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A
bstract. As a consequence of the sharing economy attaining more popularity, there has
been a shift toward shared-use mobility services in recent years, especially those that
encourage users to share their personal vehicles with others. To date, different variants of
these services have been proposed that call for different settings and give rise to different
research questions. Peer-to-peer (P2P) ride sharing is one such service that provides a
platform for drivers to share their personal trips with riders who have similar itineraries.
Unlike ride-sourcing services, drivers in P2P ride sharing have their own individual trips to
make and are not driving for the sole purpose of serving rider requests. Unlike traditional
carpooling, P2P ride sharing can serve on-demand and one-time trip requests. P2P ride
sharing has been identified as a sustainable mode of transportation that results in several
individual and societal benefits. The core of a P2P ride-sharing system is a ride-matching
problem that determines ride-sharing plans for users. This paper reviews the major studies
on the operations of P2P ride-sharing systems, with a focus on modeling and solution
methodologies for matching, routing, and scheduling. In this paper, we classify ride-
sharing systems based on their operational features and review the existing methodologies
for each class. We further discuss a number of important directions for future research.
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1. Introduction
The sharing economy is a business model that le-
verages peer-to-peer (P2P) transactions to generate
value. The past decade has witnessed widespread
access to the internet and the proliferation of smart-
phones, leading to an unprecedented growth in busi-
nesses that are built on the foundation of the sharing
economy. The mobility market has implemented the
sharing economy model in many forms, including but
not limited to car sharing, ride sourcing, carpooling, taxi
sharing, ride sharing, bike sharing, and scooter sharing
(Shaheen andCohen 2007, Shaheen et al. 2010, Shaheen
andChan 2016, Benjaafar et al. 2017, Benjaafar andHu
2020). Among these shared-use mobility services, car
sharing, ride sourcing, carpooling, taxi sharing, and
P2P ride sharing are based on sharing a vehicle. These
services introduce a number of benefits, the most
notable of which is enhanced mobility as a result of
the reduced cost of transportation. However, they
may leave different footprints on the transportation
system and the environment.
44
Car sharing is a shared-use mobility service that
allows its registered users to rent a car from a nearby
location for a short period of time (usually a few
hours) (Shaheen et al. 2018). It differs from the con-
ventional car rental services in that the entire process
of reservation, pickup, and drop-off is self-served,
and pickup/drop-off locations are more widely spread
across the network, thereby making the service more
accessible to customers. Car-sharing services typi-
cally operate under two different business models:
one-way (or free-floating) car sharing (Weikl and
Bogenberger 2013, Correia et al. 2014, Boyacı et al.
2015, He et al. 2017) and two-way (or round-trip) car
sharing (Nourinejad and Roorda 2015, Chang et al.
2017, Ströhle et al. 2019). In the former case, the
pickup and drop-off location of the vehicle may be
different, whereas in the latter case, customers are
required to return the vehicle to the same location
from which it is picked up. Car sharing is funda-
mentally different from other shared-use mobility
services that are centered on vehicle sharing, as its
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users take on the task of driving and do not share
rides. Therefore, increased vehicle occupancy and
utilization are not at the center of the expected ben-
efits from this form of service.

Ride sourcing is an emerging shared mobility ser-
vice in which the scheduled or on-demand trip re-
quests are served by private vehicle owners (Zha et al.
2016, 2018a; Clewlow and Mishra 2017; Braverman
et al. 2019; Xu et al. 2020). Drivers in ride-sourcing
services serve as independent contractors with flexible,
self-determined schedules. Vehicles in ride-sourcing
systems, such as Uber and Lyft, may add empty miles
to the transportation network as a result of cruising and
deadheading. Cruising accounts for empty miles driven
by a ride-sourcing vehicle when it roams the network,
waiting for its next assignment, and deadheading cap-
tures the empty miles that a ride-sourcing vehicle has to
travel to its next pickup location. There are variations of
ride-sourcing services that are specifically designed to
increase vehicle occupancy by incorporating pooling.
Such variations are referred to as ride pooling, ride
splitting, or ride sharing, and they may curb the empty
miles of ride-sourcing vehicles to some extent; however,
unless the pooling strategy is paired with an efficient
matching algorithmand implementedwidely, its positive
impactsmay remain limited (JacobandRoet-Green2018).

Ride sharing is fundamentally different from other
shared-use mobility systems. Car sharing and ride-
sourcing services, and the overwhelming majority of
their variants, focus on sharing a vehicle among users.
Ride sharing takes sharing to the next level, where
both the vehicle and the ride are shared between two
or more users of the system. Carpooling is one of the
first realizations of ride sharing that facilitates sharing
rides for recurrent trips among groups of peers with
the same origin and/or destination or other com-
monalities. In traditional carpooling, also referred to
as work-to-home or home-to-work carpooling, typi-
cally the origin or the destination of all trips resides
in a single location, and users with similar itineraries
use a single vehicle to complete their trips (Baldacci
et al. 2004, Xia et al. 2015, Chou et al. 2016). Traditional
carpooling often requires long-term commitment from
participants and accommodates prearranged, recur-
rent trips. An informal version of carpooling has been
practiced largely by companies to incentivize their
employees to share their commutes. In order to share
the common costs of transportation, users in each group
often take turns serving their peers using their personal
vehicles. Casual carpooling (or slugging) is another
variant of this service that requires no commitment and
usually occurs ad hoc at meeting points along the
drivers’ routes (Kelly 2007, Mote and Whitestone
2011, Shaheen et al. 2016, Cui et al. 2019). These
meeting points are usually determined to allow users
to take the most advantage of gaining access to high-
occupancy-vehicle (HOV) lanes. The inherent un-
certainty in the availability of riders at meeting points
and the typical unwillingness of drivers to take detours
cast a shadow of doubt on the self-sustainability of such
services in practice.
Taxi sharing is another variant of ride-sharing

systems that allows for pooling rides. In such sys-
tems, a predetermined number of taxis are dispatched
from a single depot or multiple depots to satisfy on-
demand requests (Ma et al. 2013, Hosni et al. 2014,
Santi et al. 2014, Jung et al. 2016, Alonso-Mora et al.
2017). The decision making in such systems is com-
posed of an assignment problem, where taxis are
assigned to batches of riders with similar itineraries,
and a rebalancing problem that routes idle taxis to-
ward regions with a high rate of unserved riders. The
main purpose of designing shared-taxi services is to
alleviate a shortcoming commonly observed in tra-
ditional taxi systems (i.e., low utilization of available
seats). However, similar to ride-sourcing services,
this formof servicemay suffer from increasing vehicle
miles traveled (VMT) because of deadheading.
In the last decade, the ubiquity of the internet and

the proliferation of smart phones have given rise to
P2P ride-sharing systems that offer nonrecurrent, on-
demand services. A P2P ride-sharing system is a shared-
use mobility service that provides matching, routing, and
scheduling for a group of peer travelers with compatible
itineraries (Agatz et al. 2011). A P2P ride-sharing system
consists of an online platform in which participants
register their trips ahead of time (a few hours to a few
seconds prior to their trips), and a system operator
matches riders and drivers and devises their itineraries.
The P2P ride-matching problem is a generalization

of the dial-a-ride problem (DARP). DARP was orig-
inally designed to model paratransit systems (Healy
andMoll 1995, Madsen et al. 1995, Fu 2002); however,
it has evolved through several years to model the
operation of ride-sourcing systems (Jaw et al. 1986,
Cordeau 2006, Wang and Yang 2019). However, the
P2P ride-matching problem has a fundamental dif-
ference from ride-sourcing and shared-taxi services,
in that P2P ride-sharing system drivers are also cus-
tomers who are willing to share their rides while
completing their own trips. As a result, they typically
have tight time windows and are not available dur-
ing the entire time horizon. P2P ride-sharing differs
from traditional or casual carpooling, as it does not
require a long-term arrangement and recurrence.
These distinctive characteristics have three major im-
plications in developing matching methods for on-
demand P2P ride-sharing systems: (i) for a P2P ride-
sharing system to thrive, a high level of service should
be provided to both riders and drivers; (ii) a ride-
sharing system can provide the best outcomes by
determining a strategically identified ratio of riders
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and drivers, which will depend on the system’s
matching strategy; and (iii) the tighter driver time
windows in a ride-sharing system call for developing
customized algorithms that can provide exact, or
high-quality, solutions for the P2Pmatching problem.
Given the close definition of the P2P ride-sharing
problem with DARP, in this paper we also cover a
number of studies in carpooling whose methodolo-
gies can be applied (with some modifications) to a
static P2P ride-sharing system.

P2P ride-sharing has been shown to offer several
societal and individual benefits. First, it substantially
reduces the number of single-occupancy vehicles on
roads, which may ameliorate the perennial traffic
congestion, especially in large metropolitan areas or
during the peak hours (Agatz et al. 2010, Stiglic et al.
2016). Second, it could meet the increasing demand for
mobility without adding to, or even curbing, the envi-
ronmental footprint of the transportation sector by uti-
lizing the empty spaces in traveling vehicles, rather than
recruiting drivers whose sole purpose is to transport
passengers. Third, it can potentially reduce the cost of
transportation, as the associated costs are shared among
the participants sharing a ride (Chan and Shaheen 2012).

This survey reviews the recent papers that propose
ride-matching algorithms for day-to-day operation of
P2P ride-sharing systems.More specifically, we study
different variants of the ride-matching problem, their
formulations, and their solution methodologies. Note
that our survey reviews the papers that focus on
operational decisions made by the P2P ride-sharing
system operator, including the matching, routing,
and scheduling of users. Therefore, this survey does
not include the study of economics (Wang et al. 2018a,
Zha et al. 2018b, Bimpikis et al. 2019) and/or user
equilibrium analyses (Wang et al. 2018b) involved in
such systems. Compared with the existing surveys
(Agatz et al. 2012, Chan and Shaheen 2012, Furuhata
et al. 2013, Ordóñez and Dessouky 2017), the con-
tributions of this paper are threefold: (i) it includes the
related work that has appeared since then, (ii) it
delves into details of the proposed algorithms, and
(iii) it identifies new directions for research. As such,
Section 2 introduces both the common and customized
features of P2P ride-sharing systems that have been
covered in the literature. In Section 3, we review the
solution methods that are developed for different
types of ride-matching problems. Finally, some missing
aspects of the existing studies that can serve as potential
directions for future work are discussed in Section 4.

2. Problem Definition
A P2P ride-sharing system is an online platform that
operates over a transportation network during a time
horizon. The system consists of a set of passengers
(riders) and a set of drivers, denoted by R and D,
respectively. Together, they form the set of partici-
pants, P. A participant p ∈ P shares with the system
the origin and destination of his or her trip, denoted
by up and vp, respectively, and his or her travel time
window, denoted by wp � [tdepp , tarrp ], where tdepp and
tarrp denote the participant’s desired earliest departure
time and latest arrival time. Despite these common
features, ride-sharing systems have been character-
ized by a variety of customized features that will be
discussed in more detail in the following subsections.

2.1. System Type
The ride-sharing system can be designed in various
ways. Initially, most ride-sharing systems were static
systems, in which all participants were required to
provide their trip information in advance (Baldacci
et al. 2004, Calvo et al. 2004, Xia et al. 2015, Chou et al.
2016). Over time, the emergence of advanced telecom-
munication technologies as well as high-performance
computation turned the dynamic systems into a via-
ble option in practice. In a dynamic ride-sharing sys-
tem, participants enter the system over time and
expect a response from the system immediately or at
short notice. Hence, unlike the static version, not all
trip information is available at time 0. In order to
handle this issue,many studies adopt a rolling-horizon
framework to optimize the ride-matching problem
under imperfect information (Agatz et al. 2011, 2012;
Nourinejad andRoorda 2016; Masoud and Jayakrishnan
2017a; Tafreshian and Masoud 2020). In this frame-
work, a static version of the problem is reoptimized
frequently given the available trip announcements.
Furthermore, all matched trips will not be finalized
and can enter the next optimization problem (as long
as they do not expire) to account for the potential
trips that become available in the future. Conducting
several experiments under different scenarios of the
matching objective function (Najmi et al. 2017) de-
termined the best policy regarding postponing trips.
They suggest that postponing confirmation of trips as
late as possible is the best policy to maximize vehi-
cle miles travelled savings. Also, Agatz et al. (2012)
suggest more frequent optimizations under the as-
early-as-possible policy and less frequent optimiza-
tions in case of the as-late-as-possible policy.
A few studies adopt an event-based approach to

optimize the dynamic system (Di Febbraro et al. 2013,
Pelzer et al. 2015, Masoud and Jayakrishnan 2017b).
In this approach, the arrival of a passenger triggers the
ride-matching problem to reoptimize. This approach
is faster but may result in inferior outcomes, because
considering a few requests at a time decreases the
likelihood of successfully pooling the requests. Needless
to say, delaying decision making to collect multiple
requests results in higher response times, which could
reduce the perceived level of service (LoS).
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2.2. Trip Time Windows
As mentioned earlier, having a rather tight time
window is a common feature of all P2P ride-sharing
systems. A ride-sharing system may require that the
participants specify both tdepp and tarrp , or only one of
them, having the other one set by the operator based
on a target LoS criterion. Most of the existing ride-
matching problems treat time windows as hard con-
straints and ensure that both the pickup and drop-off
times fall into the ranges specified by the time win-
dows (Baldacci et al. 2004; Agatz et al. 2011; Amey
2011; Masoud and Jayakrishnan 2017a, b; Lloret-
Batlle et al. 2017; Tafreshian and Masoud 2020). How-
ever, some studies allow for small violations from
the specified windows (Di Febbraro et al. 2013, Pelzer
et al. 2015, Cangialosi et al. 2016). Such studies min-
imize the deviations from the specified time win-
dows in the objective function of the matching prob-
lem. Although such relaxation may result in a higher
rate of matching, it may also produce solutions with a
lower LoS.

2.3. Objective Function
The ride-matching problem determines the matches
between rider and driver participants by optimizing
an objective function. This objective function could
vary between minimizing cost (Baldacci et al. 2004),
maximizing the total number of served passengers
(Masoud and Jayakrishnan 2017a), and maximizing
the total VMT savings (Agatz et al. 2012, Nourinejad
and Roorda 2016, Tafreshian and Masoud 2020),
among other objectives. A subset of studies consider
more than one objective. Multiple objectives can be
applied simultaneously by optimizing a linear com-
bination of them (Baldacci et al. 2004; Herbawi and
Weber 2011a, 2012; Chou et al. 2016; Masoud and
Jayakrishnan 2017b; Bei and Zhang 2018) or in a hi-
erarchical manner (Stiglic et al. 2015, 2016).

2.4. Matching Type
Based on the number of pickup/drop-off stops by
ride-sharing vehicles and the number of rider trans-
fers between vehicles, ride-matching problems can
be divided into four categories: one-to-one, one-to-
many, many-to-one, and many-to-many. One-to-one
matching is the simplest form of matching used in a
P2P ride-sharing system. In one-to-one matching,
each vehicle transports a single passenger (or mul-
tiple passengers if they share the same origin and
destination locations), and passengers are not allowed
to transfer between vehicles. Because of its higher
levels of convenience for both drivers and riders and its
computational scalability, this problem has been widely
studied in the literature. One-to-one matching prob-
lems can arise under different system configurations—
namely, fixed role, flexible role, and guaranteed ride
back. In a fixed role-matching problem, participants
register their trips into the system with predeter-
mined roles of riders or drivers (Agatz et al. 2010,
2011; Amey 2011; Najmi et al. 2017; Tafreshian and
Masoud 2020). In a flexible role problem, a subset of
participants may be able to take either the rider or the
driver role (Agatz et al. 2010, Amey 2011, Tafreshian
andMasoud 2020). In both configurations, the matches
are made for a single trip. For a ride-sharing system
that targets commuters, guaranteeing a ride back
would make the system desirable to a set of users who
may prefer to drive their personal vehicles if such a
guarantee is not made. The one-to-one matching prob-
lem with a guaranteed ride back only matches indi-
viduals who can receive both rides (Agatz et al. 2010,
Lloret-Batlle et al. 2017). Note that although com-
muter trips may be the most prominent beneficiaries
of a ride-sharing system that guarantees two trips
per a single rider, such a system may be desirable for
riders who need to have guaranteed trip chains, even
when their trips of interest do not share the same
origin or destination locations.
More complex forms of ride matching—namely,

one-to-many, many-to-one, and many-to-many—are
introduced to exploit the full capacity of available
seats in P2P ride-sharing systems. In the one-to-many
scheme, drivers can serve multiple passengers, but
passengers are not allowed to transfer between ve-
hicles (Baldacci et al. 2004, Stiglic et al. 2015,Nourinejad
and Roorda 2016). Traditional carpooling is an ex-
ample of a static ride-sharing system that imple-
ments a one-to-many matching algorithm. In the
many-to-one scheme, however, drivers’ stops are lim-
ited to two (for one pickup and one drop-off), but
passengers can transfer between vehicles (Masoud
and Jayakrishnan 2017b). Finally, a many-to-many
scheme constitutes the most general matching prob-
lem in which the number of vehicle stops may exceed
two, and passengers may transfer between multiple
vehicles (Agatz et al. 2010, Masoud and Jayakrishnan
2017a). This general many-to-manymatching scheme
may be used in multimodal transportation systems in
which ride sharing is integrated with transit or other
types of transportation systems. Because of its high
computational complexity, some studies fix drivers’
routes in many-to-many matching problems (Herbawi
and Weber 2011a, Ghoseiri 2012). However, Masoud
and Jayakrishnan (2017a) show that fixing drivers’
routes can tremendously decrease the matching rate.

2.5. Operational Scheme
The task of optimizing a ride-matching problem was
originally assumed to be done by a central operator
who matches riders and drivers based on a global
view of the entire system (Agatz et al. 2011, Amey
2011, Ghoseiri 2012). Not only does this scheme
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render the matching optimization problems intrac-
table; it makes the system vulnerable to faults or
cyberattacks, as in centralized ride sharing, there
exists a single point of failure. With the advent of
cloud computing andmultiprocessormachines, some
studies have diverged from the assumption of a
centralized system by devising decentralized opti-
mization schemes (Winter and Nittel 2006, Nour-
inejad and Roorda 2016, Najmi et al. 2017, Tafreshian
andMasoud 2020). Although these approaches do not
typically guarantee global optimality with respect to
the available information, they give rise to a dis-
tributed optimization plan that seems necessary for
real-time operations of such systems in practice.

2.6. Travel Times
In almost all studies, network travel times are as-
sumed to be known constants. However, Long et al.
(2018)were the first to address travel time uncertainty
in a P2P ride-sharing system. In their study, they
assumed stochastic time-independent travel times
that follow a general distribution with a lower bound.
They further extended their methodology to incor-
porate time-dependent travel times. Also, Wang et al.
(2016a), Lloret-Batlle et al. (2017), and Masoud et al.
(2019) considered a ride-sharing system in which
travel times are different based on the load on vehicle
because of the possibility of using HOV lanes. A
number of studies model the ride-matching problem
on a time-expanded network, onwhich the travel time
between any origin-destination pair can be different
depending on the departure time (Agatz et al. 2012;
Masoud and Jayakrishnan 2017a, b). Finally, a group
of studies embed the shortest-path calculations inside
their real-time matching algorithms (Herbawi and
Weber 2011a, b; Ta et al. 2017; Thangaraj et al. 2017;
Xu et al. 2018).

3. Methodology
In this section, we review the ride-matching meth-
odologies in a number of major studies in the P2P
Figure 1. Graph Representation of One-to-One Matching Proble
ride-sharing literature and its related fields. These
methods are presented in the next four subsections in
order of increased complexity. As such, we start with
the simplest form of the ride-matching problem and
endwithmultimodal ridematching. For the first three
subsections, we further group the methods and al-
gorithms proposed in the literature based on whether
they were exact/approximation methods or heuris-
tics. Figures 2 and 3, respectively, provide an over-
view of the studies with exact/approximation and
heuristic methods. We finalize this section by present-
ing a brief discussion of the presented methodologies.

3.1. One-to-One Ride Matching
One-to-one ride-matching problems have a distinct
advantage in that they can all be modeled on graphs
and formulated as well-known optimization prob-
lems for which polynomial-time exact or high-quality
approximation or heuristic methods exist. In the next
two subsections, we discuss how these graphs can be
built and solved efficiently.

3.1.1. Exact/ApproximationAlgorithms. Figure 1 shows
the three graphs on which different configurations of
one-to-onematchingmethods can bemodelled. Let us
denote the set of nodes on these graphs by V and the
set of edges by E.
Figure 1(a) shows the bipartite graph on which the

one-to-one matching problem with fixed roles can be
modeled. This graph consists of two disjoint sets of
nodes: one corresponding to the set of riders and one
to the set of drivers. On this bipartite graph, an edge
between a rider and a driver node exists if their trip
characteristics allow for them to share a ride. A simple
set of inequalities can check the existence of graph
edges for any rider-driver pair—an edge between
rider i and driver j exists if driver j can serve rider i
within the rider’s timewindow (max{tdepj + tuj ,ui , t

dep
i }+

tui ,vi ≤ tarri ) and then make it to his or her own desti-
nationwithin his or her own timewindow (max{tdepj +
tuj ,ui , t

dep
i } + tui,vi + tvi ,vj ≤ tarrj ). The weight wij of each
ms



Figure 2. Studies with an Exact or Approximation Method

Tafreshian, Masoud, and Yin: Survey of Ride-Matching Methods in P2P Ride Sharing
Service Science, 2020, vol. 12, No. 2-3, pp. 44–60, © 2020 INFORMS 49

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

39
] 

on
 1

4 
Ju

ly
 2

02
6,

 a
t 0

0:
32

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 

edge (i, j) in this graph could be set based on the
objective function of the system. A solution to the
max-weighted bipartite matching problem formu-
lated on this graph would determine how riders and
drivers should be assigned together. This optimiza-
tion problem is presented in model (1). The decision
variable xij in model (1) takes the value 1 if rider i is
matched with driver j and the value 0 otherwise.
Equation (1a) maximizes the weighted sum of se-
lected edges. Inequalities (1b) and (1c) ensure that
each driver and rider are matched with at most one
rider and driver, respectively. Constraint (1d) relaxes
the binary constraint that is implied by the definition
of the decision variable xij, as a result of the totally
unimodular structure of the constraint sets (1b) and
(1c) and the integer right-hand-side vector in model (1).

max
∑∑

i,j( )∈E
wijxi,j (1a)

s.t.
∑

i∈R:

i,j( )∈E
xi,j ≤ 1 ∀ j ∈ D,

(1b)
∑

j∈D:

i,j( )∈E
xij ≤ 1 ∀ i ∈ R,

(1c)

xij ≥ 0 ∀ i, j
( ) ∈ E. (1d)
Although this LP can be quickly solved using any
conventional optimization software, there exists a
large variety of exact and approximation algorithms
for this problem with polynomial worst-case running
time bounds. These algorithms may be of interest in
large-scale implementations or because of their sim-
plicity. In the case of maximum cardinality bipartite
matching (i.e., where all w’s are 1), Hopcroft and
Karp (1973) proposed an iterative algorithm based
on augmenting paths with running time complexity
of O(E ̅̅̅

V
√ ). Also, a simplified version of this algo-

rithm yields a (1 − ε)-approximation with running
time complexity of O(Eε−1). For the weighted bipar-
tite matching problem, where wij’s may be different
from 1, Fredman and Tarjan (1987) proposed an
O(V2 logV + VE) algorithm by introducing the Fibo-
nacci heaps to delete items from a priority queue. For
integer weights, Duan and Su (2012) proposed a
scaling algorithm with worst-case running time of
O(E ̅̅̅

V
√

logV), where V is the largest integer weight.
Moreover, Gabow and Tarjan (1989) showed that a
slight modification of their exact scaling algorithm
yields an (1 − ε)-approximation with running time
complexity of O(E ̅̅̅

V
√

log(V/ε)).
Figure 1(b) shows the general graph on which the

matching problem with role flexibility can be mod-
elled. Each node in this graph corresponds to a



Figure 3. Studies with a Heuristic Method
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participant in the ride-sharing system. An edge (i, j)
between nodes i and j exists if participant i can serve as
the driver for participant j, or vice versa. The same set
of inequalities that were used in the case of matching
with fixed roles can be used to determine the feasi-
bility of a match between any rider-driver pair. In a
pair (i, j)where both rider-driver and driver-rider role
assignments are feasible, the assignment that leads to
the higher edge weight can be selected as the superior
assignment, based on which the edge weight is de-
termined. In cases where there are participants who
are limited to a single role, the feasibility inequalities
and the edge weight will be determined according to
the announced role.

Model (2) shows the mathematical formulation for
the general matching problem formulated on the
graph in Figure 1(b). The decision variable xij in this
model takes the value 1 if participants i and j are
matched and takes the value 0 otherwise. The ob-
jective function (2a) maximizes the weight of the
selected matches. Constraint set (2b) ensures that
each participant is assigned at most one match, and
constraint (2c) enforces the decision variables to take
only 0 and 1 values:

max
∑∑

i,j( )∈E
wijxij (2a)

s.t.
∑

j∈P:

i,j( )∈E
xij ≤ 1 ∀ i ∈ P,

(2b)

xij ∈ 0, 1{ } ∀ i, j
( ) ∈ E . (2c)

The blossom algorithm proposed by Edmonds (1965a, b)
is the best-known algorithm for the general matching,
with the running time complexity of O(V2E). How-
ever, Gabow (1990) introduced a data structure that
showed that this algorithm can be implemented in
O(V2 logV + VE). In the case of integer weights, the
scaling algorithm proposed by Gabow and Tarjan
(1991) yields the running time complexity of
O(E ̅̅̅̅̅̅̅̅̅̅̅

V logV
√

log(VN)). They further show that this
algorithm yields a running time of O(E ̅̅̅

V
√ ) for max-

imum cardinalitymatching in general graphs. Similar
to the bipartite case, a simplified implementation of
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this scaling algorithmprovides a (1 − ε)-approximation
for the cardinality matching problem whose run-
ning time complexity is O(Eε−1). Finally, Duan and
Pettie (2014) introduced a novel scaling algorithm
that leads to a (1 − ε)-approximation for the maxi-
mum weighted general matching with running time
complexities of O(Eε−1 logε−1) for arbitrary weights
and O(Eε−1 logN) for integer weights. It is worth
mentioning that the trivial greedy algorithm (itera-
tively pick the edge of the largest weight and remove
its incident edges) runs in O(E logV) and yields a
1/2-approximation.

Figure 1(c) shows the graph on which the ride-
sharing problem with a guaranteed ride back can
be modeled. This graph has two bipartite graphs,
structurally similar to the one in Figure 1(a), as sub-
graphs; these subgraphs represent the matches in the
morning and in the evening. Additional edges are
introduced to ensure that a rider is only considered
matched if both his or her morning and evening trips
can be served (Lloret-Batlle et al. 2017). Let us denote
the set of riders in the morning and evening by DM
and DE, respectively. Note that these two sets may
overlap but need not be identical. The bipartite sub-
graph on the left side of Figure 1(c) represents matches
for the morning period; an edge (i, j) between driver
i ∈ DM and rider j ∈ R exists if the feasibility in-
equalities are satisfied. The bipartite subgraph on the
right-hand side of this figure contains the set of
ridersR, with the same ordering as the left-hand side
subgraph and the set of evening drivers DE. An edge
(i, j) between rider i ∈ R and driver j ∈ DE exists if the
feasibility inequalities are satisfied. Unlike the two
previous configurations of one-to-one matching, the
weight of an edge (i, j) in the graph in Figure 1(c) is the
cost associatedwith having the edge in the solution. A
zero-cost edge connects a rider in the first subgraph
with its duplicate in the second subgraph. Finally,
additional zero-cost edges connect an origin node O
to the set of morning drivers, the set of evening
drivers to a destination nodeD, and the node O to the
node D. Let us define K � min{|DM|, |DE|, |R|}, and let
us define μij as the capacity of edge (i, j). The edge
(O,D) in this figure has capacity of K, whereas all
other edges have unit capacity.

A capacitated min-cost flow problem formulated
on the graph in Figure 1(c) can provide the solution to
the matching problem with a guaranteed ride back.
The corresponding mathematical model is displayed
in model (3). The decision variable xij indicates the
units of flow on link (i, j). The objective function (3a)
minimizes the total system cost. Constraints (3b) and
(3c) send K units of flow out of the origin node O and
to the destination node D, respectively. Constraint
(3d) is the flow balance constraint. Finally, constraint
set (3e) ensures that the units of flow on the edges are
nonnegative and do not exceed edge capacities. Note
that, similar to the problem of one-to-onematchingwith
fixed roles, this problem enjoys a totally unimodular
structure in the constraint set coefficients and an integer
right-hand-sidevector thatprevents theneed for enforcing
integrality constraints on the decision variables:

min
∑∑

i,j( )∈E
cijxij (3a)

s.t.
∑

j∈ DM∪D{ }
xOj � K, (3b)

∑

i∈ DE∪O{ }
xiD � K, (3c)

∑

j∈V
xij �

∑

k∈V
xjk ∀j ∈ V − O ∪D{ }, (3d)

0 ≤ xij ≤ μij ∀ i, j
( ) ∈ E. (3e)

The min-cost flow problem can be efficiently solved
using the network simplex algorithm with running
time complexity of O(min{(V2E logVC,V2E2 logV)})
due to Orlin (1997), where C is the maximum capacity
of edges. An issue with this algorithm is that the
running time depends on the maximum capacity. As
such, Orlin (1993) proposed a strongly polynomial
algorithm that is a refined version of the scaling
technique proposed by Edmonds and Karp (1972).
The running time complexity of this algorithm is
O(E logV(E + V logV)), which is independent of ca-
pacity and demand.

3.1.2. Heuristic Algorithms. For a small- or medium-
scale system, different versions of one-to-one ride
matching can be easily solved using conventional
optimization packages. However, when a P2P ride-
sharing system operates over a large network with
high penetration rates, one may need to rely on
decentralized approaches that may not guarantee
optimality yet provide high-quality solutions in a
timely manner. As such, for solving large-scale bi-
partite matching, Agatz et al. (2012) suggested a
clustering approach based on the pickup/drop-off
locations of trips. After clustering, all trips whose
pickup and drop-off locations fall into the same
cluster form a smaller subproblem. The resulting sub-
problems are independent and, hence, can be solved
in parallel. This approach, however, leaves out several
trips whose origin and destination do not fall in the
same cluster. Najmi et al. (2017) introduced a clus-
tering approach similar to that of Agatz et al. (2012).
However, in their work, trips whose origins and
destinations fall in different clusters will be included
in both subproblems. In this case, subproblems are
not independent anymore. Hence, after solving the
subproblems in parallel, a follow-up problemmust be
solved for those trips that have been matched in more
than one subproblem.
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Ta et al. (2017) considered a variant of one-to-one
matching in which the shared route percentage (i.e.,
the ratio of the shared route’s distance to the driver’s
total travel distance) must be larger than a pre-
specified constant. They proposed an efficient ap-
proximate method to maximize the shared route
percentage based on road network partitions with
error bound guarantees. Ketabi et al. (2018) devel-
oped an efficient spectral clustering algorithm based
on a similarity score that accounts for both spatial and
temporal similarities. They further used this clus-
tering approach to separate the trips and find the
matching between riders and drivers. Tafreshian and
Masoud (2020) proposed a polynomial-time graph
partitioning technique that clusters trips intomultiple
subproblems based on a proximity measure. Their
partitioning algorithm imposes a level of uniformity
between subproblem sizes to minimize the solution
time of ride-matching subproblems in a parallelized
setting. They further provided a worst-case bound on
the computation reduction as a result of partitioning.
They also applied their methodology to the cases where
role flexibility or multiple passengers are allowed.

Other classes of methods have been used to heu-
ristically solve one-to-one matching problems. Agatz
et al. (2011) used an iterative LP rounding heuristic to
obtain a high-quality solution, though not necessarily
optimal, for the flexible role-matching problem when
the corresponding IP is too large. Kleiner et al. (2011)
developed an agent-based algorithm based on the
sealed-bid second-price auction mechanism. Their
algorithm also provides a trade-off between vehicle
miles traveled savings (VMTS) and matching rate.
Besides an exact IP formulation,Nourinejad andRoorda
(2016) proposed another agent-based algorithm that
works based on a single-shot, first-price Vickrey auc-
tion. In this auction, drivers initially bid on the riders
in their list, riders then pick the most suitable bid, and
finally, drivers confirm the deal. In order to reduce
the drivers’ choice sets, they must only bid on riders
whose pickup locations are close to their paths. They
tailored their agent-based algorithm to cover multi-
hop itineraries for riders and to cover multiple pas-
sengers (at most two) per vehicle.

3.2. One-to-Many Ride Matching
In this category, we review the P2P ride-sharing pa-
pers that allow multiple passengers per a driver’s trip.
As mentioned earlier, carpooling is a special case of
the static one-to-many ride-matching problem. There-
fore, our literature review in this section covers a
number of major studies on carpooling.

3.2.1. Exact/Approximation Algorithms. Asmentioned
earlier, carpooling problems can be categorized as a
one-to-many ride-matching problem. Baldacci et al.
(2004) considered a home-to-work variant of this
problem in which all trips share the same destina-
tion. They present amixed integer program (MIP) based
on the multicommodity flow problem as well as a set
partitioning problem. They adopt a column generation
approach to solve the set partitioning problem. They
describe a dynamic programming procedure to gener-
ate feasible paths. The novelty of their method, how-
ever, comes from a bounding procedure that allows
them to evaluate the paths efficiently and obtain a tight
lowerbound.Moreover, theydevisedaheuristicmethod
to compute a valid upper bound. Tamannaei and
Irandoost (2019) considered another variant of the
home-to-work carpooling in which drivers are not
known ahead of time and will be determined through
optimization. They formulated this problem as an
MIP, for which they developed a refined branch-and-
bound (B&B) algorithm. They further introduced a
beam search algorithm to find near-optimal solutions
for large-scale networks.
Di Febbraro et al. (2013) formulated the one-to-

many ride-matching as an MIP that models a dy-
namic ride-sharing system inside a discrete-event
simulation framework. The arrival of a new cus-
tomer triggers this optimization to be solved using
CPLEX. Their formulation does not impose any con-
straint that prevents violating riders’ time windows.
However, they adopt an objective function that pe-
nalizes such violations. Another variant of this problem
was studied byArmant and Brown (2014), where they
developed an MIP formulation for the one-to-many
ride-matching problem with flexible roles. They solved
the problem using CPLEX with the addition of a set of
constraints that avoid symmetrical solutions. Using
numerical experiments, they showed the effectiveness
of these constraints when compared with the regu-
lar branch-and-cut algorithm. By introducing the con-
cept of meeting points, Stiglic et al. (2015) proposed a
framework that matches a driver to possibly multiple
riders without increasing the number of stops. They
determine feasible matches in a subproblem by enu-
merating all possible scenarios. For multiple riders,
they use a novel technique to avoid enumerating all
possible cases. They adopted a lexicographic goal pro-
gramming approach to maximize the VMTS for a max-
imal matching.
Because of the complexity of the one-to-many

matching problem, approximate methods on this prob-
lem are very scarce. Bei and Zhang (2018) developed a
2.5-approximation algorithm for ride sharing with
two riders per driver. They present a two-phase greedy
algorithm. First, it groups 2n riders into n pairs based
on shortest-path distances between riders, and then
it assigns drivers to these n pairs based on the shortest-
path distances between vehicles and the closet rider in
the pair. The running time complexity of this algorithm
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isO(n3). They do not impose a hard constraint on the
travelers’ time windows.

3.2.2. Heuristic Algorithms. Calvo et al. (2004) pro-
posed a heuristic algorithm for the home-to-work
carpooling problem. Their method consists of two
steps: path construction and local search. For path
construction, they use a greedy algorithm based on
regret minimization. The local search step includes an
iterative procedure composed of extraction and in-
sertion in the neighborhood of the previous solution.
Their model also makes an attempt to capture the
impact of congestion by allowing different travel
times during different times of the day. Xia et al.
(2015) presented an IP to solve home-to-work car-
poolingwith one vehicle serving atmostC customers.
They presented two heuristics based on simulated
annealing and tabu search to solve this problem.
These heuristics start by initial arbitrary carpooling
routes and try to improve them by either changing the
visited stations by a route or reordering them.

Herbawi andWeber (2012) formulated the dynamic
one-to-many ride-matching problem as a pickup and
delivery problem with time windows. Their method
divides the day into a set of time periods. For each
period, the ride-matching problem is solved using a
genetic algorithm (GA) given all available requests.
Upon the arrival of a new request, they execute an
insertion heuristic similar to that of Jaw et al. (1986) to
modify the solution obtained by the GA in real time.
They also keep unmatched requests for solving the
GA in the next period. For the same problem, Pelzer
et al. (2015) introduced a partitioning-based match-
making algorithm. They initially take three steps to
divide the road network into a number of partitions.
The arrival of a traveler invokes the matchmaking
algorithm to find all travelers who are currently in
that partition and whose destination partitions are in
same corridor. Instead of imposing hard constraints
on timewindows, they choose tomatch travelers with
higher VMTS and lower detour time. Shen et al. (2016)
addressed the real-time one-to-many ride-matching
problem using a filter-and-refine framework. In the
filter stage, they group trips based on the spatio-
temporal location of requests and vehicles. This helps
them reduce the size of the matching problem. They
further use a kinetic tree structure to store the current
and potential schedules of drivers. In the refine stage,
they exploit the information from the filter step to
match riders and drivers efficiently.

3.3. Multihop Ride Matching
This subsection provides a survey of studies that
allow customers to transfer between vehicles while
completing their trips. This includes both many-to-
one and many-to-many ride matching.
3.3.1. Exact/Approximation Algorithms. Agatz et al.
(2010) were the first to formulate an MIP on a
spatiotemporal network for the many-to-many ride-
matching problem, but they relied on optimization
packages to solve it. In their formulation, they
replaced home locations with stations in the vicinity
to accommodate riders who are not willing to reveal
their home location because of security and/or
privacy issues. Masoud and Jayakrishnan (2017a)
developed another MIP formulation for the many-
to-many problem based on a time-expanded net-
work. They proposed an exact decomposition algo-
rithm to solve this problem with the objective of
maximizing the matching rate. This algorithm is an
iterative process that solves a set of smaller, inde-
pendent subproblems in parallel at each iteration.
Until convergence, the subproblem solutions are not
feasible. However, they manage to compute a lower
and upper bound at each iteration, which enables
them to stop the algorithm earlier with a high-quality
feasible solution based on their lower bound. They
further introduced a multistep preprocessing algo-
rithm that significantly reduces the solution search
spacewithout compromising optimality.Masoud and
Jayakrishnan (2017b) propose an exact method for a
real-time many-to-one ride-sharing system in which
customers expect an immediate response from the
system. As such, they consider serving customers
on a first-come, first-served (FCFS) basis. More spe-
cifically, the arrival of each customer triggers a
multiobjective optimization problem that deter-
mines the rider’s itinerary based on a single or mul-
tiple drivers’ path. They develop an exact method
based on dynamic programming to solve the opti-
mization problem over the reduced search space.
They further suggest a ride exchange policy to alle-
viate the impact of serving customers in an FCFS order
(Masoud et al. 2017a). To the best of our knowledge,
the last two studies are the only ones that developed
an exact algorithm for the multihop ride-matching
problem based on a rolling-horizon and an event-
based approach, respectively.

3.3.2. Heuristic Algorithms. Xing et al. (2009) were
among the first who considered transfer in ride-
sharing systems. They developed a multiagent-based
simulation framework for a highly dynamic ride-
sharing system. Their method uses a number of agents—
namely, PassengerAgent, DriverAgent, NodeAgent,
and RoutingAgent—to explore the possibility of serv-
ing riders using one or two drivers. However, their
framework assumes a capacity of one for vehicles. Chou
et al. (2016) formulated a carpooling problem as a
discrete optimization problem to maximize a multi-
objective function that includes both system-level
conditions and the participants’ expectations. They
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developed an algorithm based on stochastic set-based
particle swarm optimization (PSO).

Herbawi andWeber (2011a) studied a variant of the
multihop ride-sharing problem in which drivers have
fixed routes and time schedules. They formulated this
problem asfinding shortest paths on a spatiotemporal
graph with the objective of minimizing costs, waiting
times, and the number of transfers. They suggested a
multiobjective ant colony optimization to solve the
problem. By comparing its performance to a multi-
objective GA in Herbawi and Weber (2011b), they
found it crucial to apply a local search improvement
on the final solution. Ghoseiri (2012) modeled the
dynamic multihop ride-sharing problem as an MIP.
Aside from scheduling, routing, and matching, their
formulation further considers a number of personal
preferences. They limited the number of transfers to
two and proposed a heuristic solution that solves the
problem by decomposing it into a three-level hier-
archical decision-making problem. In the first level,
they schedule only riders who can be served without
transferring. For the next two levels, after updating
the drivers’ schedules from the previous level, they
make decisions about riders who can be served with
one (in level 2) or two (in level 3) transfers. Ben Cheikh
et al. (2017) proposed a real-time multiobjective GA.
By introducing some fixed points along drivers’ routes,
they design a dynamic chromosome coding that en-
ables the system to transfer riders between vehicles en
route. More recently, Chen et al. (2019) consider a
dynamic many-to-many ride-sharing system with a
ride back guarantee for promoting ride sharing among
the employees of a community of companies. Their
proposed system further includes meeting points for
sharing a ride and role flexibility for the participants.
Based on the included features, this is the most com-
prehensive model among the P2P ride-sharing systems
that have been proposed so far. They formulate this
problem as an MIP and develop a greedy heuristic that
yields a high-quality solution in a timely manner. Their
proposed heuristic sorts customers based on their po-
tential for being a rider and greedily assigns others to
serve them. They further show the merits of their al-
gorithm in the existence of external mobility services.

3.4. Multimodal Ride Matching
In spite of several benefits that P2P ride-sharing
systems offer to both users and the society in gen-
eral, some studies question the self-sustainability of
such systems in the long run (Furuhata et al. 2013).
One of the main discussed issues resides in the fact
that the existence of enough drivers to serve the
transportation needs of riders is not guaranteed, at
least during some periods of the day. To tackle this
issue, a few studies in the literature recommended
integrating P2P ride-sharing systems with other means
of transportation in the hope of increasing the LoS. Lee
and Savelsbergh (2015), for instance, proposed a
dynamic ride-sharing system with the addition of a
fewdedicated drivers. For this system, they presented
an IP to minimize the costs while guaranteeing a
minimum rate of served passengers. They assumed
dedicated drivers can serve multiple riders while ad
hoc drivers can only serve one rider. In order to solve
the IP, they presented a heuristic solution composed
of a construction step and an improvement step. In the
construction step, they generate a pool of initial so-
lutions by first maximizing the served riders in the
absence of dedicated drivers and then inserting un-
matched riders greedily in the routes of dedicated
drivers. Next, they adopted a neighborhood search to
improve the initial solutions by changing the schedule
of dedicated drivers and/or swiping the type of driver
for a rider. Cangialosi et al. (2016) introduced a
generalized ride-sharing system that improves the
performance of a multihop ride-matching problem
with the help of one-way car-sharing vehicles and the
transit system (bus, taxi, etc.). They presented a
multiobjective MIP that maximizes the matching rate
while minimizing the inconvenience factor for pas-
sengers. They solved this formulation using the con-
ventional B&B in CPLEX. For serving recurrent com-
muter trips, Regue et al. (2016) proposed a system that
integrates static multihop ride sharingwith the public
transit system. They proposed a pure binary program
that optimizes a multiobjective function over a time-
expanded network and allows for a ride back guar-
antee. They proposed an exact solution methodology
based on an aggregation/disaggregation algorithm.
More precisely, their formulation can be decomposed
into a master and a subproblem, between which the
solution iterates until convergence. In the master
problem, they aggregate the vehicle-commuter-link
assignment variables with respect to vehicles, and the
subproblem recovers the matching between com-
muters and vehicles. Masoud et al. (2017b) extended
their presented methodology in Masoud and Jayak-
rishnan (2017a) to combinemultihop ride sharingwith
metro transit system. Using a real-world case study,
they showed the effectiveness of such systems in
addressing the first-mile/last-mile problem faced by
public transit systems. Nam et al. (2018) designed a
transit feeder system that routes riders to their des-
tinations using a variety of transportation options—
namely, P2P ride sharing, bike sharing, walking, and
transit. They model their proposed system using a
super network that consists of multiple layers, one for
each mode. The novelty of their work comes from the
fact that they introducedmultiple connectors that link
riders’ starting points to multiple transfer nodes.
Using themultiple-connector scheme, they are able to
maximize the matching rate while finding shorter



Tafreshian, Masoud, and Yin: Survey of Ride-Matching Methods in P2P Ride Sharing
Service Science, 2020, vol. 12, No. 2-3, pp. 44–60, © 2020 INFORMS 55

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

39
] 

on
 1

4 
Ju

ly
 2

02
6,

 a
t 0

0:
32

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 

travel-time itineraries. Finally, An et al. (2019) ex-
amine the integration of shared autonomous vehicles
into a P2P ride-sharing system. They adopt a se-
quential framework in which they first find the riders
that can be optimally served by private ride-share
vehicles. Next, they find the minimum number of
shared autonomous vehicles to meet the demand of
unserved trips. For solving the ride-matching prob-
lem, they use the dynamic programming approach
proposed by Masoud and Jayakrishnan (2017b).

3.5. Takeaways
Table 1 lists all the reviewed papers along with their
key features in chronological order. This table dem-
onstrates that in recent years, there has been a shift
toward more complex forms of ride matching (i.e.,
multiple passengers, transfers, and modes) with a
focus on real-time operational schemes. This shift is
directed by the fact that although they are more
difficult to optimize, more complex systems can offer
much higher benefits in terms of both profit and
sustainability. In general, allowing passengers to
transfer between vehicles and for vehicles to have
multiple passengers on board increases the occu-
pancy and utilization rate of vehicles as well as the
likelihood of matching. However, modeling more
complex ride-sharing systems can render real-time
solution methods, which are of interest in dynamic,
large-scale systems, intractable. As such, there is sig-
nificant potential for developing high-quality approxi-
mation and/or heuristic methods. Following this di-
rection, recent efforts have been made to switch from
centralized to decentralized solution schemes, where
large-scale optimization problems can be divided into
smaller subproblems, sometimes with specific struc-
tures, and solved efficiently.

4. Directions for Future Work
Despite several efforts made in the past to incorporate
more realistic scenarios into P2P ride-sharing systems,
we believe there are a number of potential directions
to further extend and explore the prospective benefits of
P2P ride-sharing systems. In the following subsections,
some of these directions are briefly introduced.

4.1. Incorporating Role Flexibility and Ride
Back Guarantees

A quick look at Table 1 reveals that a very limited
number of papers have incorporated role flexibility
and/or ride back guarantee features in their meth-
odologies, although both these extensions can po-
tentially make P2P ride sharing a more appealing
option to the public. On one hand, role flexibility is an
effective way to increase the matching rate, especially
during nonpeak hours where the system may experi-
ence a high rate of imbalance between riders anddrivers.
On the other hand, ride back guarantees can increase
the LoS for customers as they can safely avoid using
their personal vehicles because they have a guaranteed
ride back home. Furthermore, the concept of a “guar-
anteed ride back home” can be generalized to en-
compass any chain of activities that a user would like
to complete during a period of time.

4.2. Fast Algorithms with Bounds for Ride-Matching
Allocation Problems

Another important missing aspect from the existing
literature is exact or high-quality and fast approxi-
mate methods for ride matching. Although heuristic
methods can be very effective in providing fast so-
lutions from an operational point of view, they cannot
be effectively integrated into design of mechanisms.
As mobility providers move toward offering more
individualized services, mechanism design is attracting
more attention in the transportation field (Ropke and
Cordeau 2009, Gomes 2014, Cachon et al. 2017, Guda
and Subramanian 2019). Mechanism design allows
for inquiring private information from users (e.g.,
their willingness to pay for service) and allocating
and pricing resources based on this private infor-
mation. A well-designed mechanism has several at-
tractive properties, including incentive compatibility
(i.e., ensuring that users would not benefit from
misreporting their private information), individual
rationality (i.e., ensuring users would benefit from
participating in the system and hence would volun-
tarily do so), and budget balance (i.e., ensuring that
we would not have to inject money into the system).
Having exact solutions for the matching allocation
problem would make it possible to devise prices that
guarantee subsets of these properties would hold.
For more complex problems for which efficient and
exact algorithms may not exist, these properties can
be guaranteed within bounds if there exist bounds
on the allocation matching solutions. This makes ap-
proximation algorithms, or other types of algorithms
for which allocation bounds exist, appealing.

4.3. Moving from Reactive to Proactive Dynamic
Ride Matching

Another research direction, especially for real-time
operation of large-scale ride-sharing systems, is using
high-quality predictions of demand to enhance sys-
tem throughput. High-quality demand prediction
models can allow the system to dispatch the fleet
proactively, cutting down the passenger waiting time
and improving their LoS, while at the same time in-
creasing the utilization rate of vehicles. Using non-
myopic methods has already shown promising re-
sults in other types of shared-use mobility services
(Sayarshad and Chow 2015, Chen and Hu 2019,
Özkan and Ward 2020). More specifically, it can help



Table 1. Summary of P2P Ride-Sharing Papers

Note. VCG, Vickrey-Clarke-Groves.
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the system substantially reduce the search space
of the feasible matches and thereby decrease the re-
sponse time.Moreover,finding even an exact solution
in a rolling horizon framework cannot guarantee the
optimality of matching over the whole time horizon
under stochastic demand (Agatz et al. 2011). Using
historical data may allow the system to improve its
matching policies to obtain higher-quality solutions
with respect to all (i.e., both the realized and forth-
coming) trips. Finally, it should be pointed out that a
low-quality demand prediction can lead to dispatch-
ing policies that perform poorly, even compared with
myopic approaches. As such, it is important to develop
routing anddispatching policies that are robust to low-
quality predictions and provide recourse actions.

4.4. Optimal Policy for the Rolling-
Horizon Framework

A large number of studies in the literature adopt a
rolling-horizon approach to incorporate static algo-
rithms into dynamic systems. With a larger rolling
horizon, the system can collect a larger pool of
participants—hence producing a higher matching
rate. On the other hand, a longer horizon also implies
higherwaiting times for users (both riders anddrivers) to
learn about the status of their requests—thereby a lower
LoS. In highly dynamic systems where the request
arrival times are very close to the latest desired de-
parture times of users, longer horizons could even
lead to lost demand. As such, there is an obvious
dependency between the operational efficiency of the
system and the LoS of users, which is partly affected
by the length of the optimization horizon. This inter-
dependency calls for incorporating behavioral models
into the routing, scheduling, and pricing optimization
problems and for capturing the interaction between the
supply and demand curves.

When a ride-sharing system has high modal share,
then the matching solutions would also impact net-
work travel times and therefore the LoS of system
users, highlighting the importance of developing
network-aware methodologies that can capture such
endogenous relationships.

4.5. Electrification and Autonomy
Experts believe that autonomous vehicles will largely
be electrified for a number of technical reasons that
revolve around the structural compatibility of au-
tonomous driving with electric propulsion systems
(Ersal et al. 2020). It is also believed that autonomous
vehicles will be deployed by shared mobility pro-
viders because of their larger price tags, their ability to
reposition themselves, and environmental concerns
(Masoud and Jayakrishnan 2016, 2017c). As such, ride
sharing provides a suitable platform to host electric
autonomous vehicles. However, the integration of
autonomy and electrification into ride-sharing systems
gives rise to a number of technical challenges in oper-
ating these systems. Specifically, matching, routing,
scheduling, and pricing in these systems should take
into account the level of charge of vehicles and the
distribution of charging stations in the network, adding
to the complexity of these problems (MirHassani and
Ebrazi 2013, Schneider et al. 2014, Desaulniers et al.
2016, Sweda et al. 2017).
The prospect of a future electrified transportation

system has resulted in a number of alternative charging
strategies that enable vehicles to be charged while driv-
ing. One such strategy is providing dedicated charging
lanes that would enable electric vehicles to charge their
batteries from the electric grid while driving (Alonso
et al. 2014, Li and Mi 2014, Parvez et al. 2014,
Stüdli et al. 2014). The possibility of charging a vehicle
while traveling on a selected set of links changes the
structure of the ride-matching problems and calls for
customized routing algorithms. Vehicle-to-vehicle power
transfer is another recently proposed technology that
enables an electric car to charge its battery en route by
connecting to another electric vehicle (Sanchez-Martin
et al. 2012,Wang et al. 2016b,Abdolmaleki et al. 2019).
The ride-matching optimization problems that arise
in this context grow even more complex than the case
with dedicated charging lanes. This is because the
ride-matching problems have to model scenarios in
which not only can a vehicle receive electric power
while traveling on a link but also the supply of
electricity needs to be provided by other electric ve-
hicles that need to be routed so as to share (part of)
their paths with the recipient vehicles. This charging
strategy would necessitate developing not only new
algorithms but also pricing mechanisms based on
utility functions of the suppliers and recipients of
power in this exchange. Such a charging platform
provides the opportunity for a shared mobility pro-
vider to use its own fleet as power suppliers, giving
rise to more complex problems.

4.6. Integrating P2P Ride Sharing into Mobility-as-
a-Service

With mobility-as-a-service (MaaS) becoming a more
popular mode of transportation, an interesting re-
search direction is to investigate integrating P2P ride
sharing into MaaS operations, the implications of
such integration on the MaaS LoS, as well as the
empty miles imposed on the transportation infra-
structure (Qi and Shen 2019). More specifically, the
following two research questions are of interest:
(1) the implications of different P2P matching set-
tings (i.e., one-to-one, one-to-many, many-to-one, and
many-to-many) on the empty miles driven of MaaS
and (2) regulations and policies specific to each match-
ing setting to curb the MaaS empty miles driven.
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