25 seats, whereas a389

pod with 50 seats results in significant efficiency losses.390

Automation significantly alters the outcomes. First, it results in higher levels of service. At the lowest391

budget level, automation reduces headways by a factor of 1.5 to 3 (depending on seat capacity) and increases392
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Figure 4: Impact of modularity and automation on the performance of FR service. In the plots, bR represents seat capacity
and d and nd refer to human-driven (with drivers) and autonomous (no drivers).

coverage density by 20–40%. However, the improvement in average travel time is more modest, at about393

5–10%. As the budget increases, these gains become more moderate—partly because abundance offsets the394

cost-reduction advantage of automation, and partly because a lower bound on headways is enforced at higher395

budgets to avoid operational instability. Second, automation changes the calculus of modularity. Without396

drivers in p-trains, as we increase the available budget the design quickly reaches the minimum headway and397

maximum coverage (where service level is at maximum and budget is in excess) for pod size 12. This implies398

that pod size 12 utilizes the resources most efficiently. On the other hand, a pod with 50 seats consistently399

performs the worst. Again, once the budget level exceeds the baseline level, the differences among pods with400

6, 12, or 25 seats diminish.401

4.2.2. PT service402

For PT service, we similarly test multiple budget levels between the baseline ($26,681/hr) and twice the403

baseline. Note that only six-seat pods are used for PT service.404
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We first conduct an experiment comparing the performance of the three ridesharing modes presented in405

Figure 2, referred to as RSa, RSb and RSc. For each mode, we allow either 2 or 3 riders in the pod at the406

same time. This leads to six ridesharing modes: {RSa2,RSa3,RSb2,RSb3,RSc2,RSc3}. As shown in Figure 5a,407

higher budgets improve service levels (measured by average user cost), while allowing more riders per pod408

tends to worsen it. Since RSa and RSb offer greater operational flexibility—as illustrated by additional links409

in the workflow diagrams—they require a lower minimum budget to operate. The minimum budget for RSc410

is about $35,000/hr, whereas both RSa and RSb become operational at budgets below $30,000/hr. However,411

as the budget increases, RSc outperforms the other two modes in terms of the level of service. Thus, there412

is a clear trade-off between operational efficiency and level of service. The greater the flexibility, the more413

efficient the operation, the lower the level of service. Another interesting finding is that the number of riders414

allowed in the pod has a much great impact on the performance of RSa and RSb than that of RSc, likely due415

to the flexibility in pickup and drop-off operations.416

Comparing Figure 5a to Figure 5b confirms that the general trends remain similar with or without417

automation. However, RSc outperforms the other modes across all budget levels. Moreover, automation has418

a significant impact, especially at lower budget levels. At the baseline, RSc achieves an average user cost of419

about 1.1 hours, compared to nearly 2 hours for RSb3 at the same budget—an almost 50% reduction. Thus,420

automation appears to benefit PT service more than FR service (where the largest improvement in average421

user cost ranges from 5% to 10%). One reason is that, in our setting, driver costs represent a higher share422

of the labor cost for PT service than for FR service.423

Unless otherwise specified, hereafter we use RSn (where n is the number of riders allowed) to represent424

the mode that delivers the best performance among {RSan,,RSbn,RScn}, for n = 2, 3.425
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Figure 5: Performance of three RS modes at different budget levels. For RSxn, x refers to different mode (a, b or c), and n refers
to the number of riders allowed in the vehicle (2 or 3).

Figure 6 further compares the two best ride sharing modes, RS2 and RS3, against taxi (TX) and dial-a-ride426
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(DR2 and DR3). Here, we let the budget range from 0.5 times the baseline to 2 times the baseline to highlight427

the differences between these modes.428

When human drivers are required (Figure 6a), none of the five modes are operational below the baseline429

budget level. The two Dial-a-Ride modes, along with RS3, begin functioning at the baseline, whereas TX430

only becomes operational once the budget exceeds $45,000—nearly double the baseline. Clearly, because431

taxi offers an exclusive door-to-door service, it demands a higher budget. Dial-a-Ride modes are notable432

for their insensitivity to additional budget once the minimum requirement is met. This is because, in a433

Dial-a-Ride mode, vehicles always operate at full delivery capacity, minimizing the fleet size at the expense434

of service level. In other words, the mode is designed to function at a bare minimum service level, and thus435

cannot effectively leverage extra funding. In this regard, the two ridesharing modes differ significantly. For436

example, RS3 performs similarly to DR2 at the baseline budget but outperforms it as the budget increases.
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Figure 6: Performance of five PT modes at different budget levels. For RSn and For DRn, n refers to the number of riders
allowed in the vehicle (2 or 3).

437

As seen from Figure 6b, all modes benefit from automation in that they become operational at lower438

budgets—even taxi operates at only 0.75 times the baseline budget. Automation does not enhance the level439

of service for Dial-a-Ride modes, as their service level is inherently limited by the peculiar mode of operation.440

It does, however, positively impact the two ridesharing modes and, to a lesser extent, taxi. Interestingly,441

once taxi meets the minimum fleet requirement, there is also very little room for further improvement. The442

reason is that, beyond a certain threshold, increasing the number of circulating vehicles does not significantly443

reduce pickup and drop-off times.444

4.3. Results of joint designs445

In this section, we conduct three sets of design experiments with the two budget levels (baseline and 1.5446

times baseline) to gauge the benefits of joint design. The first includes three designs, each integrating an FR447
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service operated by 50-seat pods with a different PT mode (TX, RS2, RS3) operated by six-seat pods (DR2448

and DR3 are inferior so they are excluded from the discussion hereafter). All pods are driven by humans.449

The second set is similar to the first except that the FR service is operated by six-seat pods, which enables450

us to explore the benefits of modularity. We create the third set by removing the driver cost from the second451

set so that we can examine the effect of automation on joint design. For easy reference, we shall label Sets452

1, 2 and 3 as J-50-H, J-6-H and J-6-A, respectively. The independent design corresponding to the status453

quo (50-seat bus for FR service and six-seat van for PT service, all human-driven), labeled as NJ, is used454

as the benchmark.455

In what follows, Section 4.3.1 reports the results of these experiments without enforcing the equal-access456

constraint (24), while Section 4.3.2 deals with the case when the constraint is included.457

4.3.1. Without equal-access constraint458

Figure 7 and Figure 8 illustrate how joint design improves, respectively, the total user cost and mode-459

specific average user cost, across different settings. First, it is important to note that when services are460

designed independently, neither budget level (baseline or 1.5 times baseline) is sufficient for TX. In contrast,461

while RS2 operates only at the higher budget level, RS3 functions at both levels; see Table B.3 in Appendix462

B for details. The total user cost reported in the plot (the horizontal red line) represents the sum of the FR463

user cost and the PT user cost under RS3. We choose RS3 as a representative of all PT modes because it is464

operable under most budget levels and it grants almost minimum total user costs with high budget levels465

under non-joint optimization in the status quo (according to Figure 6). It is also worth noting that in the466

status quo—and thus in the independent designs—the share of the PT budget is fixed at 12.2% (see Table467

B.3).468

At first glance, the benefits of joint design appear negligible in J-50-H, the most comparable setting.469

Only in the higher budget scenario do we detect a slight improvement in the total user cost achieved470

by FR+RS2 and, to an even lesser extent, by FR+TX (see Figure 7). However, focusing solely on cost471

obscures a significant advantage of joint design: the ability to allocate the budget between the two services472

effectively, ensuring both operate properly. Indeed, while FR+TX does not function at either budget level473

under independent design due to insufficient budget for taxi services, it becomes viable when jointly designed.474

Table B.3 indicates that the joint design model allocates a higher share of the budget to taxi—nearly 20%475

of the baseline budget and 12.9% of the higher budget, compared to about 12.2% in the status quo.476

In J-6-H with the baseline budget, the total user costs under joint design actually increase—regardless of477

the PT mode adopted—compared to the independent design (which is viable only for RS3). Indeed, as shown478

in Figure 7a, mode-specific user costs are slightly higher in J-6-H than in J-50-H. This occurs because, at this479

budget level, operating the FR service with six-seat human-driven pods is sub-optimal. Under a stringent480

budget, the operator is better off using larger vehicles that can meet demand with longer headways, thereby481
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Figure 7: User costs of three joint designs (FR+TX, FR+RS2, FR+RS3) vs. corresponding independent designs. J-50-H, J-6-H
and J-6-A stand for 50-seat-pod + human-driven, six-seat-pod + human-driven, six-seat-pod + autonomous, respectively. Each
setting has two versions: without equal-access constraint or with it (identified by -EQ at the end).

saving on labor costs. Being forced to use smaller pods results in low operational efficiency in the FR service,482

which ultimately drags down the performance of the joint design. However, Figure 7b suggests that under483

the higher budget, J-6-H outperforms both J-50-H and the status quo by a wide margin (approximately a484

2% gain in total user cost). Figure 8 further indicates that this overall improvement is mostly attributable485

to the enhanced level of service enjoyed by FR users, while the average cost for PT users increases sharply486

compared with NJ, except in the case of the taxi mode.487
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Figure 8: Mode-specific average user cost of three joint designs (FR+TX, FR+RS2, FR+RS3) vs. corresponding indepen-
dent designs. J-50-H, J-6-H and J-6-A stand for 50-seat-pod + human-driven, six-seat-pod + human-driven, six-seat-pod +
autonomous, respectively. Each setting has two versions: without equal-access constraint or with it (identified by -EQ at the
end).

With six-seat pods and automation (J-6-A), the total user cost decreases by more than 10% under the488

baseline budget (see Figure 7). Additional improvements are observed with the higher budget, though they489
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are insignificant. An interesting finding is that, at the baseline budget, taxi outperforms the other PT modes490

in terms of total user cost—a competitive edge that disappears under the higher budget. As shown in Figure491

8, while taxi users consistently experience a significantly better level of service than FR users under joint492

design at both budget levels, ridesharing users enjoy this advantage only at the higher budget level.493

4.3.2. With equal-access constraint494

From Figure 8 we can see that the joint design model with an equal-access constraint effectively enforces495

the requirement that PT users should not experience longer travel times than FR users. In both J-50-H and496

J-6-H, this constraint is clearly activated at both budget levels for PT modes RS2 and RS3 (as suggested by497

the identical average user cost for both services under those scenarios). For J-6-A, it is active only under498

the baseline budget, as the cost for PT users is substantially lower than that for FR users with the higher499

budget. Also worth noting is that the joint design operating the TX mode always renders a better service500

for PT users so that the equal-access constraint was never active.501

Figure 7 highlights the negative impact of the equal-access constraint on total user cost. Although the502

constraint generally increases total user cost, the effect is small in most cases. The largest relative increase503

is observed for J-6-H with PT modes RS2 and RS3 under the baseline budget. As shown in Figure 8 and504

Table B.3, in these cases, imposing the constraint necessitates diverting a substantial portion of the budget505

from FR service to PT service, leading to a sharp rise in total user cost. For J-6-H without the constraint,506

the PT budget share is 13.09% and 11.67% for RS2 and RS3, respectively; with the constraint, these shares507

increase to 17.3% and 16.83%. Even so, FR users experience an average cost increase of less than 2%, while508

PT users benefit from a relative gain of about 12%. Thus, although the equal-access constraint warrants509

consideration under tight budget conditions, its overall impact is expected to be modest.510

4.4. Sensitivity Analysis511

The experiments conducted in this section are designed to test the sensitivity of joint design results to512

key parameters. We will focus on a design that combines FR with RS3 mode. All pods are autonomous513

and, unless otherwise specified, have a seat capacity of six. In addition, the budget varies from 0.75 times514

the baseline value to 1.25 times that amount. We consider three parameters: seat capacity (Section 4.4.1),515

demand rate (Section 4.4.2) and pick-up/drop-off time in PT service (Section 4.4.3).516

4.4.1. Seat capacity517

Figure 9 reports the three main performance metrics (the total user cost and the average cost of PT and518

FR users) of the joint design under different budgets and seat capacities.519

The joint design tends to prefer smaller pods to larger ones, though the difference is substantial only520

for the very large seat capacity (50). The pattern is largely consistent with what we have seen in Figure521

4, which reports the results of an independent FR design. Interestingly, even though seat capacity only522
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Figure 9: Sensitivity of joint design results to seat capacity bR. Autonomous pods operating FR+RS3.

changes in FR service, it has a much bigger impact on PT service. For example, at the baseline budget,523

when seat capacity is reduced from 50 to 6, FR users experience a cost reduction of about 7%, compared to524

above 20% for PT users.525

When the budget is tight, the joint design favors FR service over PT service regardless of seat capacity.526

At 0.75 times the baseline budget and using six-seat pods, PT users experience an average travel time of527

about 1.65 hours—more than 30% higher than that of the average FR user. As the budget increases, the528

design begins allocating more resources to FR service. Near parity is reached at the 1.25 times baseline529

budget when FR service is operated with smaller pods (6 or 12 seats). However, for seat capacities of 25 and530

50, FR users remain better off. Because smaller pods improve efficiency, the design more quickly reaches531

the threshold of diminishing returns on investment for FR service—beyond that point, resources begin to532

shift toward PT service, where they can be used more productively.533

4.4.2. Demand534

We perform two experiments. In the first, a uniform scalar, ranging between 0.75 and 1.25, is applied535

to both FR and PT demand. The second experiment holds the total demand constant, while allowing the536

ratio of PT demand to vary from 1% (approximately the level at the status quo) to 5%. Figures 10 and 11537

report the results, respectively, for the first and the second experiment.538

In the first experiment, as expected, a higher demand tends to increase the average cost for both PT539

and FR users when the budget is held constant, while increasing the budget has the opposite effect (see540

Figure 10). As the budget increases, the impact of the demand level becomes less pronounced. Moreover,541

PT users are more affected by increasing demand at a given budget than FR users. For example, under the542

baseline budget, increasing the uniform demand scalar from 0.75 to 1.25 results in a relative cost increase543

that is approximately four times higher for PT users compared to FR users. This gap grows wider when the544

budget is tighter.545

For the second experiment, Figure 11 demonstrates that, as the ratio of PT demand increases, the FR546

service level degrades. The impact is more pronounced under tighter budgets. For example, Figure 11a547
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Figure 10: Sensitivity of joint design results to a uniform demand scalar applied to the base FR and PT demands. Six-seat
autonomous pods operating FR+RS3.

shows that at 0.75 times the baseline budget, FR users experience an approximate 3.6-minute increase in548

the average cost (about 5%) when the ratio of PT users rises from 1% to 5%. A similar trend is observed for549

PT service (Figure 11b), where a higher PT ratio tends to worsen the average cost for its users, although550

the effect is not as clear-cut7. Thus, serving a greater number of PT users exerts downward pressure on551

the overall level of service—a result that is hardly surprising, given that providing PT services is financially552

more demanding on a per-capita basis.553
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Figure 11: Sensitivity of joint design results to different PT demand ratio (the total demand is fixed at the base level). Six-seat
autonomous pods operating FR+RS3.

7At 0.75 times the baseline budget, there is a noticeable jump in PT user cost that appears anomalous. A closer examination
reveals that this anomaly is caused by the integral requirement for the number of p-trains used in the FR service: a lower
budget increases the returns on investment for the FR service, thereby allocating a higher percentage of the dwindling budget
to FR service (so that a smaller p-train may be used) and, consequently, disproportionately affecting PT users.
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4.4.3. Boarding and alighting time554

Figure 12 illustrates how the performance of the joint design varies with the boarding and alighting times555

required by PT service. The results indicate that PT user costs are significantly affected by these operations.556

For example, Figure 12a shows that at the baseline budget, the default boarding/alighting times (tb = 10,557

ta = 5) increase the expected PT user cost by approximately 0.4 hours (or 50%) compared to the scenario558

where these times are set to zero. This increase occurs despite a corresponding rise in fleet size—from559

about 550 when tb = ta = 0 to over 800 (see Figure 12c) at the default times—indicating that the extra560

pods are needed to cover the waiting associated with boarding and alighting rather than to improve service561

levels. In contrast, Figure 12b shows that the effect on FR users is minimal, with the worst-case increase562

in average cost being less than 2%. These findings underscore the importance of efficient boarding and563

alighting operations for PT services and highlight the limited capability of resource allocation to mitigate564

the negative impact of inefficiencies in these operations.565
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Figure 12: Sensitivity of joint design results to boarding and alighting time (tb, ta) in the PT service. Six-seat autonomous
pods operating FR+RS3.

5. Conclusion566

We examined how newly emerged modular autonomous vehicles (pods) could enhance the overall effi-567

ciency of transit operations. Pods offer several promising advantages. First, they operate without drivers,568

which could significantly reduce labor costs. Second, they are likely powered by electricity—a cleaner and569

more cost-effective alternative to fossil fuels. Finally, the modularity of pods enables more agile operations,570

making it feasible to run both paratransit (PT) and regular fixed-route (FR) services with a single fleet.571

Our investigation is motivated by this possibility and focuses on the trade-offs that transit operators must572

consider when contemplating this futuristic scenario.573

Our case study, based on transit data from the Chicago region, led to the following findings:574

Modularity. Modularity enables the formation of pod trains with small pods, which benefits FR operations.575

Our experiments recorded a maximum average user cost savings of a few percent attributable to576
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modularity. When the budget is abundant and labor costs are low, smaller pods tend to provide577

greater benefits.578

Automation. Everything else being equal, automation delivers greater service improvements to PT users579

than to FR users. This discrepancy arises from the fact that PT service has a more labor-intensive580

cost structure on a per-capita basis than FR service. Furthermore, the benefits of automation are581

generally more pronounced when the budget is tighter.582

Joint design Jointly designing the two services helps avoid resource misallocation, which in the worst583

cases could render a service dysfunctional due to an insufficient budget. However, without leveraging584

modularity and automation, the potential for cost reduction through joint design is limited. When585

the budget is tight, imposing the equal-access constraint tends to improve service for PT users at the586

expense of FR users. On a per-capita basis, though, the extra cost incurred by FR users is much587

smaller than the savings enjoyed by PT users. Thus, enforcing the equal-access clause is unlikely to588

provoke stiff opposition.589

PT modes. Ridesharing is operationally flexible, allowing it to offer a wider range of service levels based590

on the available budget. Within ridesharing modes, greater operational flexibility tends to improve591

efficiency at the expense of service quality.592

While the present study offers a novel approach to addressing the challenge of rapidly rising demand for593

paratransit services, it has several limitations. We briefly discuss three of these in the following, and suggest594

directions for future research accordingly.595

First, paratransit is modeled here as a steady queuing system similar to an on-demand ride-hail service. In596

reality, paratransit may possess unique attributes, such as high reservation rates and special requirements597

(e.g., specific equipment or human assistance). Future research should examine whether and how these598

features can be incorporated into strategic transit design.599

Second, an important advantage of modularity is its ability to manage within-day variations in transit600

demand. This benefit becomes even more prominent if PT demand can be shifted to avoid peak-period601

competition with FR demand. To quantify such benefits, however, a model that endogenizes the allocation602

of resources and paratransit demand across multiple periods is needed. Developing such a model represents603

another valuable extension of the present work.604

Finally, with autonomous pods, FR and PT services could be more tightly integrated at the operational605

level. For example, a pod might pick up a few PT riders before joining a pod train serving an FR line, with606

riders then transferring to other pods to reach their destinations. Modeling the impact of such operational607

flexibilities on overall joint design performance presents another challenge that we leave to future studies.608
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Appendix A. Estimation of model inputs710

Appendix A.1. Demand, budget and fleet size711

To estimate the hourly demand, we assume both FR and PT services operate 16 hours a day, and choose712

a peak hour factor (PHFfr) of 0.085 for FR (Dai et al., 2024) and 0.0625 for PT (i.e., no peaking effect713

for PT). Thus, for FR, the peak hour demand is estimated as 237, 300, 000 ÷ 365 × 0.085 ÷ 803 = 68.8714

pax/hr/km2 and the peak hour budget is 824, 288, 048 ÷ 365 × 0.085 = $191, 957. Recalling that the PT715

demand falling into the CTA service area (the area for the case study) is about 76% of all Pace Paratransit716

rides, we estimate the PT demand rate at 4, 280, 000× 0.76÷ 365÷ 16÷ 803 = 0.691 pax/hr/km2.717

We further estimate about 83.5% of the Paratransit budget was spent on the rides originated within the718

CTA service area, leading to a total Paratransit budget of about $155.6 million, or about $26,681 per hour.719

To see why, note that, according the Pace budget in 2019 (Pace Suburban Bus Service, 2020b), the total720

private contractor cost for Paratransit service was about $163 million, of which about $136 million were721

for the city of Chicago. This means (i) about $186 - $163 = $23 million were non-contract spending on722

Paratransit (ii) the Paratransit cost in Chicago roughly accounts for about 83.5% of the Pace’s Paratransit723

budget. We thus estimate the total Paratransit budget for the city of Chicago, inclusive of both contract724

and non-contract costs, as $136 +$23×0.835 ∼ $156 million. Using the same ratio, we estimate the number725

of vehicles employed for our case study is 552× 0.835 = 461.726

Appendix A.2. Calibration727

To choose cm, cD and cM , we ensure the current FR service, as specified in our model, spends $191,957728

per peak hour, while employing a fleet of 1,861 50-seat buses to serve a demand 68.8 pax/hr/km2. We729

estimate the number of lines N0 in the status quo as 70, obtained based on 28/0.4 = 70, where 0.4km is the730

average block length in Chicago (University of Chicago, 2024). The status quo headway, H0, is calibrated731

along with cD and cM . We found that when H = 12.5 min, cm = $9/veh, cD = $0.8/km and cM = $38/p-732

train in a revenue hour, the design consumes nearly all the budget for the given fleet size, see Table 2. To733

choosecm, cD, and cM , we match the ridership, fleet size and budget of the current PT service. We assume734

that the current PT service operates 461 six-seat vans in the DR mode with bD = 3. We found that when735

cm =$1.5/km cD =$0.4/km and cM =$9/p-train, the PT services consumes nearly all the budget for the736

given fleet size at the steady state (with the number of waiting passengers z = 18), see Table 2.737

We assume that, under the status quo, the FR service operates with a 50-seat bus, while the PT service738

uses a six-seat van. The calibrated acquisition cost, distance cost, and non-driver time cost for the FR739

service are approximately six times, two times, and five times higher, respectively, than those for the PT740

service. These cost differences fall within a reasonable range.741
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Appendix B. Joint design results742

Table B.3: Average user travel time of joint designs vs. independent designs. NA means the result is not available due to
insufficient budget; AC stands for the share of PT budget in the total budget.

Budget Scenarios FR+TX FR+RS2 FR+RS3

TX (hr) FR (hr) AC (%) RS2 (hr) FR (hr) AC (%) RS3 (hr) FR (hr) AC (%)

218638

NJ-50-H NA 1.340 12.20 NA 1.340 12.20 1.851 1.340 12.20

J-50-H 1.078 1.355 19.29 1.568 1.342 13.09 1.929 1.339 11.68

J-50-H-EQ 1.078 1.355 19.29 1.350 1.350 17.04 1.351 1.351 17.56

J-6-H 1.076 1.364 17.01 1.569 1.345 13.09 1.931 1.342 11.67

J-6-H-EQ 1.076 1.364 17.01 1.364 1.364 17.30 1.365 1.365 16.83

J-6-A 1.039 1.200 5.62 1.208 1.200 6.76 1.204 1.201 7.07

J-6-A-EQ 1.039 1.200 5.62 1.201 1.201 6.89 1.201 1.201 7.12

327958

NJ-50-H NA 1.283 12.20 1.288 1.283 12.20 1.315 1.283 12.20

J-50-H 1.069 1.284 12.90 1.510 1.278 9.05 1.459 1.281 10.65

J-50-H-EQ 1.069 1.284 12.90 1.283 1.283 12.29 1.283 1.283 12.75

J-6-H 1.064 1.258 11.40 1.494 1.255 9.18 1.424 1.257 10.93

J-6-H-EQ 1.064 1.258 11.41 1.259 1.259 12.75 1.260 1.260 13.22

J-6-A 0.977 1.194 23.18 1.002 1.194 23.41 0.998 1.194 23.38

J-6-A-EQ 0.977 1.194 23.18 0.998 1.194 23.38 0.998 1.194 23.38
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