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ARTICLE INFO ABSTRACT

Keywords: The rise of Automated Mobility-on-Demand (AMo! ox, has transformed urban
Automate'd MObﬂ.itY'On'Dema“d mobility. However, the growing demand an ba e potential to exacerbate
SharedtRld§dServ1cesh. congestion. This study introduces a novel centya i ufe to'enhance the scheduling effi-
Dynamic Rider Matching ciency of Shared-Ride Automated Mob RA! ). The proposed multi-objective

Robotaxi .
* adaptive model addresses the p tive

on-site waiting time, in-vehicl
dynamically matches riders wit!

e d robotaxi operators by minimizing
e at each pairing epoch. The proposed model

botaxi actommodating up to 4 riders simultaneously.
A case study using Chieago dem: I%different weighting distributions lead to distinct
matching outcomes, and aBalanced weighting acro$s bjeetives minimizes the total time spent. Compared to

esatching, SRAMODS % s the price of anarchy—measured as distance traveled

traditional decentrali i
per rider—by up to 16% lighting the bepefits of centralized control. These findings provide policy insights
to encourage s axi adoption 8h centralized coordination, improving urban mobility while

reducing oper fficiencies
liable service. Compared with human-driven vehicles, robotaxi sys-

1. Introduction 6 ’Q
ms cut the labor costs of drivers and reflect lower fares. Also, with the
N
g

Transportation Network Companies ( ) steh as Ubegan t, development of autonomous driving technology, people have more
have reformed urban mobility ov ade by pro% -
Py - .

confidence in its efficiency and safety. Hence, an increase in AMoD
vices through online platforms. jon, demand can be anticipated (Nahmias-Biran et al., 2019). For instance,

TNCs offer greater flexibility and co ramcisco, Waymo, established in 2016, has a service area covering Phoenix, San
approximately 170,000 TNCgyehicle typical Francisco, and Los Angeles, and has served over 700,000 ride-hailing
weekday, taking 15 % of alllv, onal taxi only trips without human drivers in 2023. Now it is planning to expand the
accounts for 1 % (Castjglione . . 0, thiere were about service area to Austin (Waymo, 2023). Zoox, founded in 2014, con-
91.1 million TNC ridesi icating'@ 12.0 % increase ducted the first on-road test in Foster City, California, in 2023, and is
from 2018 and a m 2017 (Mass.gov, 2019). scheduled to operate in San Francisco and Las Vegas (Zoox, 2023a,
However, the gr b and (MoD) services has 2023b).
raised co acts, particularly congestion To mitigate potential congestion resulting from increasing demand,
challen 1., 2019). shared-ride services have emerged as a key approach in AMoD systems,
Th echnology in MoD has created a offering travelers with similar spatial and temporal trips the option to
newy pattern of transi automated mobility on demand share rides at a lower cost. The service, known as “Shared-Ride Auto-
0 n the AMoD sy , passengers request journeys using a mated Mobility-on-Demand Services (SRAMODS)” (Hyland and Mah-
app, and stem provides the service 24/7 by a centrally massani, 2020), utilized automated, non-human drivers (robotaxis) and
anaged fleet e refer to such self-driving taxis as robotaxis, a centralized system for ride-matching optimization and fleet
ich hay, 2 popularity due to their decent fares and more management.

* Corresponding author.
E-mail addresses: mincisun5296@tamu.edu (M.-C. Sun), quadrifo@tamu.edu (L. Quadrifoglio).

https://doi.org/10.1016/j.cstp.2025.101462

Received 7 December 2024; Received in revised form 23 April 2025; Accepted 23 April 2025

Available online 26 April 2025

2213-624X/© 2025 World Conference on Transport Research Society. Published by Elsevier Ltd. All rights are reserved, including those for text and data mining,
Al training, and similar technologies.


mailto:mincisun5296@tamu.edu
mailto:quadrifo@tamu.edu
www.sciencedirect.com/science/journal/2213624X
https://www.elsevier.com/locate/cstp
https://doi.org/10.1016/j.cstp.2025.101462
https://doi.org/10.1016/j.cstp.2025.101462

M.-C. Sun and L. Quadrifoglio

However, current analysis indicates that shared-ride trips only
represent a small percentage of total MoD services in cities. The lack of
growth can be attributed to various factors, such as an increase in users’
in-vehicle times and operational difficulties for TNCs (Hou et al., 2020).
As a result, the probability of successfully matching rides remains low
(Alonso-Gonzalez et al., 2021; Si et al., 2023). For example, in Toronto,
with 15 % of sharing requests among all, only 52 % of these requests
were matched (Young et al., 2020). In a case study of Denver, only 14.8
% of sharing requests received a matching ride (Henao and Marshall,
2019).

In addition, TNCs like UberX Share rely on decentralized matching
mechanisms, where riders are paired based primarily on immediate
distance savings, and human drivers retain the choice to accept or reject
matches (Rinkus, 2014). This decentralized matching generates a cost of
“anarchy” as individual agents—both riders and drivers—act in their
self-interest, leading to a sort of “user equilibrium” matching. Such
individualistic matching may result in suboptimal system outcomes,
including longer waiting and travel duration for riders and increased
operational costs for providers. For instance, while assigning the second-
best rider match to a driver could benefit the TNCs overall, drivers
naturally prioritize their most convenient match. This leads to situations
where other drivers must cover longer distances to pick up the less
optimal riders, adding extra operational costs and overall waiting time.

Moreover, TNCs often prioritize distance savings when matching
riders. For instance, in Fig. 1, the shared-ride trip aims to minimize total
travel distance. However, the vehicle may arrive at Passenger 2's loca-
tion before the scheduled pick-up time, resulting in a stop that increases
the total travel duration for Passenger 1. This highlights the importance
of considering not only distance-based efficiency but also user satisfac-
tion to achieve a more holistic optimization.

Driven by advancements in robotaxi technology, growing dems@
for MoD services, and the limitations of a narrow focus on a
objective, this study proposes a novel rider-matching mod
MODS, seeking to optimize robotaxi operations and overgome¥in-

efficiencies inherent in human-driven ride-sharing. Unlj % ventional
decentralized TNC matching, which prioritizes i d distance
savings and relies on driver discretion, our mod l%ces a central-
ized, real-time decision-making framework holisgically opti:

ride-matching. The key innovation lies i

objective optimization, which bala ril
vehicle travel duration, and de; t hile ensuri tem-
wide efficiency. Additionally, ou amic trip-based ri ertion

mechanism enables full utilization ofyvehicle capaci
approaches that pre-group s before assigni
tured, real-time coor&t%\ances the Vi
addressing the low ratés"in urbangdPNC ser

nt.
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provides a literature review regarding shared-ride services. Section 3
introduces the operation framework for the SRAMODS model. Section 4
verifies the proposed model using the Chicago taxi data. Section 5
concludes the findings and discusses limitations for future research.

2. Literature review
2.1. Overview of shared mobility and Ride-Matching
The proposed model for SRAMODS belongs to the field of shared

economy in transportation. Before diving into the rider-matching model,
we have to clarify some relevant terms, including:

involving various forms of ride-sharing, taxi-pool
sourcing, and other services where multiple pa
vehicle (Castellanos et al., 2022; Shaheen and C

(1) Shared-ride service: Shared-ride service is a broade@

TS re a

(2) Ride-sharing: Drivers in ride-sharing ha

and vanpooling. Carpool-
o share a private vehicle
lly for work or school,

pooling but involves a larger
12). The matching in ride-sharing

o)

e sorted into o

atching (Tafrgghian ef®@l., 2020).

U

ailing and ride-sourcing: Both ride-hailing and ride-

S involve booking on-demand rides through digital plat-

& ut passengers do not share rides with other riders in this

ice (Wang and Yang, 2019). Ride-hailing involves profes-

ional drivers and licensed vehicles, but ride-sourcing allows non-
professional drivers to offer rides using their personal cars.

share a
2012).
(4) Ri

others who have similar routes (Yan et al.,

2.2. Research Status

Previous research has tackled various challenges and optimizations
associated with shared-ride services. Agatz et al. (2012) systematically
outlined optimization challenges for ride-sharing, particularly in oper-
ations research, while Furuhata et al. (2013) classified existing ride-
sharing systems and identified ride-sharing matching patterns, high-
lighting coordination difficulties in synchronizing itineraries, schedules,
and costs among participants. Wang and Yang (2019) undertook a
comprehensive literature review covering demand, pricing, supply,
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Fig. 1. Illustration of rider matching in UberPOOL.
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incentives, and platform operations for ride-sourcing, and different ob-
jectives of previous works are compared. Despite these efforts, the
SRAMODS problem, as a relatively new transportation pattern, remains
underexplored. General ride-sharing models are not fully applicable to
SRAMODS as robotaxis do not have fixed origins and destinations.
Additionally, a centralized controller is capable of assigning robotaxis
based on system-wide objectives.

Current decentralized matching in traditional taxis and TNCs allows
drivers the flexibility to accept or reject matches. This decentralized,
self-interested matching, or “user equilibrium”, generates a cost of
“anarchy” in that both drivers and riders pursue immediate personal
gains, sometimes at the expense of optimal system efficiency (Foti et al.,
2021, 2017; Wolfson and Lin, 2017). Such individualistic matching can
lead to suboptimal outcomes, such as increased rider wait times, longer
travel durations, and higher operating costs for providers (Shen et al.,
2019). By contrast, a centralized control system can ensure compliance
among vehicles. Through centralized oversight, matching algorithms
can prioritize both system efficiency and user satisfaction, creating a
more balanced and mutually beneficial solution.

The SRAMODS problem, which lacks fixed origins and destinations,
can be regarded as an extension of the dial-a-ride problem, where each
request consists of disparate pick-up and drop-off locations (Berbeglia
et al., 2010). Generally, these problems contain constraints to control
user inconveniences, such as time windows or maximum travel time. As
one of the studies pioneering in dial-a-ride problems, Psaraftis (1980)
considered a single-vehicle case, seeking to minimize a weighted com-
bination of waiting time and riding time. Nevertheless, SRAMODS re-
quires more dynamic, real-time adjustments due to the autonomous
nature of the vehicles and the need to respond to changing conditio,
Besides, the increased number of vehicles within the system ad
complexity to rider-vehicle matching as well as pick-up/drg
sequence arrangement compared to dial-a-ride problems (Berfe
et al., 2010).

To address the challenges of real-time rider-vehicle hing, a
bipartite graph is often generated to evaluate the feasi yof Various
vehicle-rider matching conditions (Tafreshian a %A 2020).
Alonso-Mora et al. (2017) improved such reque l%
proposed a request-trip-vehicle graph (RTV gwaph),
sibility of matching some riders and treati
drivers. The authors started from a d

ment and i it
through a constrained optimizag the RTV graph§St
ochastic program %o po-
img in;

et al. (2020) proposed a multi-st:

rated approximate dynamic program within eageh ti 1, and
neural networks were lever for the approxing@
graph can be viewed as ‘ase
are vertices in the bip
efficient graph-basgdya

Xavies (20%5) introduce

dows. In the problem context of SRAMODS,
24/7, the matching process needs to be more

dynami guferfthe insertion of new riders at any time without
waiting omplete trip cycle.
Dyna ching decomposes time into several intervals (epochs),

seeking to optimize the matching within each stage. Hyland and Mah-
massani (2020) propose a more dynamic model where vehicles’ loca-
tions are tracked every second. The matching process is optimized in
every epoch, around 15 s, assigning the vehicles to riders and updating
the status of vehicles. The authors further incorporated the unpredict-
ability of potential delays from travelers. Similarly, Yu and Shen (2020)
adopted approximate dynamic programming (ADP), for which they

matches
oring the%os®
anew trip to &
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showed properties of the approximated value function at each stage.

Although the shared-ride service and related ride-sharing issues have
been researched, solutions that simultaneously address the needs of in-
vehicle riders, on-site riders, and operators require more exploration.
Current TNCs often prioritize distance savings when matching riders,
aiming to attract riders and drivers with cost savings from longer trip
distances (Rinkus, 2014). However, this approach neglects riders’ time
windows, potentially leading to longer waiting times and travel dura-
tions. Dandl et al. (2021) proposed a tri-level model considering trav-
elers, MoD providers, and authorities, whereas the model focused on
travelers’ willingness to choose transportation modes and simulated the
shared-ride solutions instead of optimizing shared-ride matches.

While existing research has addressed various facets of shared-ri
systems, significant gaps remain in addressing the dynamic nattire
robotaxi services and holistic objective exploration. The foll
tion outlines how this study contributes to bridging these gaps through a
novel multi-objective model.

2.3. Study contribution and innovation
s of robotaxi ser-

p in considering multi&p
vices, this study propeses a multi-objectij pde} that incorporates the

d SRAMODS operators.

ver each epoch, this project
id plore various solutions and expands

Thi§ study distinguishes itself in several key areas:

(1) Multi-obj ptimization Framework with Adaptive
Weight % Unlike previous models focused on single met-
ricssuch as travel time or distance (Horn, 2002; Lu et al., 2022),
t y addresses the integration of multiple objectives,

iging waiting time, travel duration, and detour distance.
model enables flexible weight adjustments to align with
erational goals and accommodate the diverse needs of in-
vehicle riders, on-site riders, and fleet operators. We evaluate
the impact of different weight settings on system performance,
and the results highlight the importance of adaptive tuning in
achieving flexible and optimized outcomes.

(2) Trip-Based Rider Adding: The proposed model implements a
real-time, dynamic rider-inserting process that evaluates vehicle
capacity at the beginning of matching intervals. Unlike tradi-
tional methods that assign riders to vehicles until reaching
maximum capacity (Alonso-Mora et al., 2017; Sun et al., 2020),
this approach enables incremental rider assignments based on
evolving trip conditions. As illustrated in Fig. 2, our trip-based
approach adds new riders to existing trips so that the vehicles
can follow a continuous sequence of pick-ups and drop-offs. This
approach can reduce idle time and enhance capacity utilization
compared to a fixed-group assignment strategy.

(3) Performance Validation: The model is validated using real-
world data to assess performance improvements resulting from
shared rides, and operational benefits are quantified in compar-
ison to human-driven systems, underscoring the efficiencies of a
centrally managed robotaxi fleet.

3. Methodology
3.1. Problem Statement

The SRAMODS model introduces a structured, centrally-controlled
approach to robotaxi ride-matching in urban environments. Unlike
traditional, “anarchic” ride-matching models such as those used by
conventional taxi systems—where drivers often operate independently
and may select rides based on personal convenience—this model utilizes
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Fig. 2. Illustration of the trip-based rider-adding approach. O

a demand-responsive, interval-based matching system. This centralized the start of that intergal, allowing seaml S entation of matching

control minimizes the inefficiencies that arise when individual drivers decisions within g for riders with pick-up

prioritize short-term personal gains over optimal service distribution. times in i f€ginning of that interval.
The objective of this research is to optimize rider matching consid- Riders of their pick-up time will

ering on-site waiting time, in-vehicle duration, and detour distance, have t t interval.

developing a system that caters to the requirements of both robotaxi

operators and users. Following the current ride-hailing operation, where 2. ASsumptions

users will be more likely paired with neighboring vehicles, we develop a

vehicle searching algorithm to capture those vehicles around t The assumpt® ed for the problem formulation are listed as

request. Thereafter, for each rider-robotaxi match, a list of candi follows:

routes will be built considering capacity constraints, and an opti

tion model will be applied to identify the best route for e a M c ized Control over Fleet: The robotaxis fleet is of a fixed

Eventually, a bipartite graph standing for all potential matthes in i ith a centralized assignment center having full operational

an interval can be generated to optimize the robo ment. ol over all robotaxis. This control helps mitigate the

Following this, the route and arrival schedule of the robotaxi are sanarchy” associated with decentralized systems, where indi-

updated, and the process is repeated for the sub: erval. The vidual vehicles might act in self-interest, potentially prioritizing

overall procedure can be summarized in Fig. * convenience over system efficiency. By centralizing the decision-
The SRAMODS model processes reques fined intervals - making, the model enhances collective efficiency by regulating

every minute), enabling the controllegto @1 ending re nd assignments to better serve overall system goals.

allocate robotaxis based on real-tj d As presented > (2) Speed Assumption: The speed of the robotaxis is assumed to be

rider matching for pick-ups sche ithin 1ntervau Is at constant along the route for all of the robotaxis.

n interval Update routes with scheduled times and move to the next interval I
P\ '5

| Begin with a ri

earchi
eain with a robotaxi Step 4. Rider-Robotaxi Matches Determination \
Objectives include:
(1)  Min. costs (waiting time, travel duration, and detour
eneration Ch.ede il distance)
fing capacity for the selected robotaxi Heces (2) Min. penalty of unpaired riders

Variables:

t Route Selection \ . X
. Assignment of robotaxi

Loop all
available

T
1
1
1
i
obotaxi 1 Constraints:
robotaxis i w matching twice /
: 1
i
i
1
]

Routes wnh the matching robotaxi

% Y

Constraints: g
Qme windows for each rider / Candidate matches
with associated cost

Fig. 3. Summary of the proposed SRAMODS model.
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Pick-up
Time

[ 1

Fig. 4. The timeline of the matching process.

(3) Known Request Parameters: The information of riders’ expected
pickup time, drop-off time, locations, and detour tolerance are
contained in a request, allowing for more accurate scheduling. In
practice, if the detour tolerance is missing, it can be inferred from
historical data to ensure a reasonable shared trip distance.
Capacity Maximization: Robotaxis can accommodate up to four
riders simultaneously, and all riders are assumed to be open to
sharing rides. This capacity limit is designed to optimize vehicle
usage, enabling a greater number of shared rides and thus
improving profitability for stakeholders.

(5) Alternative Transit Assumption: If riders cannot be paired with a
robotaxi, they are assumed to seek alternative transit options.
This reflects real-world dynamics where unmet riders would look
for other modes of transportation.

(6) Distance Calculation Assumption: The Manhattan distance is used
to calculate the travel distance between points. In practice, lo
network configurations could be used to fine-tune dist;
accuracy.

(€))

(S

3.3. Matching procedure and problem Formulations

The proposed SRAMODS model aims to optimiz i@ching by
considering on-site waiting time, in-vehicle travel ion, and det

r
distance, creating a system that meets the need§ o robotaxi épe

ators and users. The model consists of steps: (1) v \
searching, (2) feasible route generation, ( t@oute selecti %)
rider-robotaxi matching optimiz C&

Step 1: Vehicle Searching. *
iden pture
ing a new

The vehicle searching algorithm §designed to
available nearby vehicles at ecific request tj
request with every veh& ighly inefficie
on evaluating the routgfof a r axi spatially and

are segments aligni th the time

dow of a new request and

3

-~

Interval t

Solution of Interval t

Interval t + 1

=
=]
2 )

<

th
1s
1L within
he request.

located within a certain proximity of the request’s origin, gth
robotaxi is considered available. To illustrate, in Fig. 5, three
are in the vicinity of the new request. Robotaxi 1, which'i,0
the search area of the new request, will be matched
Robotaxi 2 enters the search area, but the new reguestis
has elapsed; thus, it will not be taken into accou @ ptaxi 3 passes by
the search area of the new request within it eSwindow; therefore, it
t is outlined in Algo-

will be considered.
indicate the sequential

e vehicle searchi
hm, we term “
rider can be inserted.
l@ar the existing ride-hailing
p
ch
elimingtes potential m
m 1. Vehicle S

f cting future routes. A decent
omplexity of the problem but also
Input: The route offa
Output: Status of the axi

at involve long distances.
points_within_time Ws = GetPoints(robotaxi route, new request’s time windows)

// Ide@egmens of the robotaxi’s route that falls within the new request’s time
indo

oint_within_timewindows do // Check if any of the robotaxi’s visiting points
spaially fall within the search area.
f InSearchingArea(point, new request’s location) == True then
Status = True
break
end if
return Status

Step 2: Route Generation

Given the selected robotaxis from Step 1, feasible routes considering
capacity will be generated in this step. By comparing the new requests’
time windows, the inserting positions can be specified. However, as the
taxi has limited capacity, the routes exceeding the capacity will be
excluded.

, \ The search area for the new request
-

‘ Scheduled pick-up/drop-off locations (from previous riders) outside the time windows of the new request

O Scheduled pick-up/drop-off locations (from previous riders) within the time windows of the new request

Fig. 5. The search area of a new request.
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This study develops a route generation algorithm to enumerate all
potential routes, as outlined in Algorithm 2. For a matched robotaxi, the
algorithm identifies trip segments within the new rider’s time window.
The first available position is set as the pick-up point, and the algorithm
iterates through subsequent positions as potential drop-off points. At
each drop-off position, it checks for capacity violations—if the capacity
is exceeded, all later drop-off points are disregarded. The process then
repeats with the next pick-up position.

As illustrated in Fig. 6, ideally, the robotaxi can drop off the new
rider at any position within the time window. However, as there are
riders already assigned to this robotaxi, we have to exclude the sequence
that may not suffice to accommodate the scheduled rider. After
enumerating all potential routes, considering the efficiency, only the
first top k routes with minimum detour distance will be chosen for
further matching investigation in Step 3.

Algorithm 2. Route Generation

Input: The route of a robotaxi, the location and time windows of the new request
Output: A new route
POSr POS.qg = GetPosition(original route, new request’ time windows)
POSpickup =POSstart
new_route_list = empty list
while pos,ici,, < P0Senq do // Pick-up point begins from the start until the end positions
POSiropoff = POSpickup + 1
while posope < POSenq dO
newroute = Insert(original route, posp; > POSdroposr)
if ViolateMaxCapacity(new_route)==False then // check capacity
add new_route to new_route_list
else
break //After this point, the capacity will be violated
POSgroposr + = 1// Move to the next drop-off position
end if
POSyickyp + = 1// Move to the next pick-up position

distance
return new_route_list

Q>

ction aims
cost funetio

Step 3: Best Route Selection and Cost Function

Given candidate routes for each rider-robotaxi gai
to select the best route with the minimum cost, Wh
considers on-site waiting time, in-vehicle dugati
The index r represents the candid;

whose value equals 1 if a roy,
continuous variables (a\

total travel duration eaclmfider. Theyreleva ations and de-
scriptions are organi in Table 1, &Foute election model is
<§»"

Route within the new rider’s time window 4.
Route outside the new rider’s time window
@ Scheduled pick-up riders
@ Scheduled drop-off riders

An
sition of start time windows,
e is a rider on board
0

AQPotential pick-up position for the new rider

Potential drop-off position for the new rider

new_route_list = TopKRoutes(new_route_list) //Get the first few routes with the sh@
and detour dist: \
e T r ‘the requ a
Siti ts along rout: h
a i S

@ —D—D
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formulated as follows.

Objective function:

MiNZoyerallcost = Z (aZWti “Fﬂztti + ]/D,) X, (€D}
reR i€l iel

Subject to:
at; <et; +M(1-X,) icl ,reR )
wt;>at;—st; icl’, reR 3)
atiy > at;+ di1 /V i€ L\{lastpoint}, r € R (4-
atiqy >sti+digq /V i€l reR (4-

ttizatj—ati—M(l—Zi) i:j,iGI:—,jGI;,rGR 5-1)

t;>atj—st;—MZ; i=j iel’, jel ,reR (5-2)

dx =1 (®)

reR

at; >0 iel, A Q 7

wt; > 0 Q R @ ®
o@ réRr ©

i
1} reRr (10)

Ze{0,1} ie 11)

The objective tion, Eq. (1), seeks to select the route for a rider-

robotaxi at minimizes the riders’ travel duration, on-site wait-
ing tifie, tour distance of robotaxis to pick up the new rider. The
prdetit s can adjust the weights of each objective.

Comstraint (2) is to ensure that the scheduled drop-off time is prior to
time of the rider’s time windows. M is introduced to invalidate

e constraint for those unselected routes. Constraint (3) calculates the
n-site waiting time of rider i, i € I, and Constraint (7) ensures the non-
negativity of the waiting time. Constraints (4-1) and (4-2) update the
arrival time at each point around the route. The arrival time of the
current time will be the arrival time at the previous node plus travel
time, as displayed in Constraint (4-1). However, if the previous node is a
pick-up point, belonging to set I", we have to further consider the actual
departure time at the previous node, as the robotaxi may arrive earlier
and wait until picking him/her up, which is handled by Constraint (4-2).

Trip segment that falls within the new rider’s time windows

»©

Potential new routes satisfying
the capacity constraint

4; _

The new rider must be dropped off before 4.

the vehicle reaches the max capacity;

otherwise, scheduled riders cannot board 4
©

Fig. 6. Illustration for feasible route generation process.
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i + 1refers to the next point

(@ © ©)

i =jwithi € I},j € I indicates the same rider appearing in both the pick-up and drop-off sets

Fig. 7. Illustration of visiting point sets.

robotaxi’s initial position as well as riders’ pick-up and drop-off points.
Since the trip sequence continuously extends, we can treat the arriv;
times at nodes visited before the current time (epoch time) as constan

Table 1
Terminology for route selection and cost function.

Sets based on the previously determined route, to reduce the computdtion
R The set of routes for a rider-robotaxi pair generated in Step 2, indexed by r. burden.
I The set of riders’ pick-up, drop-off, and the robotaxi’s initial positions for a . . 3 L.

route r, indexed by i. Step 4: Rider-Robotaxi Matching Optimization
It The set of riders’ pick-up points for route r, indexed by i. The optimization model introduced in Step 3 returns
I The set of riders’” drop-off points for route r, indexed by i. for a certain rider-robotaxi match with the associate

ering all the riders within an interval, a biparti

Variables rider-robotaxi matching can be generated, w
X, A binary variable, which is 1 if the route r is selected; otherwise, 0.r € R stand for the cost, ag,presented in Fig. 8. Wh
Zi An indicator on pick-up nodes, representing whether the rider waits or the nd arrival schedu updated based on the

robotaxi waits, i € I and r € R.
at; Arrival time at the rider’s pick-up/ drop-off point, i € I refers to the pick-up 3.' . X

point and i € I refers to the drop-off point. ex ofjriders in ing interval, belonging to the
wt; Waiting time of rider i, i € I/ and r € R. i be the i tured robotaxis, belonging to the
tt; In-vehicle travel duration of rider i of route r, i € I and r € R. iclg § atchi: enoted by [, belongs to the link set
Parameters e, 4, indi€ates whether the link is selected, I € L.
a,p,y  Weights of on-site waiting time, in-vehicle travel duration, and detour ter, c;, represénts the overall cost associated with time and dis-

distance. L ) ) tance for the lin nd a constant p is employed to penalize un-
et; End time of rider i’s time windows, i € I, and r € R.

st; Start time of rider i’s time windows, i € I} and r € R. @\ paired riders.

di;1  The distance from point i towards i + 1, i € I,\{lastpoint} and r € R. Keep in_mind t not all riders and robotaxis are linked in the

D, The marginal increase in distance of route r while inserting a ne: bipartit: as Step 3 may indicate infeasibility for certain matches,
r€R. or thefro may be outside the search area for certain requests.
Th f rob is al h 3 . .

14 e constant .speed of robotaxis along the route. b e function:

M A relatively big number to invalidate the constraints.

Constraints (5-1) and (5-2) are used to calcula idi i .
each rider. The binary variable, Z;, indicat er the rider waj \sz“’“ = ZCZYI + Zp 1- Z Y 12
not. Eq. (6) ensures a route of the exami axi will be séleeted for e N Liinks connecting to rider {

1 i asible due t

dow violations). Constraints (7)—(® i Subject to:

of variables X, and Z;.
The optimization m
cost, which will servi r
graph in Step 4. i i times along the route, the
formulation acco in route r, including the

> V1<1 ieN (13)

. leL!
L':links connecting to rider i

Robotaxi Route scheme example (generated from Step 3)

cost on links

0000000
o Rider 1

Robotaxi 1

. Visiting point planned in previous intervals

e Rider 1’s pick-up point

e Rider1’s drop-off point

Fig. 8. A bipartite graph of rider-robotaxi matching within an interval.
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> V<1 vev (14)  Table2
ler Parameters for the case study.
L”:links connecting to robotaxi v
Parameter Step Value Units
Y;€{0,1} lelL (15) Searching radius Stepl 5 km
Max capacity Step2 4 riders/
The objective function (12) is to choose routes with minimal costs. robotaxi
The penalty cost term must be included; otherwise, the model will Top k route Step2 3 -
. . . - Weights («,f,7) Step3  (0.4,0.3,0.3) -
generate solutions where no links are selected to achieve the minimum o .
. . ) Examining time Step 4 1 minute
cost. By introducing the penalty cost, the model can produce a solution interval
that prioritizes pairing as many riders as possible while minimizing Robotaxi speed,V Step4 25 km/hr
associated costs. Fleet size Step4 100 (we also test 50,150, vehicles
Egs. (13) and (14) guarantee that each rider and vehicle are paired 200
. . . Requests Step 4 1,416 travelers
no more than once. Eq. (15) establishes the binary nature of the variable.
Leveraging the total unimodularity of the constraint matrix, the
assignment problem formulation allows for the relaxation of the integer fluctuations. The chosen maximum capacity of 4 seats reflect:
program into a linear program. shared-ride limits, optimizing vehicle use without cofiprémisingwider
comfort. These choices align with practical ride-shari ations

and enhance model applicability.

The pairing procedure is computed via the Py
commercial solver (Gurobi 10.0.1) is adopted
programming usingga laptop with an Inte

3.4. Summary

ace, and the
e binary integer
e i7-1255U and 16 GB

h one-hour taxi data

This study presents a centralized ride-matching framework for
SRAMODS, optimizing shared mobility by dynamically inserting new
requests into ongoing trips of robotaxis. The model enhances efficiency
through adaptive multi-objective optimization, balancing the benefits of
both riders and operators. This study does not consider the need for

charging. If a robotaxi’s battery level drops too low, the centralized 4.2. p@ i iffe Wei Multi-Objectives

controller can simulate a “fake” ride request, directing the vehicle to the

nearest charging station. To &xamine the i yeight distribution outlined in Eq. (1),
his section eXplores all potential scenarios from weights (1,0,0),

(0.9,0.1,0), (0.9,0

@\sum of weights ¢ @

.8,0.2,0), and so forth to (0,0,1), where the
1.0. Fig. 10 presents the average on-site waiting
duration, and distance for each weight scenario
given 10 otaxis. In the chart, orange, green, and pink colors
The proposed SRAMODS model is tested using weekdayjtaxi ‘@ata represén 45 enarios where one objective is set as O to observe the
from Chicago, Illinois (City of Chicago, 2024). Chicagb ighy urban relationship of the other two.
density, diverse transportation choices, and varie @ pehaviors examines the trade-offs between pairs of objectives from
make it an ideal city to evaluate SRAMODS, refléctingythe real-wogld t perspectives: Subfigure (a) shows that prioritizing distance
complexities that are essential for assessing inimization increases travel duration, as the model may suggest

(Zhou et al., 2019). For this case study, w ine daily trip vol orter routes that require onboard riders to wait longer for new pas-
from November 5 to December 30, 2023, igher trip v on sengers to join the trip. Subfigure (b) reveals that reducing waiting time
offthe

4. Case study

4.1. Data Description time, in-vehicle tra¥

weekdays compared to weekends, p Tuesday, as has little effect on travel distance, but neglecting it may lead to signif-
Fig. 9 (a). For testing, we select , November 9’an 0 icant delays. Subfigure (c) indicates an inverse relationship between

peak period from 2:00 to 3:00 PM, aSjillustrated in Fig: waiting time and travel duration—minimizing wait times often results in
Key input parameters aresdisplayed in Tab A searching longer onboard travel duration due to suboptimal routing.

radius balances the rea‘ f%able robota excessive de- To better observe the domination between scenarios, Fig. 12 presents

tours, while a 1-minutgfexamimnifig interval cap al-time demand the Pareto front from multiple perspectives. Subfigure (a) shows an

400
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"
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E
Ln
5
8 2001
£
5
z
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o i & & o & & o Time of Day (15-minute intervals)
P o S 0 o 4 P S
(a) Daily taxi trip volume (Nov 5 — Dec 30, 2023) (b) 15-minute-interval taxi trip volume on Nov 9, 2023

Fig. 9. Daily taxi trip volume (Nov 5 - Dec 30, 2023) and 15-minute interval volume (Nov 9).
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Scenarios
P Zero Weights for Waiting Time (a)
Examples: (0, 0, 1), (0, 0.1, 0.9), (0, 0.2, 0.8)

Zero Weights for Travel Duration (f5)
L] Examples: (0, 0, 1), (0.1, 0, 0.9), (0.2, 0, 0.8)

Zero Weights for Detour Distance (y)
Examples: (0, 1, 0), (0.1, 0.9, 0), (0.2, 0.8, 0)

(uny) 20umsIA 84V

Remaining Weight Scenarios
Examples: (0.1, 0.1, 0.8), (0.1, 0.2, 0.7)

12 © Zero Weights for Waiting Time () 4 ® Zero Weight
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Fig. 12. Pareto front visualization in scenario testing.
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overhead view, highlighting a circular Pareto boundary that encloses the
majority of scenarios. Subfigures (b) and (c) reveal a bowl-shaped Pareto
front in the side view. Overall, no solution dominates in terms of the on-
site waiting time, in-vehicle duration, and travel distance. Instead, the
Pareto front underscores the trade-offs between objectives, allowing
practitioners to tailor configurations to specific operational priorities.

To further investigate the impact of various weight configurations on
riders’ on-site waiting time and in-vehicle duration, Fig. 13 examines
two scenarios where the detour distance weight (y) is set to 0 and 0.2. In
both subfigures, the x-axis shows varying allocations of waiting time
weight (a). Subfigure (b) extends only to a = 0.8 because 0.2 of the total
weight is reserved for detour distance (y). When a = 0, the average
waiting time is around 11 min in both cases. As a increases, waiting
times decrease, but travel duration rises. The total time spent (sum of
waiting and travel durations) is minimized when waiting time and
duration weights (a and p) are evenly distributed. Additionally, as y
increases from O to 0.2, the total time spent increases because more
priority is given to reducing detour distance, leaving less focus on
minimizing on-site waiting time and in-vehicle duration. These obser-
vations stress that there isn’t an ideal weight configuration that opti-
mizes both waiting and travel times simultaneously.

4.3. Significance of 2 + Riders

This study proposes a dynamic trip-based rider insertion to add riders
to an ongoing trip, efficiently utilizing the vehicle capacity. Building on
the proposed dynamic trip-based rider insertion approach, this section
evaluates the impact of increasing vehicle capacity, using a wei

t
distribution of (0.4, 0.3, 0.3). Four vehicle fleet size scenarios a

considered, as shown in Fig. 14. A maximum capacity of 1 reflect
concept of no shared ride.
id

Case Studies on Transport Policy 20 (2025) 101462

certain point, highlighting the importance of optimizing both capacity
and fleet size for maximum system efficiency.

4.4. Price of anarchy reduction

This section aims to compare robotaxis and human drivers in shared-
ride services. UberX Share and Lyft Shared had both disclosed that their
rider matching principle primarily focuses on minimum total matched
distance (Rinkus, 2014; Timothy Brown, 2016). This study models
human drivers’ decisions by using maximum distance savings as the
matching criterion, as illustrated in Fig. 15. The “anarchic” nature
human drivers is implemented by preventing blocking pairs (Unmatch@
riders and drivers who would prefer each other over their currgnt as;
signments) (Wang et al., 2018).
We consider the following three cases:
(a) Human Drivers (Benchmark): Self-intereste drivers
emphasize individual distance savings.
(b) Robotaxi Prioritizing Distance Minimi
The proposed,robotaxi model focuses $olel
distance.
(c) Robotaxi

ights: 0, 0, 1):
inimizing travel

hts: 0.4, 0.3, 0.3): The
esjyon-site waiting time, in-

e.
ig.

tion in average distance but at the expense of
time and in-vehicle duration. This result in-
matching can achieve better distance savings

compared to self-int€rested drivers.

Fig. 14 (a) demonstrates that shared-ride services reduce Case ieves a 20 % reduction in waiting time and a 13 %
average waiting time by increasing opportunities for ri to Yoin reduefio tance. There is no significant difference in travel dura-
ongoing trips. While shared rides with more passenger nd in- ti is result is reasonable since cases (a) and (b) do not explicitly
vehicle travel time due to route deviations, this incr offset by ti travel duration. In case (c), the reduction in on-site waiting
reduced waiting time. Fig. 14 (b) shows that thefav, e distance de- 1 ay cause some robotaxis to arrive earlier than the new riders’
creases with higher capacity because it providés greager flexibilify ti rt time windows, resulting in slightly longer in-vehicle durations for

reduce unnecessary detours and improve efficiency. Ov

increasing both vehicle capacity a e can reduce ime
spent and travel distance.

Fig. 14 (c) illustrates how inc g capacity accgm% re
travelers across all four fleet size scenasios. However, as fleet sizg’grows,
the marginal reduction in ired riders decrg mple, the

decline from 150 to 2 the reduction

from 50 to 100 vehiclg§: Thi gests that while
improves ride-matchingyefficiency, t] enefits di

25

X
?‘0

0 0.102030405060.70809 1
Waiting Time Weights ()

Avg Waiting
Avg Duration
Avg Waiting + Avg Duration

@y =0

Total Time (min)

nboard riders. However, these routes are still preferred because the
benefits from reduced distance and waiting time outweigh the slight
increase in in-vehicle duration. Consequently, the average in-vehicle
duration remains comparable across all three cases.

The 15 % distance reduction achieved by centralized matching
focusing distance (Case b) can be interpreted as a reduction in the “price
of anarchy,” where individual drivers’ choices lead to suboptimal
system-wide efficiency. Case (c) outperforms human-driven cases on all
three objectives and performs only slightly worse than case (b) in terms
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Fig. 13. Waiting time and in-vehicle duration under a fixed weight on detour distance.
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Fig. 14. Objectives under di imum capa@nd vehicle numbers.
I Start with an interval Ppdate routes with scheduled times and move to the next interval
v
| Begin with a rider
v
( Robotaxi Searching
L Capture all nearby robota)us and by @‘ a i Rider-Driver Matches Determination

The matching process is based on maximizing distance savings

Ch?Ck all and continues until no matches remain in the pool.

riders 1. Order all candidate matches.

2 Select the match with the highest distance savings.

3 Remove the selected match and eliminate any remaining
matches involving the same drivers or riders.

Loop all
available
robotaxis

Candidate matches with
the associated cost

Fig. 15. The matching procedure designed for TNC taxi assignments.

(1) Regulate Riders’ Minimum Satisfaction

Our findings suggest that placing all weight on distance minimiza-
tion can undermine performance in terms of on-site waiting time and in-
vehicle travel duration. Hence, while operators may aim to minimize
total travel distance, regulations should ensure that waiting time or

Despite the potential to provide better service and reduce total dis-  travel duration does not become excessive, safeguarding user
tance, the application of shared-ride service in Robotaxi is still in its satisfaction.
early stages. To encourage the growth and sustainability of shared-ride
services, we propose a mix of quantitative and qualitative policy mea- (2) Provide Financial Incentives for Operators

sures, aligned with our model outcomes and insights.

Sensitivity results indicate that increasing the share of pooled rides
A. Quantitative measures:

11



M.-C. Sun and L. Quadrifoglio

120%

100% 103% 100%

85%

Avg Distance

100% 103% 990,

Avg Travel

100% 87%

80%
80%

60%

40%

20%

Avg Waiting

(a) Human Drivers (Benchmark)
u (b) Robotaxi Prioritizing Distance Minimization

H (c) Robotaxi with Balanced Priorities (Weights: 0.4,0.3,0.3)
Fig. 16. Performance using human-driven vehicles as the benchmark.

significantly reduces total travel distance. Financial incentives—such as
subsidies, tax credits, or HOV access—should target operators who uti-
lize vehicle capacity efficiently, encouraging wider adoption of shared
services.

(3) Ensure Profit Returns for Riders

As higher occupancy leads to more efficient distance savings, gov-
ernments can subsidize the travel costs of riders who are willing to share
rides with multiple passengers. This not only promotes system efficiency
but also maintains affordability for users.

B. Qualitative includes:
(1) Ensure Fair and Transparent Rider Compensation

While shared rides may involve longer trip times, cost savings
a key benefit. The fare structure and cost-saving poli ould” be
monitored to ensure fairness and transparency.

(2) Educate the Public on Environmental an @ic Benefits Qo
L 2
BN
b

evidence to
0 idh and emissi
0 travelers t

0\
h othe 1s important to
e company can install sur-
emergencies.
ts can support a trans-
¢l benefits of robotaxi services

a ban congestion and environ-
the Sustainable Development Goals

The government can propagate mo
awareness of how shared rides red
lighting individual savings may
private cars.

(3) Develop Safety S&m%

As riders have to ghare the*vehicle
create a safe and zeli i
veillance and ale

By imple 1 se poli
portati ystép that maxi
while % challenge
mental , thereby ievi
(SD i e city.

Q. Conclusio
Wi

popularity of robotaxis in many cities, proactive
lared-ride services is essential. This study develops a
multi-obje odel for scheduling SRAMODS, integrating the per-
spectives of ®n-site riders, in-vehicle riders, and robotaxi operators. By
minimizing waiting time, travel duration, and detour distance, this
study provides more efficient and holistic solutions. Our model lever-
ages the centralization of robotaxi systems for system-wide optimiza-
tion, which has the potential to mitigate the inefficiencies (or ’price of
anarchy’) caused by self-interested driver decisions. Moreover, unlike
existing ride-sharing models that predefine match groups and assign

12

Case Studies on Transport Policy 20 (2025) 101462

vehicles, our approach uses dynamic trip-based insertion, ensuring
continuous fleet adjustments to maximize service efficiency.

The process begins by identifying robotaxis near a new rider and
generating feasible routes for these vehicles. Among these routes, the
one with the minimum cost, considering waiting time, travel duration,
and detour distance, is selected using a Mixed-Integer Programming
(MIP) formulation. Finally, the matching between robotaxis and riders is
determined based on the generated candidates using bipartite matching.
Various scenarios, including weight distribution, maximum seat capac-
ity, and the number of robotaxis, are analyzed. Key findings are sum-

marized as follows:

e Emphasizing one objective improves its performance but co
mises others.

The result indicates that no solution dominates in of Waiting
time, travel duration, and distance optimization. Instea ing a
specific objective can improve its performance but omise the
others. However, evenly distributing weights on v e and travel

duration leads to the minimum total time spe

e Allowing more riders per vehicle en rall efficiency.

maXimum se city enables better pairing,

i h ge trave ncelpeprequest and operational costs.
i 1 tra slightly increase, shorter waiting
pieally offset this e , resulting in a total trip time comparable
to nonjsharing setting

e Adding mor

increases coverage but may raise costs.

A largeg, fleet accommodates more requests and improves access to
service, essive fleet sizes can lead to diminishing returns and

unnegess erational costs. Efficient fleet sizing is essential to bal-
anted d coverage with cost-effectiveness.
ng centralized robotaxi control improves system performance.

The robotaxi service significantly improves system efficiency by
reducing distances by up to 15 %. When a balanced weight is applied
across objectives, improvements can be achieved in waiting time, travel
time, and travel distance simultaneously. The centralized robotaxi
control and systematic matching processes overcome the inefficiencies
(the price of anarchy) that arise from the independent and self-interested
decisions of human drivers.

Future investigations should quantify the economic benefits of
reduced travel distances to encourage the adoption of shared mobility
services. Further analysis is also needed to evaluate how different
objective weight distributions perform in high-demand versus low-
demand scenarios. Additionally, future studies can incorporate rider
preferences, such as gender, safety concerns, and other demographic
factors, which could significantly impact rider matching and travel
behavior.

This study aims to draw policymakers’ attention to the promotion of
shared-ride services. Local governments play a critical role in inte-
grating shared-ride services with autonomous vehicles. To support this,
several recommendations are provided, including offering tax incentives
to encourage participation and establishing clear guidelines for sharing
networks. These measures can help encourage user participation and
support the integration of shared-ride services into urban transport
systems.
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