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Keywords: This study investigates a real-time vehicle dispatching problem for shared-and-autonomous-
Shared autonomous vehicle mobility (SAM) services that allow multiple passengers to share a ride. The objective is to opti-
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mize the real-time decision-making of the operator, and develop an online efficient algorithm to
maximize the profit while ensuring service quality. In particular, we formulate the dynamic
system with a series of static subproblems and continually optimize the vehicle dispatching so-
lutions at each decision time point. Each static subproblem is formulated as a mixed-integer
programming (MIP) model considering the maximum number of ride-pooling strangers and
passenger satisfaction constraints. To solve the subproblem, we develop a customized hybrid
algorithm that integrates an adaptive request assignment (ARA) scheme into the large neigh-
borhood search (LNS) heuristic framework. Particularly, this method decomposes the multi-
vehicle problem into single-vehicle problems and LNS iteratively identifies the optimal routing
solution for each SAV. If overall profit does not improve after a certain number of iterations, the
ARA scheme is invoked to adaptively reassign passenger requests to different vehicles. Numerical
experiments are conducted to demonstrate the effectiveness of the proposed solution method
against the benchmark approach and to examine the benefits of the SAM service model and the
effect of passengers’ flexibility time on system performance to derive management insights.

1. Introduction

Urban modernization has raised numerous concerns over prolonged traffic congestion, decreased transportation efficiencies, rising
fuel consumption, and increased air pollution. Various forms of sustainable shared mobility services have emerged to address these
pressing issues and reshape urban transportation. For example, over the past decades, there has been remarkable development in
carsharing platforms, enabling individuals to rent cars for short periods (Yang et al., 2022). Effective vehicle relocations without
significant labor costs are crucial to solving the spatial and temporal imbalances in vehicle distribution induced during carsharing
operations. Meanwhile, ride-pooling services, pioneered by many transportation network companies (TNCs), are effective means to
improve vehicle utilization and mobility efficiency. Individual travelers are pooled together based on similar itineraries and time
schedules and share a vehicle for a trip (Agatz et al., 2012; Furuhata et al., 2013). Leveraging recent advancements in mobile tech-
nology, various on-demand ride-pooling programs such as UberPOOL, Lyft Line, and Didi Express Pool have been launched by utilizing
dedicated for-hire drivers (Ke et al., 2020; Lu et al., 2022). However, these prevalent shared mobility solutions have been developed in
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isolation, thus failing to fully capitalize on their combined potential advantages.

In recent years, advancements in self-driving technology have paved the way for consolidating and further enhancing current
shared mobility services into a unified shared-and-autonomous-mobility (SAM) system that provides door-to-door services by utilizing
centrally-controlled shared autonomous vehicles (SAVs). (Lokhandwala and Cai, 2018). Compared to traditional shared mobility
business models, the inherent complete compliance characteristic of SAVs in such emerging SAM services enables more efficient
vehicle management, as it eliminates the variability introduced by human drivers. This leads to more accurate and seamless vehicle
dispatching operations that can better adapt to demand dynamics while reducing labor costs. Additionally, the flexibility of the SAV
fleet facilitates customized services, including both pooled and solo rides, and improved levels of service tailored to passengers’
preferences can be achieved. Despite these favorable merits, the ever-evolving SAM system with on-demand ride-pooling services has
posed many decision-making challenges for service providers concerning service design, dynamic request assignment, vehicle routing,
pooled trip arrangement, etc. The service quality should be ensured by balancing operational efficiency with passenger satisfaction,
particularly when coordinating multiple rides into single-vehicle trips. These pooling arrangements necessitate careful consideration
of passenger comfort and convenience associated with sharing space with strangers. To this end, it is imperative to develop advanced
models and effective algorithms to guide the real-time operation of SAM services.

1.1. Literature review

The combination of shared mobility services with SAVs, characterized by high flexibility and reliability, is foreseeable to emerge as
one of the promising directions in future mobility scenarios (Zhou and Roncoli, 2022). Previous studies have shown that autonomous
vehicles can significantly reduce traditional private car ownership and alleviate road network congestion (Farhan and Chen, 2018;
Huang et al., 2024; Levin, 2017; Narayanan et al., 2020). Relevant research on the SAM service operations using the SAV fleet already
exists, and many of them have demonstrated significant benefits of ride-pooling opportunities in SAM services. (Farhan and Chen,
2018; Martinez and Viegas, 2017; Fagnant and Kockelman, 2018; Loeb et al., 2018; Ge et al., 2021; Lokhandwala and Cai, 2018; Zhang
et al.,, 2015). For example, Fagnant and Kockelman (2018) investigated dynamic SAV operations with the ride-pooling option,
employing a discrete-time agent-based simulation framework. They found that incorporating ride-pooling greatly contributed to the
reduction in customers’ waiting time and overall vehicle travel mileage, while avoiding new congestion problems. Similarly,
Lokhandwala and Cai (2018) developed an agent-based model to explore ride-pooling services using both traditional vehicles (with
drivers’ shifts and breaks) and SAVs (available all day), considering individual heterogeneous preferences in sharing rides. A real-
world investigation in New York City revealed that integrating SAVs and ride-pooling services could potentially reduce fleet size
and carbon emissions. Other studies have examined the use of the electric SAV fleet in SAM services. Farhan and Chen (2018)
examined the operation of electric SAVs based on an agent-based simulation model, and the results indicated that ride-pooling services
decrease fleet size and the need for charging stations. Loeb et al. (2018) investigated the electric SAV operation performance by
utilizing an agent-based simulator MATSim, focusing on the charging strategies and infrastructure decisions. Nevertheless, it is evident
that most studies on dynamic SAV operations have concentrated on impact analysis using simulation frameworks with rule-based
methods, rarely exploring the fields of operational-level decision-making optimization problems and algorithm design for SAM ser-
vices. In our study, we will address a real-time SAV dispatching optimization problem for the SAM service considering ride-pooling
options with the objective of maximizing the total profits of the service operator. The problem is referred to as the RT-SAVD for
short thereafter.

The deployment of SAVs in SAM services enhances operational flexibility, potentially leading to improved system performance.
This is achieved through continuous optimization of vehicle dispatching plans with seamless diversion and self-relocation to
accommodate all user requests for pickups and drop-offs (Ma et al., 2017). In fact, the proposed RT-SAVD problem can be regarded as a
specific variant of the dynamic dial-a-ride problem (DARP) or shared-taxi problem focusing on route planning. In this scenario, a fleet
of SAVs is operated in an online manner to fulfill passenger requests with diverse origins and destinations. The dynamic DARP and
shared-taxi problem are dynamic extensions of the static DARP. The static DARP, a variant of the pick-up and delivery problem with
time windows, focuses on optimizing vehicle routes and schedules for people who are typically patients or the handicapped with
specified pickup and drop-off locations, time windows, and maximum trip duration (Cordeau and Laporte, 2007). Unlike the static
DARP, in which all the information of requests and vehicles are known in advance, the dynamic version involves unexpectedly arriving
requests and decision-makers can adjust pre-planned routes as needed based on the new information. Notably, the dynamic DARP is
considered deterministic if decision-makers have complete information about all ongoing and upcoming operations, except for un-
expected new arrivals (Ho et al., 2018).

Among the literature on dynamic DARP, the decision-making problems typically focus on exploring the optimal accommodation of
incoming requests on short notice and various metaheuristics and hybrid algorithms have been proposed (Attanasio et al., 2004;
Berbeglia et al., 2010, 2012; Coslovich et al., 2006; Gendreau et al., 2006; Hall et al., 2015; Hame, 2011; Hame and Hakula, 2015;
Maalouf et al., 2014; Markovic et al., 2015; Souza et al., 2022). For example, Attanasio et al. (2004) introduced a parallel tabu search to
efficiently insert newly arrived requests into existing routes and optimize routing solutions continuously. Coslovich et al. (2006)
proposed a two-phase insertion algorithm utilizing route perturbances. The first stage, executed offline, involved the route neigh-
borhood updating step to generate a collection of alternative feasible routes within the vicinity of the incumbent route, while the
second stage, executed in real-time, provided a quick response to a newly arrived request using a simple insertion method to evaluate
all possible insertions into the obtained feasible routes. Hame (2011) proposed an adaptive insertion algorithm with a priori clustering
method to find the optimal solution. All possible insertion positions were evaluated for a specific request, and all resulting partial
routes were preserved, particularly suitable for the highly restricted problem. Berbeglia et al. (2012) introduced a hybrid approach
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combining the exact constraint programming with a tabu search algorithm to detect feasible insertions of new requests efficiently.
Souza et al. (2022) investigated a dynamic DARP under a partially dynamic environment with both static requests known a priori and
dynamically arrived ones over time. They developed a two-phase hybrid algorithm with the first phase dedicated to solving a static
problem using the variable neighborhood search heuristic and the second phase responsible for dealing with the dynamic requests
through a simple insertion heuristic. This method is designed in pursuit of operational cost minimization and customers’ convenience
maximization. Further extensions in dynamic DARP have also been explored by considering individual behaviors, stochastic factors,
etc. (Azadeh et al., 2022; Hyytia et al., 2012; Sayarshad and Chow, 2015; Sayarshad and Oliver Gao, 2018; Schilde et al., 2011, 2014;
Tafreshian et al., 2021; Xiang et al., 2008). For example, Azadeh et al. (2022) proposed a choice-driven dynamic DARP integrating
customer behaviors by incorporating assortment optimization with routing decisions. They proposed a pricing strategy while incor-
porating a choice model to offer personalized options of services (i.e., service type and pickup time) along with their corresponding
price levels. This approach also generates possible assortments with associated probabilities for each new request. Schilde et al. (2014)
investigated a dynamic and stochastic DARP considering the uncertainty of time-dependent travel speeds. Tafreshian et al. (2021)
investigated an on-demand shuttle dispatching problem and developed an efficient data-driven two-phase algorithmic framework
considering stochastic demand information.

The shared-taxi problem represents another novel variant of the DARP, which seeks to optimally allocate passengers to taxis and
identify corresponding optimal routes in an online taxi-dispatch system (Mourad et al., 2019). Hosni et al. (2014) pioneered to
formulate an MIP model for a generalized DARP that considered vehicles at various initial locations with onboard passengers, facil-
itating application within a dynamic system. The near-optimal solution was achieved through the application of the Lagrangian
decomposition method, supplemented by two heuristic methods. To address dynamic scenarios, the proposed algorithm was peri-
odically invoked and evaluated against a commercial solver. Given the large-scale nature and inherent dynamics of the shared-taxi
problem, relevant studies primarily focused on developing efficient heuristic algorithms to produce high-quality vehicle routing so-
lutions in real-time with good computation speed (Hua et al., 2022; Wang and Yang, 2019). To further explore extensions, Santos and
Xavier (2013) investigated a dynamic shared-taxi problem by incorporating the monetary incentive and proposed an improved
heuristic with a path-relinking technique to solve the problem. Santos and Xavier (2015) extended the previous study by incorporating
the monetary incentive in a shared-taxi system and proposed an improved heuristic with a path relinking technique to solve the
problem. Jung et al. (2016) proposed an advanced hybrid simulated annealing algorithm to solve the dynamic shared-taxi problem
with the objective of maximizing occupancy rates and minimizing the travel time of passengers. Zhan et al. (2021) examined the
collective advantages of the dynamic shared-taxi problem by maximizing the number of served customers and minimizing travel costs.
A rolling horizon approach was adopted and each static subproblem was solved by an efficient adapted artificial bee colony algorithm
integrated with a vantage-point tree technique for algorithm acceleration. Zhan et al. (2022) further considered electric vehicles (EVs)
in the shared-taxi system and addressed two subproblems involving dynamic matching and EV charging respectively. These two
subproblems are addressed concurrently, with the algorithm introduced by Zhan et al. (2021) and CPLEX solving them in parallel,
utilizing a rolling horizon approach.

Additionally, other studies have tackled even larger situations and proposed efficient approximate methods. Alonso-Mora et al.
(2017) proposed a dynamic vehicle dispatching approach to address a relaxed on-demand shared-taxi problem leveraging the concept
of shareability networks to pair trips with vehicles. Their approach was evaluated using taxi data from Manhattan, demonstrating its
effectiveness for large-scale applications. Later, Simonetto et al. (2019) developed a less computationally demanding algorithm,
restricting the matching of only one passenger to a vehicle per optimization epoch and reducing the original problem into a linear
assignment problem. Their findings revealed that the myopic optima preserved service quality comparable to the study by Alonso-
Mora et al. (2017). Furthermore, Zhou and Roncoli (2022) extended the algorithmic framework from Simonetto et al. (2019) by
incorporating the congestion prediction.

The above literature review shows that numerous studies have been conducted to investigate dynamic DARP or shared-taxi
problems with different objectives, addressing challenges in efficient request assignment and vehicle dispatching by developing
various optimization models and algorithms. However, the ride-pooling services considered in these studies often involve simulta-
neously serving two or more potential requests only respecting vehicle capacity constraints. The dynamic decision-making process
focuses on finding optimal solutions to accommodate incoming requests without specific consideration of passengers’ shared
‘strangers’ during their shared trips. In other words, the number of strangers sharing with each passenger is assumed to be unlimited in
these studies. In reality, however, passengers might have the maximum ride-pooling stranger number preferences. For example,
consider a passenger who is willing to share his/her trip with only one stranger. Suppose the concerned passenger has already been (or
is being) transported with another passenger in the same vehicle. In that case, the service operator is not expected to continue pooling
this passenger with additional passengers in its remaining journey, even if the vehicle capacity has sufficient capacity. Therefore, for
the sake of service quality, it is recommended that SAM services impose restrictions on the number of strangers sharing rides with each
request. Notably, the maximum number of ride-pooling strangers constraint distinguishes the SAM services from traditional dial-a-ride
services. Additionally, given the inherent personal attributes and the characteristics of the ride-pooling trips such as detours and
sharing trip duration, some passengers with potentially feasible ride-pooling options may be not satisfied with (i.e., may decline) the
arranged shared trip. Their approval for sharing rides with strangers will inevitably affect the vehicle dispatching operations that
provide pooled rides service, which is largely ignored in existing studies. To the best of our knowledge, previous research has not ever
explored how to determine the real-time vehicle dispatching plans for the SAM services while incorporating ride-pooling stranger
number limit and considering passengers’ acceptance of sharing trips with others.
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1.2. Objective and contributions

To bridge the research gap identified above, our study will investigate a RT-SAVD problem for SAM services in an online envi-
ronment, where passenger requests are released dynamically. In particular, we impose constraints on the ride-pooling services by
allowing each request only to be transported, not necessarily simultaneously, with a limited number of strangers during its trip. In-
dividual acceptance of the shared trip is also considered based on a well-defined satisfaction measurement. In this context, satisfaction
refers to the passenger’s expected perceived quality of the offered pooled itinerary, determined by their personal attributes and the
itinerary’s characteristics (e.g., detour, shared-trip duration, and stranger exposure). This expected satisfaction is used to decide, for
the current request, whether the passenger accepts the pooled option or instead chooses a solo ride (or rejects the offered shared
option). Notably, some individual-specific attributes in the satisfaction function may also partially capture accumulated underlying
long-run preferences and attitudes, which can be shaped by accumulated past ride-sharing experiences. The objective is to develop a
fast and effective algorithm to support the decision-making of the service provider in terms of timely responding to newly arrived
passenger requests, properly dispatching SAVs, and arranging satisfactory pooled trips in pursuit of profit maximization. To achieve
this objective, we will propose a dynamic vehicle dispatching algorithmic framework based on the rolling horizon approach, which
includes periodical optimization with a fixed time step over the entire planning horizon. For each optimization run, we will formulate a
static SAV dispatching (S-SAVD) problem as an MIP model while considering the maximum number of ride-pooling strangers and
passenger satisfaction. To solve each S-SAVD, we will develop a hybrid algorithm named ARA-LNS that integrates an adaptive request
assignment (ARA) method into the traditional large neighborhood search (LNS) heuristic framework, allowing us to decompose the
multi-vehicle S-SAVD problem into several single-vehicle problems to efficiently obtain the request assignment and corresponding
vehicle routing plans. The contributions of this study can be summarized threefold.

e First, we propose a RT-SAVD problem for SAM services with ride-pooling options while incorporating the limit on the number of

ride-pooling strangers and passenger satisfaction levels. We make the first attempt to integrate the service quality considerations

into the real-time decision-making of the operator and develop an online efficient algorithmic framework with a series of S-SAVD

subproblems to maximize the total profit. Each subproblem is formulated as an extension of the DARP.

Second, we develop a tailored ARA-LNS solution algorithm for the proposed S-SAVD subproblem. The LNS iteratively identifies the

optimal routing plan for each SAV, with the ARA scheme invoked if the overall profit for solutions for all SAVs fails to improve after

certain iterations to adaptively reassign requests to different vehicles. The adaptive selection of the different assignment operators

will guide the algorithm to efficiently search for good-quality vehicle dispatching solutions.

e Third, we conduct extensive numerical experiments to demonstrate the efficacy of our proposed solution method compared to the
benchmark approach, to examine the benefits of the SAM service model, to analyze the impact of the flexibility in passengers’ time
windows on system performance, and to derive management insights.

The remainder of this study is organized as follows. Assumptions, notation and the description of the RT-SAVD problem are
elaborated in Section 2. Section 3 presents the formulation for the dynamic vehicle dispatching problem by establishing the algo-
rithmic framework and modeling the S-SAVD subproblem. Section 4 develops a customized ARA-LNS algorithm for solving the static
subproblem. The efficacy of our proposed solution method and impact analysis are demonstrated in Section 5 through extensive
numerical experiments. Finally, Section 6 summarizes the conclusions and future research of this study.

2. Assumptions, notations and problem statement

Consider a SAM service provider that offers door-to-door passenger transportation services using a fleet of homogeneous centrally
controlled SAVs in an urban area over the operational period [0,T]. Let .# and 7" denote sets of passenger requests and SAVs
respectively. Passenger requests will dynamically arrive over time and space, and their information can only be known upon an-
nouncements through the SAM platform. Given the passenger request information, SAVs can be dispatched to provide pick-up and
drop-off services. These requests are assumed to be ad-hoc orders, expected to be acknowledged by the SAM service platform within a
specified timeframe. This acknowledgment indicates whether the requests will be confirmed to be accommodated by an SAV, although
they are not required to be picked up by this confirmation deadline. In particular, we consider the SAM services that allow both solo
rides and pooled rides among different passenger requests. To guarantee service quality, the satisfaction levels of pooled passenger
requests are explicitly considered, reflecting their willingness to be arranged in specific pooled trips. To be applicable in an online
context, the SAV dispatching plans will be generated and updated dynamically according to the latest known request information and
provide services with pooled trip arrangements. Given a limited vehicle fleet size, our objective is to dispatch the SAVs in a real-time
fashion to serve the dynamically arriving passenger requests during the planning horizon so as to maximize the total profit of the
service operator. To fully present the RT-SAVD problem, the following three subsections will elaborate on the demand character-
ization, passenger satisfaction and SAV states during the dispatching procedure, respectively. The notation used throughout this study
can be found in the Appendix.

2.1. Demand characterization

Each passenger request r € .7 is characterized by request time, origin, destination, waiting time threshold for response, latest
pickup and drop-off times, number of passengers, service charge and satisfaction. Specifically, all these attributes are represented by a
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tuple {v‘,’ ,vf,tj ,Or, ti" ,tﬁd,wr}, indicating the pick-up location v?, drop-off location vf, request announcement time (earliest pick-up time)

t, maximum waiting time &, to receive the response (i.e., maximum confirmation duration of service), latest pick-up time tip from
origin, latest drop-off time ¢ at destination, and the number of passengers w,. Note that each request can tolerate a maximum waiting
time &, after its announcement to receive confirmation from the SAM service platform regarding the arrangement of vehicle for service.
If the request r has not been arranged for any SAV by the time (& + &), it will be considered canceled. Let G, and G, = 1-0)-G,
denote the service charge of the request r in a solo trip and a pooled trip respectively, where v denotes the discount rate applied to the
basic service charge to compensate for the requests sharing their trips with others. To maximize the operational objective under the
current system state, some requests are allowed to remain unserved when they cannot be accommodated without violating service
constraints (e.g., time windows, capacity, stranger limit, and satisfaction requirements) or when fleet capacity is insufficient.

Passengers sharing a trip are subject to a maximum limit on the number of ride-pooling strangers, denoted by Q. It is worth noting
that even if the number of previously pooled strangers for a request does not exceed the pre-defined limit, the request may still decline
a pooled trip arrangement due to satisfaction concerns. As discussed, to guarantee the level of service, each (potentially pooled) request
is associated with a satisfaction level characterized by a function to incorporate passenger’s acceptance of the ride-pooling options,
which could be nonlinear. The satisfaction function of each request r is characterized by a value of time (VOT) p, and a privacy-
sensitivity value g- which describes the degree of reluctance of the passenger to share with strangers. The passengers with the
higher value of g, indicate greater sensitivity to the number of strangers in the pooling arrangement. According to the empirical
research by Lavieri and Bhat (2019), the passenger’s acceptance of a shared ride will depend on both the increased travel times
associated with the pick-up/drop-off of other passengers and the approval of strangers sharing their travel experience in the same
vehicle.

We assume that passenger satisfaction largely depends on the impedances or benefits of ride-pooling in terms of the request’s
inherent attributes such as the VOT and privacy sensitivity and the pooling trip attributes such as the number of ride-pooling strangers,
the duration of the shared ride and the additional travel time incurred due to pooling. In addition to the attributes of the concerned
request, let g denote the number of strangers experienced by the request r in the shared trip. Therefore, the satisfaction function for a
particular request r, denoted by F,( - ), can be defined as a multivariate function expressed as F,(v,p, ,g,.ﬁ,,f,f,), where p, and g, are the
attributes of the concerned request, i.e., VOT and privacy-sensitivity, g, represents the ride-pooling stranger number, ¢, corresponds to
the ride-pooling duration (with other requests onboard), while Er denotes the extra (additional) travel time. To ensure service quality,
a minimum passenger satisfaction threshold F is defined by the SAM service provider. That is to say, for the pooled trip arrangement, in
addition to the time window, vehicle capacity and maximum ride-pooling stranger number constraint, the passenger satisfaction
constraint should also be considered.

2.2. SAV states

Each SAV h € 7 will be initialized at a specific location V) in the service area with no onboard passengers at the beginning of the
period [0, T]. During the daily operation of an SAV h € 7, it can be dispatched to serve multiple passenger requests simultaneously

o
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Fig. 1. SAV dispatching illustration.
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subject to the carrying capacity W. Departing from the initial location, an SAV can transport many passenger requests between any
pick-up and drop-off locations of these requests with the pooled version of service. Let 7,0,« and k,o,« denote travel time and incurred
travel cost between the pick-up location and drop-off location of request r € .%, respectively. Following this notation, the travel
duration and travel cost from the initial location of an SAV v, i.e., V2, to the pick-up location of request r € % would be Ty00 and Ky,

respectively.

In dynamic vehicle dispatching, an SAV may be in any of the following states: (i) transporting onboard passengers to their drop-off
locations with additional scheduled requests; (ii) transporting onboard passengers to their drop-off locations without further scheduled
requests; (iii) relocating (without onboard requests) to serve the next scheduled request en route; (iv) idle. Thus, the decision-making
process for vehicle dispatching must consider the current states and positions of both SAVs and passenger requests in an online context.
The SAV information, including their various states and positions, is continuously updated based on optimized routing plans
throughout the operational period. Fig. 1 illustrates an SAV dispatching plan at a specific time, highlighting the various vehicle states
involved. Red points represent drop-off nodes of onboard requests that the vehicles are already committed to serve and thus appear on
the solid-line (current) routes. Blue points represent pick-up/drop-off nodes of scheduled requests, which are served along the dashed-
line (planned) routes.

Given the dynamic passenger request demand, the RT-SAVD problem is to dynamically determine the optimal SAV routing plans
that maximize the profit of the service operator such that: (i) each request is served by one SAV at most; (ii) the vehicle capacity and
time window constraints of requests are respected; and (iii) the ride-pooling stranger number limit and passenger satisfaction threshold
are not violated. The dispatching solutions of SAVs will be constantly adjusted and updated based on the information of the latest
arrival of passengers.

3. RT-SAVD problem formulation
3.1. Dynamic algorithmic framework

To effectively deal with the passenger demand dynamics, we develop a dynamic vehicle dispatching algorithmic framework based
on a rolling horizon approach to solving the RT-SAVD problem in temporal sequence over the entire planning horizon [0, T]. Instead of
solving the problem over the whole planning horizon, this framework is designed to successively execute the planning at a given
sequence of K time points, denoted by set .7 = {to,t1,t2,...,tk_1,t, .., tx}, Where to = 0 and tx = T. These time points are evenly
spaced with the increment of a same time step At, i.e., ty = kAt, where At = T/K. For any iteration k at the decision time instant t, we
will use a planning horizon that extends forward from the incumbent time instant and captures all currently known passenger request
information. This framework aims to repeatedly slide the horizon forward by the time step At and address a series of S-SAVD sub-
problems to update the SAV dispatching solutions periodically. In particular, we impose the computation time limit A for each S-
SAVD subproblem solved at each decision time instant t; to ensure the timely response to the passenger demand dynamics. In other
words, by the time t, + 4, a subproblem solution will be obtained for the implementation over the period [t + 4, t.1 + 4].

For each rolling iteration k, let %) € % denote the set of active requests that can be considered in the corresponding S-SAVD
subproblem at decision time instant t;. Intuitively, these requests involve the ones considered in the previous static subproblem but
have not been finalized (and can be reconsidered/rescheduled) by the time point ¢ +4 and the newly arrived passenger requests during

the period [tx_1,t). To be specific, we have %, = <//§?k,1 U §k4> \(Fx_1 U .Ty'\f’k,l), where ,(}f/k—l represents the set of dynamically

arrived passenger requests during the period [t;_1, tx); fj?'\,k,l indicates the finished requests that have already been served by the SAVs
during the period [t;_1 + 4, + 1); and #_; denotes the set of expired requests, including requests whose latest pick-up times fall
within [t,_; + 4, t + 4) (and thus can no longer be feasibly served thereafter), and requests that have not been assigned to any vehicle
by . + &, i.e., their maximum waiting time for confirmation has elapsed. In particular, the active requests involved in the first
optimization run, i.e., . #o = @. In this way, the decisions made in each iteration based on the currently active requests %, may be
reconsidered at later decision periods as long as the associated requests have not been finished or expired, allowing the service provider
to effectively handle the dynamics of the demand and obtain good-quality solutions.

For ease of presentation, we further divide the requests .%% in the incumbent S-SAVD problem into three sets: (1) onboard request
set @7y, (2) confirmed request set ¢k, and (3) unscheduled request set ./, i.e., #x = @ U &y U./k. Specifically, the set 7} includes the
onboard passenger requests that have already been picked up and transported by specific pre-arranged SAVs. The set #’ includes the
passenger requests that have been designated to be served by specific pre-assigned SAVs in the last rolling-horizon computation but
have not been boarded yet. They have been confirmed service and cannot change their corresponding arranged SAVs but can still be
rescheduled. The set ./ includes the passenger requests that are received within the current or the preceding time interval whose
waiting times have not yet reached their maximum confirmation duration limit, thus allowing them to be (re)arranged.

In addition to the request information, the information for each SAV h € /7, including the current vehicle location vy, arrival time
at the current location y, set of pre-assigned onboard and confirmed requests .7, and corresponding scheduled partial route in-
formation Oy j consisting of a series of sequential pick-up and drop-off locations for requests in .%% », is another important input to the
incumbent S-SAVD sub-problem. Specifically, according to the SAV dispatching solution in iteration (k — 1), each vehicle might be in
the course of being relocated to serve another passenger request, under the service of a trip with the solo request or pooled requests, or
in the idle state at the end of the optimization run period for the incumbent S-SAVD sub-problem, i.e., time instant t; + 4. Considering
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the central-controlled characteristic of SAVs in the SAM services, we assume that a vehicle can be flexibly diverted to serve another
passenger request if the vehicle either during the relocation operation to another passenger request or under the service for a request/
pooled requests, i.e., with onboard passengers, by the time t; +4 as long as the number of accumulated pooled strangers for each
concerned request does not exceed the pre-defined limit while the vehicle capacity constraint is respected. It worth noting that
although SAVs may flexibly accommodate additional requests after assignment, the hard constraint on the latest pickup time and
confirmation mechanism ensures that passengers will not suffer excessive or unreasonably long waits, thus balancing system flexibility
and user expectations. The future dispatching plans of each SAV should consider the previous schedules related to the fixed
arrangement of its onboard requests and confirmed requests. Therefore, once a solution to the S-SAVD subproblem in iteration (k — 1)
is obtained and implemented at the time instant t; + 4, the current vehicle location vy, arrival time at the current location t;,, previously
arranged request .’ , as well as the corresponding scheduled partial route information ®yj for the S-SAVD subproblem in iteration k
will be known. In particular, for the first optimization run, the information of each SAV h € 7 will be initialized as v, = vg, th =ty +
A, J’o_’h =@ and @0‘]1 =0

Given the information of the involved passenger requests .77, and the current state of each SAV h € /7, the S-SAVD subproblem will
be solved to determine the routing plans of SAVs in /7 to serve the request/request pairs in .%; so as to maximize the total profit of the
SAM service operator over the current planning horizon. Each S-SAVD subproblem will be solved to guide the vehicle dispatching
solutions update in response to incoming passenger requests during the period (t;_1, t]. More and more passenger requests will be
finalized to be served or expired without service as the operational horizon rolls forward. The real-time response to the newly arrived
passenger requests can be realized by the short rolling time step At in the proposed dynamic vehicle dispatching rolling horizon
framework.

3.2. S-SAVD subproblem model

According to the dynamic vehicle dispatching framework, the key is to efficiently address the S-SAVD subproblem. In this section,
we formulated an MIP model for the S-SAVD subproblem to maximize the system profit while respecting the constraints on the time
window, SAV capacity, maximum ride-pooling stranger number and passenger satisfaction. Consider the incumbent S-SAVD problem
in iteration k with input of active passenger requests %y = @y U &x U./ and current information of SAVs 7. For model building, we
define a directed network & = (77, &), where 7 is the set of nodes and & is the set of edges. Considering the different types of sets of
requests, the set 7 is partitionedas 7" = 7'©1 U 7’6, U 763U 7'64. 7761 is the subset of nodes of the current vehicle locations,
where v, € 7°9; denotes the node associated with the location of SAV h. 776, is the subset of the nodes denoting the drop-off lo-
cations of requests in set 7. 763 is the subset of the nodes denoting the pick-up locations of requests in sets #x and ./%. 764 is the
subset of the nodes denoting the drop-off locations of requests in sets ¢ and ./’%. Set 7" for all nodes will vary over time and have
updated before the incumbent optimization invoking time t,. Note that v? and v denote the pick-up and drop-off node (index) of
passenger request r. Each edge (i,j) € & is associated with a travel time 7z; and incurred travel cost ;. For each request r € .%¢y, in
addition to the request announcement time ¢, latest pick-up time tﬁp , latest drop-off time 4, passenger number w;, revenue of pooling
G, and without pooling G, let g, denote the recorded number of strangers that have previously shared with request r known by the
time t; + A. Specifically, qr >0,Vre @ and q, =0, Vr € ¢, U./%. Additionally, for each request r € @y, let h, denote the SAV that is
pre-arranged to the request r, ¢, denote the recorded (ride-pooling) duration (with other requests onboard) of the implemented
(shared) trip up to the time & +1 and t. denote the past pick-up time instant in the (shared) trip. Note that confirmed and unscheduled
requests have not been picked up by any vehicle and have no previously implemented pooling arrangement information.

We define binary decision variable x{j" to denote whether request r travers on edge (i,j) onboard vehicle h; binary decision variable
yg- to denote whether the vehicle h travers on edge (i,j); binary decision variable d,;, to denote whether request r is picked up by vehicle
h; binary decision variable 2z, to denote whether request r is pooled with any other request during its trip; non-negative variable g, to
denote the number of strangers in the shared trip of request r (obtained in the incumbent subproblem); binary decision variable 1, to
denote whether request r shares a ride with requests 7 on vehicle h and this encounter is counted as new stranger request in this
subproblem optimization epoch (i.e., it has not occurred in any earlier epoch); and non-negative variable uy; to denote the time at
which vehicle h reaches node i. Then the S-SAVD subproblem can be formulated as the following mixed-integer programming model:

[S-SAVD]

max NGz + Gdn(1-2)) =Y Y > Ki¥) o

ey dzauyf =5 o2 herie 7 je 7
subject to
x;’;: j=1vre oy @
jer
> X =1,vre &, €)
jer
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X €{0,1}, y5 € {0,1}, d € {0,1}, 2, € {0,1}, ¢ > O,u > 0, Vi,j € 7',r € Fr,he 7 (24)
P € 10,1}, Vr € g, v #+ #\{r},he 7 (25)

The objective function (1) is formulated to maximize the total profit of the SAM service, calculated as the total revenue of the involved
requests minus the operating costs of the SAV fleet. Constraint (2) ensures that onboard requests in set carried by the corresponding
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pre-arranged SAVs leave their current locations. Constraint (3) guarantees that all confirmed requests in are picked up from their pick-
up locations by their pre-arranged SAVs. Constraint (4) ensures that both onboard and confirmed requests in are delivered to their
designated drop-off locations by their pre-arranged SAVs. Constraints (5) and (6) guarantee that once an unscheduled request is
assigned to a specific SAV, it will be picked up from the designated pick-up location and finally transported to the drop-off location.
Constraint (7) expresses the flow balance indicating that each request entering the node (other than its pick-up/currently boarded
vehicle location and drop-off location) will always leave from the same node.

We further introduce a known carry-over indicator at the beginning of each epoch , i.e., binary variable and means request has
already encountered another request in an eaelier epoch (hence, should not be counted again as a “new stranger” for in epoch).
Therefore, Constraint (8) ensures that if shares with the same as in the previous time step (so), then and this co-rider contributes zero to
the new stranger count in the current epoch. Constraint (9) links the shared-arc measure, i.e., sharing occurs, to the counting indicator,
where is a valid upper bound (e.g., or the maximum number of arcs in a feasible route). Constraint (10) imposes the limit of the
maximum ride-pooling stranger number for each request. In addition, the update of the carry-over indicator after the epoch is, which is
used for the input for the next epoch . Constraints (11) and (12) ensure the satisfaction threshold of pooled request in their shared trips
are not exceeded. Constraint (13) guarantees that the number of passengers carried by each SAV remains within the vehicle capacity
limit. Constraint (14) ensures that each request is accommodated in a pooled trip sharing with at least one stranger. Constraint (15)
means no unscheduled request may be served by more than one SAV. Constraints (16) and (17) guarantee that an SAV cannot
simultaneously arrive at a node from multiple sources or depart from a single source to multiple nodes. Constraint (18) guarantees that
each SAV will either traverse the node (i.e.,) or end its trip at the drop-off node (i.e.,) after starting from the current location. Constraint
(19) guarantees that each SAV can only leave from its current location without revisiting any current locations of all the vehicles.
Constraint (20) ensures that only one SAV is permitted to depart from any existing vehicle location within set . Constraint (21) defines
the time instant of each SAV visiting each node, where denotes a sufficiently large value. Time window conditions for each request are
specified in Constraints (22) and (23). Constraint (24) and Constraint (25) defines the feasible domain of each variable.

4. Solution method

As discussed, we can easily obtain the overall dynamic vehicle dispatching solutions if we can address each static subproblem
periodically. Thus, we will not detail the derivation of the dynamic solution based on continuously updated static vehicle dispatching
plans. To efficiently solve the [S-SAVD] model, we develop a customized hybrid algorithm, referred to as the ARA-LNS, which in-
tegrates an ARA scheme into the LNS heuristic framework. The LNS, widely utilized in many vehicle routing problems including
variants like DARP, iteratively improves a solution by destroying and repairing the current one by exploring a large solution space
through removal and insertion operators. Despite its efficacy for vehicle routing-related problems, it is still not very efficient to directly
use the LNS for solving the multiple-vehicle dispatching problem that requires high computational speed considering the real-time
context and large problem scale. To this end, we extend the traditional LNS algorithm by incorporating an ARA scheme to decom-
pose the optimization of the multiple-SAV dispatching problem into several single-SAV dispatching problems. The LNS aims to
effectively identify the optimal routing solution for each SAV. The embedded ARA scheme involves the selection and application of
various assignment operators to assign passenger requests to suitable SAVs, thus filtering the requests to be scheduled for each SAV. In
particular, the selection probabilities of assignment operators will be updated adaptively based on the solution’s past performance.
This assignment-based request mechanism not only efficiently guides the search for the optimal solution within the solution space but
also enables parallel optimization for single-SAV dispatching problems, thus accelerating the overall optimization process.

4.1. ARA-LNS algorithm structure

Given the current request and SAV information, the ARA-LNS algorithm begins by constructing initial routing solutions to
accommodate unscheduled requests based on the previously scheduled partial routes (for onboard and confirmed requests) of each
SAV. In each iteration, the LNS heuristic is employed to improve the current routing solution of each SAV individually by using
removal and insertion operators. During the search process, if the total objective of the single SAV dispatching solutions has not
improved for a certain number of iterations during the search process, the ARA scheme will be invoked to execute the reassignment
process for all removed requests by selecting and applying different assignment operators. Subsequently, each SAV routing solution
will be improved based on the newly assigned request set until the assignment scheme is called again. The newly generated SAV
routing solutions will be evaluated to be potentially accepted as the incumbent solution and optimal solution. Furthermore, the
performance of these SAV routing solutions will also provide feedback to adaptively adjust the selection probability of assignment
operators in the ARA scheme. This iterative procedure will continue until a specific stop criterion is reached.

The pseudocode of the proposed ARA-LNS algorithm is outlined in Algorithm 1. Before initialization, the potentially available
SAVs for each unscheduled request ./ are filtered based on the current vehicle information in set /7". We suppose that all SAVs can
divert to directly serve unscheduled requests. For each unscheduled request, the pick-up time window requirement will be verified for
all SAVs, disregarding other constraints, to roughly filter out the impossible vehicle arrangements. This process generates the possible
request-SAV mapping Q to define the assignment of each request to possible SAVs (see Line 1). Essentially, this mapping context
reflects that each unscheduled request may have multiple vehicle choices to be arranged, which will set the foundation for the sub-
sequent request assignment procedures. Then, the algorithm generates the initial solution s, based on our proposed assignment op-
erators and greedy insertion heuristic, which is described in detail in Subsection 4.2. For ease of presentation, the solution sy is defined
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to be composed of s} © , Vh € %, where the superscript h is added in the notation to denote the single-SAV solution. The incumbent
solution s"© and optimal solution SZ@ for each SAV are initialized to be the initial solution sg &, and the corresponding solutions for all
SAVs, i.e., s and sp, can be obtained accordingly (see Lines 2-3). We will also initialize the selection probability of the assignment
operators denoted by ./. Meanwhile, both the iteration number counter, denoted by N, and the counter of the total number of
consecutive iterations that an assignment operator does not achieve a better solution, denoted by u, are initialized to be O (see Line 4).

Algorithm 1. Pseudocode of the ARA-LNS algorithm.
Input: Active request set R, =0, UC, UN, , vehicle set H(vh,th,Sk’h,G)k,h)
Output: Optimal SAV dispatching solution s,

1 Filter possible request-SAV mapping Q;
2 Initialize s, composed of s, 5" <= s, s} < s, ;

3 s« {sh }h R {s,f}h 2o // initialize the incumbent and best solution
4 N <0, 1<« 0, initialize selection probability of assignment operators A ;
5  While = ( N=N_, V elapsed CPU time exceeds U, ) do
6 For ecach 7 e ’H do
7 s" < Removal(s") and put removed requests into M,;
8 EndFor
9 If x> u,, . then// whether re-assign the request
10 Mix the removed requests M <«— {./\/lh }heH , H<0;
h .

1 (M), ARA(A,M,{sd}heH),
12 If the end of every ¢ times of assignment, then // assignment segment
13 | A « PrbUpd(A) and initialize scores;
14 EndIf
15 EndIf
16 For each 7eH do
17 s" « Insertion(s", M,) ; // obtain (repaired) new solution;
18 EndFor
19 s« {s”'} :

heH
20 If s improves upon s, then
21 ‘ M pu+l1;
22 EndIf
23 If Acplem(s',s) is true, then
24 ‘ s<s;
25 EndIf
26 If Achpl(s',sb) is true, then
27 S, s
28 EndIf
29 A < SerUpd(A); // Update scores of the selected assignment operator;
30 N« N+1;

31 EndWhile

After initialization, the algorithm loop is launched to iteratively improve the incumbent solution for each SAV by implementing the
ARA-embedded LNS (see Lines 5-31). The removal operator is used to the incumbent solution for each SAV h to generate a destroyed
solution s% and the removed requests are stored in set.# (see Lines 6-8). When the non-improvement counter  is larger than the
maximum number of consecutive attempts ..., the request reassignment process of the ARA scheme will be triggered (see Lines
9-15), which is detailed in Subsection 4.3. This assignment process operates on the mixed removed requests in set .# using five

10
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assignment operators ./ to update the request bank ./, for each h € /7 and the non-improvement counter y is reset to 0. (see Lines
10-11). Additionally, PrbUpd( e ) is the subfunction used to update the selection probability of assignment operators based on their
historical performance after the ARA scheme has been called for ¢ times (see Line 13). Then the insertion operator will be used to select
the requests in.#} for each SAV h and insert them into its previously destroyed solution, thus obtaining the new solution s' composed of
s ©,Vh € 7 (see Lines 16-19). If the solution fails to find a better solution in the incumbent iteration, the non-improvement counter u
will be incremented by 1 (see Lines 20-22).

As for the solution evaluation, two evaluation subfunctions AcpIcm( e ) and AcpOpt( e ) are used to determine whether to accept the
new solution as the incumbent solution and optimal solution respectively (see Lines 23-28). The subfunctions will return ‘true’ if
specific criteria are satisfied. The subfunction Acplcm( e ) is defined to be the simulated annealing accept criterion, which accepts a

solution s" © given the incumbent solution s"© with probability exp { - (fpmﬁt (8"0) = foropie(s" © )) / f} , where fyro:( @ ) denotes the

objective value for the particular solution, obtained from the objective function expressed by Eq. (1), and £ > 0 is the temperature. The
initial temperature is determined based on the method proposed by Ropke and Pisinger (2006) and the temperature will be iteratively
decreased within the simulated annealing process based on a cooling rate 0 < v < 1 such that #«<v¢. The subfunction AcpOpt( e ) is
defined to accept the new solution as the optimal one if it is better than the optimal one, i.e., forofic (sh’) > forofit (sfj ©). ScrUpd( e ) is the
subfunction used to update the score of the currently selected assignment operator based on the newly generated solution (see Line 29).
The iteration number N is increased by one at the end of each loop (see Line 30). The loop terminates when it either reaches the
maximum iteration count, denoted by Np,ax, or exceeds the CPU time threshold, represented by Upax (see Line 5).

In what follows, we will elaborate on the SAV dispatching routing plan generation and the design of the ARA scheme in Subsections
4.2 and 4.3. respectively.

4.2. SAV dispatching plan generation

Initial solution

We will use our proposed adaptive assignment operators and a simple greedy heuristic to construct an initial solution based on the
partial routes of all SAVs. To construct the initial solution in a fast way, we will first use each assignment operator (which will be
elaborated in detail in Subsection 4.3) to allocate unscheduled requests among SAVs. Then, for each assignment operator, we will
construct the initial solution for each vehicle individually based on its partial route. Since LNS is not highly sensitive to the initial
solution, we use a simple greedy insertion heuristic to generate the initial routing solution for each SAV. Specifically, the assigned
unscheduled requests are sorted in the ascending order of their latest pick-up time and are inserted in the current constructed route of
the corresponding vehicle according to this order. Each request will be inserted into the position that brings the maximum profit
improvement under all the constraints stated in Section 4. For example, the scheduled partial route solution of an SAV h € 7 is

represented as O, : = (vd vi e

o vf3 ) , indicating the sequence of pick-up and drop-off nodes of the pre-assigned onboard requests ry,

ry € Y and confirmed request rs € . ». For the assigned unscheduled r4, we try to insert the vy, and v‘f4 in all possible positions that

do not change the current ordering, i.e., (v" yd yd pd o gd ), (va v pd pd g0 gd ), .... The profit improvement of each feasible

T4’ 'Tq? 'T10 T2 Tr3’ 3 T1? 'rq? "T2? Tr30 T3
insertion can be computed and the insertion that yields the highest profit improvement will be selected.

Removal and insertion procedure

In each search iteration, the removal and insertion operators in the LNS heuristic will be applied to generate a new routing solution
in the neighborhood of the incumbent solution for each SAV h € /7. The removal operator randomly selects and removes the m
percentage of requests from the current routing solution to diversify the search. In order to ensure the service of the pre-arranged
onboard and confirmed requests, we have .7, € .#}. In other words, these removed requests, which are grouped into set .#}, only
comprising unscheduled requests in. /", and become candidates to be selected and reinserted into the destroyed solution. We employ a
greedy insertion operator to construct a new routing plan for SAV h based on the destroyed solution. This operator performs iteratively
to insert one candidate request from the removed request set.#, at a time to repair the destroyed solution. Each request is associated
with a best insertion position in the current repaired routing solution, in which this insertion in the route brings the maximum profit
improvement while ensuring the feasibility of the solution. In each iteration, the request with the highest profit improvement will be
chosen and inserted in the route at its best insertion position. This process repeats until all requests are considered. Note that if the best
insertion position for a request results in a profit decrease, the request will be removed completely, indicating that the service of this
request will be rejected to make the service profitable.

Our proposed insertion heuristic will be implemented by additionally checking the feasibility of the ride-pooling arrangement. For
example, let us consider the insertion of a request r € .#}, into a partially constructed routing solution Y. Intuitively, we will check all
the possible insertion positions for both pick-up and drop-off nodes of request r, iterating from the first position till the last one in the
possible insertion position sequence. For a specific pick-up node insertion position, we will first examine whether inserting this drop-
off node insertion would exceed the ride-pooling stranger number constraint for all potentially influenced requests or vehicle capacity
constraints. If either constraint is violated, the checking process for the following drop-off node insertion positions can be stopped, as
all the subsequent drop-off node insertion positions will definitely lead to violations. If no violations occur, we will proceed to assess
the feasibility of time windows and check the passenger satisfaction with the proposed insertion.

Following the above idea, the procedure of inserting the candidate request r € .#), into the partial routing solution Y with ride-
pooling feasibility checking is outlined in Algorithm 2. For ease of presentation, let I denote the last possible insertion position for

11



J. Huang and M. Xu Transportation Research Part E 210 (2026) 104802

evaluating the insertion of the pick-up node of request r and let @, denote the set of previously shared requests of request r. For each
combination of the potential insertion positions, i.e., i and j, of the pick-up node and drop-off node, a new solution Y is generated and
the corresponding profit improvement AfY is initialized to —oo (see Lines 1-6). The potentially affected sequence partial route Tij will
be identified to check the feasibility of capacity and ride-pooling stranger number constraints (see Lines 7-17). If the time window and
passenger satisfaction constraints are not violated, the profit improvement Af? for this insertion will be updated. The insertion position
(i*,j*) that yields the highest profit improvement Af7 s selected to insert request r into Y, thus generating new partial solution Y

regarding the accumulated pooled duration ¢, and pick-up time t. of the previously unfinished pooled trip in the satisfaction calcu-
lation for onboard requests.

Algorithm 2 . Insertion algorithm with ride-pooling feasibility check.
1 Forie{l?2,...,1I} do

2 Insert v/ to Y in positions i and generate Y ;

3 If time window constraint is violated for v/, then

4 | Break;

5 EndIf

6 For je{i+1,i+2,..,I+1} do

7 Insert v/ to Y. in positions j and generate Y’ ; Af’ < —o0;

8 Y7« (v;’ yeres vj’) ; // potentially affected node sequence

9 For v in Y/ do

10 If capacity constraint at node v is not respected, then

11 | Break;

12 EndIf

13 Set r, as the associated request of node v; Q,U <« Qr ;

14 Add 7, in @ if , isnotin Q7 ;

15 If ‘Q;7|>Q,then

16 ‘ Break;

17 EndIf

18 EndFor

19 If Y/ is feasible for time window and passenger satisfaction constraints, then
ij i

20 ‘ A/;J <« fproﬁt (Yr ) _fproﬁt (Y)

21 EndIf

22 EndFor

23 EndFor

24 (i",j") < argmax {Aff} ; // best insertion position

i€{l,2,...I}, jeli+1,i+2,...[+1}

25 Return Y7, Af77

12
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4.3. Adaptive request assignment scheme

As we have mentioned earlier, the adaptive request assignment scheme will be invoked when no further improvement of the total
profit of all SAVs’ routing solutions can be achieved for a certain number of iterations. Different assignment operators will be selected
according to their respective selection probabilities and then utilized for allocating each unscheduled request to an SAV. Note that the
selected SAV for a request must be among the filtered possible SAVs assigned to this request, as indicated in the mapping context.

Assignment operators

Five assignment operators will be proposed to determine the suitable assignment of each unscheduled request in the set of mixed
removed requests ./ to a specific vehicle. These operators will define different measures for assignment and the request bank of each
vehicle, i.e., .#p, Y& € 7, will be updated after checking all unscheduled requests using the assignment operator.

Al (random assignment): This operator randomly assigns each request to an SAV to improve the diversification of the search.

A2 (distance assignment): This operator aims to assign each unscheduled request to the nearest SAV. A distance level is defined to
measure the spatial closeness between a request and an SAV by calculating the distance between the current location of an SAV and the
origin of the concerned request. For each request, this distance criterion will be used to obtain the distance level of all SAVs. The SAV
with the lowest distance level will be chosen to determine the assignment of this request.

A3 (violation assignment): This operator is designed to assign each unscheduled request based on the overlapping length of pick-
up time windows among all the requests pre-assigned to the SAV. A violation level is introduced to measure the average overlap
between the concerned request and all other requests assigned to an SAV. A smaller overlapping length between the time windows of
requests suggests a higher potential for inserting this request into the route (possibly facilitating ride-pooling with other requests)
while avoiding time infeasibilities and improving the routing solutions for vehicles. The violation level of a request r to another request
r concerning the overlap of the pick-up time window is calculated as

_ max{0, min{t?, ¥} — max{t. ¢} }

or (26)
The violation level of assigning a request r to the SAV h can be calculated as
.= 0T
:h:z:re/,, r( ) 27)

where .7, denotes the currently assigned requests to the SAV h excluding the onboard requests. Each request will be assigned to the
vehicle with the minimum violation level. Note that if there is currently no assigned request to the vehicle, the violation level is set to 0.

A4 (matching assignment): Inspired by the study of Hou et al. (2018), this operator aims to assign an unscheduled request to an
SAV by evaluating the matching level among its pre-assigned requests. We first define the two-request matching level measurement as

™ Tmin ("’)
where Tpin (1) denotes the feasible trip minimum travel distance among all the feasible trips that connect the pick-up and drop-off
nodes of two requests under the time window and customers’ satisfaction constraints (if any). It can be seen that 6. can measure
the rerouting change that should be made when inserting the request ' into the existing route with request r already arranged. If no
feasible trip can be found, the value of the matching level will be set to 0.
The two-request matching measurement can be extended to evaluate the matching level of assigning an unscheduled request r to an
SAV h, denoted by &7,. It is determined by the average matching level with all assigned requests to the concerned vehicle and expressed
as follows:

Zr'e Tn 62

o —

T

(29

where .7, denotes the currently assigned requests for SAV h. Each request will be assigned to the vehicle with the maximum matching
level. Note that although this operator only measures the two-request pooling trips for matching level evaluation, it is expected that
this matching-level-oriented assignment still finds out requests for each SAV that have the potential to accept more shared requests
during their trips and sets the foundation for generating better routing solutions.

A5 (observation-based assignment): This operator aims to assign each unscheduled request to an SAV based on historical
experience gained from the previous performance of the algorithm. Specifically, for every request assigned to an SAV, the operator

keeps track of a limited collection of objective values over the latest several iterations, i.e., 7 = { f{l, ey f‘hm } The observation level of

assigning request r to an SAV h, denoted by 65, is determined by the average observed value of the profit set across all |.7| iterations
and is calculated as:

13
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i
O = AR (30)

where the recorded |7 is set to be not exceeding a maximum number of recorded iterations | 7| max. Each request will be assigned to
the vehicle with the minimum observation level.

Adaptive strategy design

Drawing inspiration from the Pisinger and Ropke (2007) where different operators are used with a frequency corresponding to their
historic performance based on the roulette wheel selection principle, we introduce a similar adaptive mechanism for selecting the
assignment operator in our proposed request assignment scheme. Specifically, we define a segment for the request assignment process
that consists of ¢ times of assignments that are independent of the overall algorithm iteration number. Each assignment operator is
associated with an iteration-specific score and a segment-specific weight. The score is iteratively updated to measure the recent
performance of the selected assignment operator. A higher score indicates a successful assignment achieved by the corresponding
operator. At the end of an assignment segment, the weight of the operators will be updated based on the cumulative score within this
segment, thus updating the selection probability of a particular assignment operator. Let 7, denote the recorded score of assignment
operator a € ./ at last assignment in a specific segment (at the iteration when the corresponding non-improvement counter u reaches
Hmax) and @, denote the weight of the operator in this segment. Then the weight of the assignment operator a for the next segment can
be updated according to the following expression:

Tq
Wy = (1 — l[/)wa +l//z—ﬂ_ (31)
ac./’ta

where y reflects the importance of historical information on the algorithm performance. The assignment operator selection probability
is computed by Z’”“ —, derived from the roulette wheel selection method proposed in Prins (2004). Note that all the assignment

operators are equally weighted in the first assignment segment.

The score of the selected assignment operator is incremented based on the newly generated solutions in each iteration. At the
beginning of each assignment segment, the scores of all operators are initialized to zero. The update implementation of the score 7, for
the selected operator a € ./ varies in each iteration, depending on different increment levels, i.e., 61, 02, 03 and o4, associated with the
newly generated solutions as follows:

7a<7nq + 01: The newly generated solution is accepted as the new global optimum.

Tqa<7q + 02: The newly generated solution is accepted and better than the incumbent one but worse than the optimal one.
nq<nq + 03: The newly generated solution is accepted and worse than the incumbent one.

Tq<7q + 04: The newly generated solution is rejected.

5. Numerical experiments

This section presents the results of extensive numerical experiments conducted on randomly generated instances. First, we will
introduce the test instance generation and experimental settings. Second, we will evaluate the efficacy of the proposed solution method
by conducting a comparative analysis with a benchmark approach. Finally, we will explore the potential benefits of the SAM service
and analyze the effects of the flexibility in time windows of passenger requests on the system performance. The solution algorithm is
coded with Python on a personal computer with Intel (R) Core (TM) i7, 2.80 GHz CPU, 16.0 GB RAM.

5.1. Instance generation and parameter settings

Due to the absence of benchmark instances for SAM services in the previous research, instances used for our numerical experiments
will be randomly generated. Considering that our proposed problem falls under the variant of dynamic DARP, the generation of
random instances in this study is inspired by the benchmark data of DARP proposed by Cordeau (2006). Assuming that all the instances
are created within a 20 km x 20 km square service area. The pick-up and drop-off locations of |#| passenger requests, i.e., v* and v4,
Vr € %, and the initial locations of |.7| SAVs, i.e., 2, Vh € 7%, are randomly generated in this square region following the uniform
distribution. The Euclidean distance is used to calculate the distance between two locations. It is assumed that the average travel speed
for each SAV is V = 40 km/hr, and each standard SAV is designed to comfortably accommodate up to four passengers, i.e., W, = 4.
These operational paramters are widely adopted simplifying assumptions in large-scale simulation/algorithmic evaluations to keep
instances controlled and comparable (Santi et al., 2014; Alonso-Mora et al., 2017; Narayanan et al., 2020). Let dis(i,j) denote the
distance from location i to j. Then the travel time between the pick-up location and drop-off location of request r can be calculated as
7; = dis(i,j)/V. Travel time from the pick-up to the drop-off location of request r can be computed by 7; = dis(i,j)/V. Considering the
per-unit traveling distance operating cost of SAVs at $0.2/km (Fagnant and Kockelman, 2018; Johnson and Walker, 2016; Stephens
et al., 2016), travel cost from i to j can be determined by x; = 0.2 - dis(i,j). As for the planning horizon, two different scenarios are
considered and designed to capture distinct commuter travel patterns: a peak-hour operational period and a full-day operational
period. For the peak-hour scenario, the planning horizon is set to 3 h, representing typical busy periods during the operational day,
such as the morning rush from 7:00 a.m. to 10:00 a.m. and the afternoon rush from 4:00p.m. to 7:00p.m. When measured in minutes,
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this planning horizon is defined as [0,180]. For each passenger request r € .%, the earliest pick-up time, i.e., t/, is generated randomly,
with a 25% chance of falling within the interval [0,60), a 50% probability of being within [60,120], and a 25% likelihood from the
interval (120,180]. In addition to the peak-hour scenario, a full-day planning horizon is considered to simulate travel patterns
throughout an entire operational day, including both peak and off-peak periods. This full-day horizon spans 12 h, represented as
[0,720]. For this instance, the earliest pick-up times are generated with a similar probabilistic distribution: 25% of requests fall within
the interval [0,120] (morning peak), 50% within [120,600] (off-peak period), and the remaining 25% within [600,720] (evening
peak).

In addition, the maximum confirmation duration &, is set to 10 min. The corresponding latest pick-up time of the request r is ti" =
tl + y(r), where y(r) denotes a flexibility time that is drawn from a uniform distribution u(5, 30). The latest arrival time is determined by
considering the latest pick-up time, i.e., ¢ = L 7,0,¢- Note that we treat t44 (and the derived t?) as operational time windows used for
routing feasibility in SAV dispatch, rather than as deterministic passenger cancellation thresholds. Actually, it refers to a tolerance
(slack) parameter for in-vehicle delay / detour (and/or total trip time), not a waiting deadline. We consider single-passenger and two-
passenger requests in our experiments, indicating that w, is randomly set to 1 or 2. The maximum number of ride-pooling strangers is
defined to align with the typical scenario of pooling two orders, as commonly observed in current ride-sourcing services, i.e., Q = 2.
We assume that the SAM service operator charges each request based on the direct travel distance between its origin and destination,
excluding any detours due to sharing. Based on the previous literature on the pricing and cost parameters commonly assumed in the
exsiting shared-mobility/ride-sourcing literature (Bosch et al., 2018; Hazan et al., 2016; Litman, 2017; Bimpikis et al., 2019), the unit
service charge for the solo-ride trip is give at $1/km, and the service charge of the request in a solo-ride trip is calculated by G, =
1-dis (v‘,’,vf) . We further define that the request pooled with others enjoys a 10% discount rate, i.e., v = 0.1, and therefore, the service

charge of the request in a pooled-ride trip is G, =0.9-G,. Additionally, based on some behavioral-related literatures (U.S. Department
of Transportation, 2025; Tirachini, 2020), the VOT of each request, i.e., p,, will be chosen at random from set {0.1, 0.2, 0.3, ...,1}.
Similarly, the privacy-sensitivity of each request, e.g., g, is determined by randomly selecting an integer from set {1, 2, 3, 4, 5}, with
each value of sensitivity level having an equal probability of being chosen. Without loss of generality, the multivariate satisfaction
function is represented as (Finn, 2011; Fang et al., 2021; Lavieri and Bhat, 2019; Naumov and Keith, 2023; Xu, 2025):

S ooy, VP 8/5%G/Q (G/Cna)”  (Er/Ema)’
Fr(thngn qr-,<r7§r) - l_g_g_ 5 - 5 - 5 (32)

where Cpax and Emax denote the upper limits for ride-pooling duration and extra travel time of request r respectively, and both are set to
30 min. The minimum passenger satisfaction value F is set to 0.6.

Regarding the rolling horizon framework, the predefined increment time between two consecutive decision time instant and the
computational time for each static subproblem, i.e., At and 4, are set to 120 s and 15 s, respectively. As for the algorithm-related
parameters, they were determined via a pilot tuning process on representative instances based on standard metaheuristic practices
and fixed for all experiments (Pisinger and Ropke, 2018; Ropke and Pisinger, 2006; Vidal et al., 2014). Specifically, the percentage of
requests to be removed in the neighborhood search is set to 25%. The parameters of the score increment, i.e., 01, 62, 03 and o4, are set to
6, 4, 1 and 0.2. The simulated annealing accept criterion parameter v is set to 0.9954. The segment size and assignment frequency
parameters of the ARA method, i.e., ¢ and y,,,, are set to 5 and 5, respectively. The parameter |.7'| max in assignment operator A5 is set
to 10. The stopping criteria of the ARA-LNS algorithm are set to Npax = 300 and Upax = 15 s.

Table 1
Comparison of the proposed solution method and the benchmark method for peak-hour instances.
#SAV #Request Benchmark method Our method Comparison
Obj #SR Obj #SR Diff Obj Diff #SR

AbsGap RelGap AbsGap RelGap
25 150 834.9 117.2 915.6 124.2 80.7 9.7% 7.0 6.0%
25 180 936.9 134.0 1028.5 141.6 91.6 9.8% 7.6 5.7%
25 210 1032.2 146.0 1155.6 154.2 123.4 12.0% 8.2 5.6%
25 240 1095.1 160.2 1229.5 168.3 134.4 12.3% 8.1 5.1%
25 270 1147.6 166.8 1298.3 175.4 150.7 13.1% 8.6 5.2%
Avg. 1009.3 144.8 1125.5 152.7 116.1 11.4% 7.9 5.5%
40 150 932.9 132.3 1034.4 140.6 101.5 10.9% 8.3 6.3%
40 180 1069.9 152.9 1223.8 164.2 153.9 14.4% 11.3 7.4%
40 210 1217.4 176.8 1420.9 188.9 203.5 16.7% 12.1 6.8%
40 240 1324.6 186.9 1543.3 202.4 218.7 16.5% 15.5 8.3%
40 270 1440.7 204.5 1708.6 226.8 267.9 18.6% 22.3 10.9%
Avg. 1197.1 170.7 1386.2 184.6 189.1 15.4% 13.9 7.9%
55 150 1015.8 138.8 1165.1 149.6 149.4 14.7% 10.8 7.8%
55 180 1122.0 160.6 1320.6 176.4 198.6 17.7% 15.8 9.8%
55 210 1314.9 180.4 1543.0 198.2 228.1 17.3% 17.8 9.9%
55 240 1461.9 203.4 1737.1 223.8 275.3 18.8% 20.4 10.0%
55 270 1554.0 217.2 1865.9 246.4 311.8 20.1% 29.2 13.4%
Avg. 1293.7 180.1 1526.3 198.9 232.6 17.7% 18.8 10.2%
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Unless stated otherwise, all the above parameters will remain unchanged throughout the numerical experiments.

5.2. Comparison with the benchmark approach

To evaluate the overall performance of the proposed algorithm in terms of the solution quality, we compare the results obtained by
our proposed algorithm against the results of the benchmark method that follows the same rolling horizon framework proposed in
section 3 but employs a different algorithm to solve the static subproblem for each rolling-horizon computation. Specifically, it
constructs the initial solution for all vehicles based on their partial solutions by employing the insertion heuristic proposed in the study
of Potvin and Rousseau (1993). Then, the LNS algorithm, utilizing the same removal and insertion operators as our proposed method,
is directly implemented on all vehicle routes to explore improved routing solutions, disregarding the adaptive assignment procedures.
Since the fleet size and the number of passenger request arrivals are expected to influence the computational efficiency of the solution
method, we consider a total of 15 scenarios with different numbers of SAVs and numbers of passenger request combinations, i.e.,
|7| €{30, 45, 60} and |%#| €{150, 180, 210, 240, 270}. Given the specific SAV fleet size and request number combination, 10 test
instances are randomly generated with the aforementioned parameters and the average results are reported. As such, a total of 150
instances will be used to assess the proposed solution method. Similarly, we also investigate larger full-day instances, where the
number of passenger requests is set to {520, 640, 760, 880, 1000}, to evaluate the performance of the solution method under more
extensive demand scenarios.

Table 1 presents a comparison of the performance between the proposed solution method and the benchmark method for various
instances, differentiated by varying number of SAV (#SAV) and number of requests (#Request) combinations. For both approaches, we
report the system profitability (Obj) and the number of served requests (#SR). We also represent the difference, i.e., the absolution gap
(AbsGap) and the relative gap in percentage (RelGap), in terms of the objective value (Diff Obj) and the number of served requests
(Diff #SR) between the proposed solution method and the benchmark approach to have a more intuitive comparison. For the peak-
hour instances in Table 1, the proposed solution method consistently outperforms the benchmark approach across all scenarios,
achieving higher profitability and serving more requests. The absolute differences in objective value range from 80.7 to 232.6, while
the number of served requests improves by up to 18.8. This indicates that the proposed method with the well-designed adaptive
assignment procedure can bring about apparent advantages over the benchmark approach. Furthermore, the performance gap be-
comes more significant as the fleet size increases. For instances with 30 SAVs, the average improvements in objective value and served
requests are 116.1 and 7.9, respectively. However, for instances with 60 SAVs, these averages rise significantly to 232.6 and 18.8. This
observation also holds for their relative gaps. For instances with 60 SAVs, the average relative gaps in objective value and served
request number reach as high as 17.7% and 10.2%, respectively, whereas for instances with 30 SAVs, these values are only 11.4% and
5.5%. That is to say, the performance improvement between the proposed solution method and the benchmark method becomes more
apparent, on average, under the scenarios with a larger number of vehicles. This suggests that our proposed request assignment
strategy integrated into the search process can notably achieve improvements in solution quality, especially for instance involving a
larger fleet size. The primary reason is that the adaptive pre-assignment procedure can effectively derive more feasible and potentially
profitable request-SAV assignment for each vehicle, thus more likely generating high-quality routes. Similarly, Table 2 illustrates the
superior performance of the proposed solution method for full-day instances, where the improvements are even more significant under
larger request demand. The absolute differences in objective value range from 235.8 to 1573.6, while the improvements in the number
of served requests range from 19.9 to 150.7. The relative gaps in objective value for full-day instances with 60 SAVs can reach as high
as 31.1%, highlighting the proposed method’s effectiveness in handling large-size scenarios. Overall, the results from both peak-hour

Table 2
Comparison of the proposed solution method and the benchmark method for full-day instances.
#SAV #Request Benchmark method Our method Comparison
Obj #SR Obj #SR Diff Obj Diff #SR
AbsGap RelGap AbsGap RelGap

25 520 2646.2 375.5 2882.0 395.4 235.8 8.9% 19.9 5.3%
25 640 3081.0 416.6 3512.2 442.3 431.2 14.0% 25.7 6.2%
25 760 3150.1 458.2 3675.7 495.1 525.6 16.7% 36.9 8.1%
25 880 3172.3 465.2 3776.6 507.2 604.3 19.0% 42.0 9.0%
25 1000 3265.2 488.1 3921.4 531.1 656.2 20.1% 43.0 8.8%
Avg. 3063.0 440.7 3553.6 474.2 490.6 15.7% 33.5 7.5%
40 520 3077.2 440.1 3659.7 482.3 582.5 18.9% 42.2 9.6%
40 640 3697.1 516.6 4465.1 570.9 768.0 20.8% 54.3 10.5%
40 760 3966.7 572.9 4831.1 650.1 864.4 21.8% 77.2 13.5%
40 880 4260.2 602.2 5269.7 685.2 1009.5 23.7% 83.0 13.8%
40 1000 4446.8 630.7 5416.8 725.5 970.0 21.8% 94.8 15.0%
Avg. 3889.6 552.5 4728.5 622.8 648.9 21.4% 70.3 12.5%
55 520 3265.4 446.6 3849.7 497.1 852.2 17.9% 50.5 11.3%
55 640 3735.2 526.2 4503.7 600.6 768.6 20.6% 74.4 14.1%
55 760 4202.6 597.7 5166.3 679.8 963.7 22.9% 82.1 13.7%
55 880 4943.6 688.1 6151.0 790.0 1207.4 24.4% 101.9 14.8%
55 1000 5051.9 718.1 6625.5 868.8 1573.6 31.1% 150.7 21.0%
Avg. 4239.7 595.3 5259.2 687.3 1073.1 23.4% 91.9 15.0%
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and full-day instances highlight the better performance of our proposed solution method compared to the benchmark method in
solving the RT-SAVD problem, and demonstrate the scalability and robustness of the proposed solution method.

5.3. Impact analysis

In this subsection, we will first evaluate the benefit of the SAM service by comparing it with the services without the ride-pooling
option, referred to as SAMw/oP. We will then investigate how the passengers’ flexibility time affects the performance of SAM services.

Impact of SAM service model

Considering that peak-hour scenarios are representative in capturing the key characteristics and dynamics of the system, we will
assess these random instances discussed in Subsection 6.2 for the SAM and SAMw/op services to evaluate the benefit of the ride-
pooling option. Under each combination of SAV number and request number, average results for five randomly generated instances
will be reported. To be specific, in addition to the profit and served request number, we will also evaluate the average waiting time
(AvgWat) and served request ratio (SerRat). Differences in average waiting time, profit and served request number are also reported in
terms of both absolute gap and relative gaps in percentage. Table 3 tabulated the results of the comparison of these two services.

As expected, the ride-pooling option in an SAM service can significantly improve the total profit and served request ratio for all
instances. For some instances, e.g., #SAV = 30 and #Request = 270, the total profit improvement is as high as 176.5, and the average
relative increment gap reaches up to 15.9%. Furthermore, the introduction of ride-pooling features does not affect the average pas-
senger waiting time, with a relative reduction gap approximating 7.4% on average for all instances. This results from the ride-pooling
feature, which facilitates the consolidation of multiple passengers to share the journey, effectively improving the utilization rate of
vehicles and reducing passenger waiting time. In contrast, in non-pooling services, each request needs to wait for an SAV to pick them
up, leading to a longer waiting time.

For a given SAV fleet size, the profit increment shows an increasing trend as the request number rises. For example, with 45 SAVs in
operation, the profit gaps between the two types of services are only 65.1 and 87.6 instances with 150 and 180 respectively, while the
gap becomes 150.1 when number of requests reaches up to 270. Additionally, larger instances generally exhibit a greater relative profit
gap compared to smaller ones, which can be explained by the higher revenue generated from serving more requests. These findings
suggest that SAM services tend to be more beneficial for larger instances. Another interesting finding is that the profit increment in
SAM services decreases as the number of vehicles grows. This observation is also evident in the relative gap in profit for most instances.
It suggests that even without ride-pooling options, requests can still have more opportunities to be feasibly accommodated in an SAV’s
route under a larger fleet size, thus making SAMw/oP services achieve more comparable results to SAM services. This aligns with the
decreased difference in the served request number between the two types of services. Hence, it is advisable for SAM service providers to
carefully consider the SAV resources distribution in order to make full use of the advantages of the ride-pooling mode and enhance
system profitability.

Impact of flexibility time

To explore how the flexibility time of passenger requests influences the SAM service system performance, we will set up scenarios
with five different flexibility time ranges. Specifically, we will vary the uniform distribution of the flexibility time parameter of
passenger requests while keeping other parameters consistent with those given in section 6.1. The average value of the flexibility time
distribution varies incrementally, with each step adding 5 min, resulting in five distinct settings for the distribution: {u(5,10), u(10,
15), u(15,20), u(20,25), u(25,30)}. The flexibility time parameter, i.e.,y(r), will be drawn from these different uniform distributions. A
distribution setting characterized by a higher average value indicates that, on average, passengers have greater temporal flexibility.
This implies that passengers are more tolerant of longer detours during their journeys.

In order to have a comprehensive evaluation, we will examine the system performance of the SAM services for various peak-hour
scenarios involving different combinations of the SAV number (selected from {30, 45, 60}) and the request number (selected from
{150, 210, 270) under different flexibility time distribution settings. For a particular distribution setting, we will report the average
results for 10 randomly generated instances. In addition to the aforementioned performance metrics, we additionally present the
number of pooled requests (#PR) and the pooled requests ratio (PolRat). The overall results are reported in Table 4. To facilitate
comparison, we further visualize the variations of different performance metrics based on a specific SAV number, i.e., #SAV = 60, and
all the request number combinations in Figs. 2-7.

We can observe from Fig. 2 that the profit steadily increases as the flexibility time increases for all tested scenarios. This finding
aligns with the observations in the observed growth in both served request numbers and pooled request numbers under the growing
flexibility time by looking further into Fig. 4 and Fig. 6. The results are within our expectation: passengers’ willingness to accept later
arrival time at their destinations allows the SAM services to serve more passengers before their latest departure time and have more
flexibility to further create more cost-saving pooling arrangements, thus finding more profitable SAV routing plans and achieving
profit improvement for the service provider. Nevertheless, the flexibility time increase will inevitably result in a prolonged average
waiting time. Fig. 3 illustrates that as flexibility time increases, the average waiting time steadily increases, showing a roughly linear
trend. For example, the average waiting time increases from 4.99 min to 17.55 min for the scenarios of 150 requests when the flex-
ibility time distribution increases from u(5,10) to u(25,30).

Particularly, it is also encouraging to observe that the average increment of profit for every additional 5 min of the average value of
the flexibility time distribution is relatively larger when the demand is higher. For instance, for the scenarios with 45 SAVs, the
corresponding profit will averagely increase by 50.5 and 112.7 as the flexibility time distribution changes 5 min incremental step for
scenarios with 150 to 270 requests. The results imply that the overall profit for the SAM services will be further boosted if a larger
number of requests are happy to accept delayed arrival times. In comparison, the average increment of profit becomes lower under the
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Table 3

Comparison of the SAMw/oP and SAM service.
#SAV #Request SAMw/oP

Profit($) AvgWat(min)

25 180 840.1 12.28
25 210 939.0 12.45
25 240 1046.3 12.78
25 270 1091.2 13.01
25 300 1121.8 13.58
40 180 969.3 10.21
40 210 1136.2 10.71
40 240 1307.6 11.08
40 270 1415.0 11.48
40 300 1558.5 11.65
55 180 1102.8 10.12
55 210 1246.7 10.22
55 240 1430.7 10.45
55 270 1611.8 10.64
55 300 1756.2 10.85

#SR

115.2
130.0
142.8
155.1
160.0
134.2
155.8
177.9
190.4
211.4
143.9
169.2
188.2
212.4
232.5

SAM
SerRat Profit($) AvgWat(min)
76.8% 915.6 10.98
72.2% 1028.5 11.31
68.0% 1155.6 11.58
64.6% 1229.5 12.01
59.3% 1298.3 12.61
89.5% 1034.4 9.23
86.6% 1223.8 9.87
84.7% 1420.9 10.25
79.3% 1543.3 10.63
78.3% 1708.6 10.95
95.9% 1165.1 9.36
94.0% 1320.6 9.65
89.6% 1543.0 9.81
88.5% 1737.1 10.09
86.1% 1865.9 10.35

#SR

124.2
141.6
154.2
168.3
175.9
140.6
164.2
188.9
202.4
226.8
149.6
176.4
198.2
223.8
246.4

Comparison
SerRat Diff Profit Diff AvgWat Diff #SR

AbsGap RelGap AbsGap RelGap AbsGap RelGap
82.8% 75.4 9.0% -1.30 —10.6% 9.0 7.8%
78.7% 89.5 9.5% -1.14 -9.2% 11.6 8.9%
73.4% 109.3 10.4% -1.20 —9.4% 11.4 8.0%
70.1% 138.4 12.7% —1.00 -7.7% 13.2 8.5%
65.1% 176.5 15.7% —0.97 -7.1% 15.9 9.9%
93.7% 65.1 6.7% —0.98 —9.6% 6.4 4.8%
91.2% 87.6 7.7% —-0.84 -7.8% 8.4 5.4%
90.0% 113.3 8.7% —-0.83 —7.5% 11.0 6.2%
84.3% 128.2 9.1% —0.85 —7.4% 12.0 6.3%
84.0% 150.1 9.6% -0.70 —6.0% 15.4 7.3%
99.7% 62.3 5.6% -0.76 —7.5% 5.7 4.0%
98.0% 73.9 5.9% —0.57 —5.6% 7.2 4.3%
94.4% 112.3 7.8% —0.64 —6.1% 10.0 5.3%
93.3% 125.4 7.8% —0.55 -5.2% 11.4 5.4%
91.3% 109.7 6.2% —0.50 —4.6% 13.9 6.0%
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Table 4
Impact of the flexibility time on the system performance with different SAV and request number combinations.
Distribution #SAV #Request Profit AvgWat #SR SerRat #PR PolRat
® (min)
u(5,10) 150 30 835.9 4.99 102.4 68.3% 3.2 3.1%
u(10,15) 150 30 960.9 6.83 116.0 77.3% 4.8 4.1%
u(15,20) 150 30 1057.0 9.81 131.0 87.3% 17.2 13.1%
u(20,25) 150 30 1115.2 13.41 141.2 94.1% 30.4 21.5%
u(25,30) 150 30 1141.9 17.55 148.4 98.9% 47.6 32.1%
u(5,10) 210 30 929.7 5.08 119.6 57.0% 8.6 7.2%
u(10,15) 210 30 1069.5 7.96 135.6 64.6% 14.2 10.5%
u(15,20) 210 30 1175.1 10.52 152.4 72.6% 25.6 16.8%
u(20,25) 210 30 1265.1 14.06 169.8 80.9% 49.2 29.0%
u(25,30) 210 30 1307.1 17.31 180.2 85.8% 84.0 46.6%
u(5,10) 270 30 997.0 4.99 128.4 47.6% 10.6 8.3%
u(10,15) 270 30 1145.8 6.83 150.0 55.6% 22.3 14.9%
u(15,20) 270 30 1299.9 9.81 172.3 63.8% 41.8 24.3%
u(20,25) 270 30 1397.5 13.41 197.0 73.0% 65.6 33.3%
u(25,30) 270 30 1458.2 17.55 210.5 78.0% 91.4 43.4%
u(5,10) 150 45 983.3 4.48 117.4 78.3% 2.1 1.8%
u(10,15) 150 45 1080.8 6.25 129.4 86.3% 3.2 2.5%
u(15,20) 150 45 1138.0 8.72 143.4 95.6% 12.4 8.6%
u(20,25) 150 45 1166.8 12.50 148.1 98.7% 31.6 21.3%
u(25,30) 150 45 1185.2 16.38 149.6 99.7% 41.6 27.8%
u(5,10) 210 45 1200.0 4.68 149.2 71.0% 6.4 4.3%
u(10,15) 210 45 1325.7 6.36 165.8 79.0% 12.4 7.5%
u(15,20) 210 45 1414.7 9.35 186.0 88.6% 24.8 13.3%
u(20,25) 210 45 1494.3 12.68 197.1 93.9% 54.8 27.8%
u(25,30) 210 45 1538.8 17.21 202.4 96.4% 73.2 36.2%
u(5,10) 270 45 1327.2 4.71 181.6 67.3% 7.0 3.9%
u(10,15) 270 45 1470.6 6.59 192.1 71.1% 15.4 8.0%
u(15,20) 270 45 1605.0 10.12 216.2 80.1% 29.6 13.7%
u(20,25) 270 45 1706.8 13.73 244.2 90.4% 68.0 27.8%
u(25,30) 270 45 1778.1 17.62 255.0 94.4% 86.6 34.0%
u(5,10) 150 60 1043.8 4.20 129.8 86.5% 0.9 0.7%
u(10,15) 150 60 1121.9 5.49 139.6 93.1% 2.5 1.8%
u(15,20) 150 60 1164.7 7.89 147.4 98.3% 14.2 9.6%
u(20,25) 150 60 1192.6 10.18 149.5 99.7% 24.1 16.1%
u(25,30) 150 60 1208.8 15.53 150.0 100.0% 31.0 20.7%
u(5,10) 210 60 1264.9 4.27 165.6 78.9% 3.2 1.9%
u(10,15) 210 60 1382.1 5.99 177.7 84.6% 6.8 3.8%
u(15,20) 210 60 1471.0 8.88 194.2 92.5% 22.6 11.6%
u(20,25) 210 60 1538.8 12.63 205.6 97.9% 50.2 24.4%
u(25,30) 210 60 1569.6 16.90 207.0 98.6% 58.8 28.4%
u(5,10) 270 60 1720.2 4.39 204.2 75.6% 5.1 2.5%
u(10,15) 270 60 1856.5 6.09 218.5 80.9% 10.4 4.8%
u(15,20) 270 60 1972.2 8.95 235.4 87.2% 28.8 12.2%
u(20,25) 270 60 2034.5 12.75 254.4 94.2% 65.8 25.9%
u(25,30) 270 60 2071.8 17.20 260.2 96.4% 82.8 31.8%
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Fig. 2. Impact of the flexibility time on the total profit.
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Fig. 3. Impact of the flexibility time on the average waiting time.
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Fig. 5. Impact of the flexibility time on the served request ratio.

increased number of SAVs. For example, for the scenarios of 270 requests, the profit will averagely increase by 115.3 and 87.9 with an
additional 5 min of flexibility time for fleets of 30 and 60 SAVs respectively. This suggests a diminishing beneficial effect of the
increasing flexibility time on the total profit when the SAV fleet size expands.

Fig. 4 and Fig. 5 show the variations in the number of served requests and the served request ratio with the increase of passengers’
flexibility time, respectively. Notably, the number of served requests increases rapidly from 204.2 to 260.2 for the scenarios with the
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Fig. 6. Impact of the flexibility time on the number of pooled requests.
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Fig. 7. Impact of the flexibility time on the pooled request ratio.

number of requests being 270, and the corresponding served request ratio increases from 75.6% to 96.4%. Additionally, according to
Fig. 4 and Fig. 5, when the market adoption of SAM services remains at a comparatively low level such as #Request = 150, the
increment is marginal (around 5.1 on average calculation for #SAV = 60 scenarios). More specifically, for the scenarios of 60 SAVs, the
increase rate of the served request number for 150 requests keeps decreasing with the increase of passengers’ flexibility time, while the
increase rate for the request number of 210 or 270 first rises and then drops. This may be attributed to a large SAV fleet in relation to
demand, i.e., 60 SAVs for 150 requests, enabling the SAM services to meet the majority of the demand with relatively small flexibility
time. Therefore, even if the time window becomes more flexible, the service capacity of the fleet is relatively stable and no significant
growth for the served requests will be produced. Comparatively, when the ratio of the SAV fleet to demand is low, it is not possible to
fully meet all demand within the tight time window. As flexibility time increases, the fleet gains more opportunities to match passenger
requests, thereby increasing the number of passengers served. However, with continued increases in flexibility time, once the service
capacity of the SAV fleet saturates, further changes in flexibility time no longer significantly affect the number of served requests,
resulting in a decreased growth rate.

Regarding the variations in the number of pooled requests and pooled request ratio, Fig. 6 and Fig. 7 show that both variations show
a similar upward trend to the variations of served request number and served request number ratio. It is worth noting that the number
of pooled requests averagely reaches as high as 82.8 with the corresponding pooled ratio of 31.8% when the number of requests is 270.
In particular, an average increase of 5 min in flexibility time for passengers is expected to significantly boost the number of pooled
requests and this contribution is even more significant under larger-scale instances. For example, when the flexibility time distribution
changes from u(5,10) to u(25, 30), the number of pooled requests will averagely increase by 7.5 for the scenario with 150 requests,
while the average increments become 13.9 and 19.4 for the scenarios with additional 60 and 120 number of requests, i.e., 210 and 270,
respectively. We also notice that the increase rates of both pooled request number and pooled request ratio become smaller for 210 and
270 requests when the flexibility time distribution exceeds u(20,25). To be specific, the pooled request number and its ratio for the first
two scenarios increase sharply when the flexibility time distribution changes from u(5,10) to u(20,25), but the increment becomes
smaller when the flexibility time distribution increases further. This finding is consistent with the changes in the increase rate observed
in the number of requests served and their corresponding ratios. It also indicates that a prolonged flexibility time can positively affect
the pooling probability among potential requests, but the improvement in pooling would become limited when the flexibility time
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exceeds approximately 20 min. In comparison, for the larger instance with 270 requests, it remains in the rapid growth phase, with an
increased rate due to not yet reaching the pooling limit. This suggests that further increases in flexibility time can continue to unlock
pooling potential, resulting in a higher number of pooled passengers and an increased pooling rate.

Impact of customer satisfaction

To better understand the role of the proposed multivariate satisfaction function, we conduct an sensitivity study based on a specific
instance (i.e., #SAV = 45 and #Request = 270) that selectively removes individual disutility components in the function form to
explore which terms are most binding under the satisfaction threshold constraint and how they affect the resulting poo-
ling—service-profit trade-offs. Table 5 reports averaged results over five runs for the selected instance. Different scenarios of No_VOT,
No_privacy, No_extraTT and No_sharedDur indicate four variants of the satisfaction function used in the instance, constructed by
removing the VOT term, the privacy/stranger-exposure penalty term, the extra-travel-time penalty term, and the shared ride-pooling
duration penalty term in the function respectively. For the baseline scenario (i.e., using the satisfaction function in its full form), the
system serves 226.8 requests with a pooling ratio of 13.4%, an average waiting time of 10.96 min, and a profit of 1708.6. VOT and
shared-ride duration are the dominant drivers that suppress pooling: compared with the baseline pooling ratio of 13.4% (# PR = 30.4),
removing VOT increases pooling to 21.1% (#PR = 47.2) and removing shared-duration increases pooling to 21.7% (#PR = 48.8). In
contrast, removing privacy or extra travel time yields only moderate pooling gains, suggesting these components are less frequently
binding than VOT/shared-duration in this instance. In addition, higher pooling does not necessarily translate into improved system-
level outcomes under the current pricing scheme. The profit decreases slightly from the baseline, while average waiting time increases
from 10.96 to 11.06-11.21 min and service rate drops from 84.0% to 81.7%-83.2%. This is possibly because when satisfaction
penalties are relaxed, the optimizer can form more pooled matches, but a larger share of served demand is then charged at the dis-
counted price. In this instance, the revenue loss induced by discounting appears to outweigh the operational gains from higher vehicle
utilization. At the same time, pooling introduces stronger spatiotemporal coupling, as a single vehicle must satisfy multiple pickup and
drop-off constraints simultaneously. This reduces dispatch flexibility and can introduce extra scheduling friction, which is consistent
with the slight increase in average waiting time and the marginal decrease in service rate. Moreover, removing the extra-travel-time
penalty is the most disruptive to service stability, yielding the lowest service rate and profit. This suggests that detour-related disutility
helps prevent excessive route distortion and maintains more stable feasible schedules. Overall, the results highlight that satisfaction
function does not merely cosmetic “filter" modeling choice for pooling. Different satisfaction components constrain different di-
mensions of pooling feasibility. It serves as a regulating mechanism that balances operational performance (profit/service efficiency)
against user experience by controlling how aggressively the system pursues pooling under the satisfaction threshold.

We further conduct a sensitivity analysis on the satisfaction threshold F. As is shown in Table 6 and Fig. 8, when F is relaxed from
0.6 to 0.5, the pooling ratio increases from 13.4% (#PR = 30.4) to 16.8% (#PR = 38.4); relaxing it further to 0.1 raises pooling to
21.4% (#PR = 49.6). In contrast, once F exceeds 0.7, pooling significantly drops and the pooling ratio is only 6.5% with pooling
request number being 14.6. With the threshold further increasing, the pooling phenomenon essentially vanishes. This steep decline
indicates that, in this instance, many potential shared rides yield satisfaction values clustered around the 0.6-0.8 region and a small
increase in the minimum acceptable satisfaction can therefore invalidate a large fraction of otherwise feasible matches. In addition,
Fig. 9 shows that changes in F alter the set of feasible pooled matches, which leads to the corresponding variations in both profit and
service rate changes accordingly. Specifically, relaxing the threshold increases both demand coverage and profit: profit rises from
1708.6 at F = 0.6 to 1729.0 at F = 0.5 and 1772.0 at F = 0.1, while the service rate improves from 84.0% (#SR = 226.8) to 84.8%
(#SR = 228.9) and 86.0\% (#SR = 232.1). Conversely, tightening the threshold to F = 0.9 reduces profit to 1639.9 and the service rate

Table 5
Performance comparison under different scenarios for different satisfaction function.
Scenarios Profit($) AvgWat(min) #SR SerRat #PR PolRat
Baseline 1708.6 10.96 226.8 84.0% 30.4 13.4%
No_VOT 1692.8 11.08 224.2 83.0% 47.2 21.1%
No_privacy 1688.2 11.06 222.2 82.3% 41.2 18.5%
No_extraTT 1687.8 11.09 220.6 81.7% 41.2 18.7%
No_sharedDur 1693.7 11.21 224.6 83.2% 48.8 21.7%
Table 6
Sensitivity analysis results under different satisfaction thresholds.
F Profit($) AvgWat(min) #SR SerRat #PR PolRat
0.1 1772.0 11.15 232.1 86.0% 49.6 21.4%
0.2 1768.6 11.09 232.3 86.0% 48.8 21.0%
0.3 1758.7 11.09 231.5 85.7% 44.9 19.4%
0.4 1742.3 11.08 230.2 85.3% 43.2 18.8%
0.5 1729.0 11.00 228.9 84.8% 38.4 16.8%
0.6 1708.6 10.96 226.8 84.0% 30.4 13.4%
0.7 1688.4 10.88 223.9 82.9% 14.6 6.5%
0.8 1645.9 10.78 218.4 80.9% 0.2 0.1%
0.9 1639.9 10.56 215.9 80.0% 0.0 0.0%
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Fig. 10. Sensitivity analysis of average waiting time to the satisfaction threshold.

to 80.0% (#SR = 215.9). Meanwhile, as is depicted in Fig. 10, average waiting time varies within a narrow range and slightly decreases
as F increases. This suggests a nuanced trade-off: stricter satisfaction requirements filter out more shared rides and also remove some
service opportunities, which reduces overall throughput and profit. At the same time, fewer shared rides reduce multi-rider pickup and
drop-off coupling, which slightly eases dispatching for the remaining requests and leads to a small reduction in waiting time.

6. Conclusion

In this paper, we investigate the RT-SAVD problem for the SAM service in a dynamic environment to timely respond to newly
arrived passenger requests, properly determine the SAV dispatching, and arrange satisfactory pooled trips in pursuit of profit maxi-
mization. We develop a dynamic vehicle dispatching framework based on the rolling horizon approach, in which a series of S-SAVD
subproblems are solved at a given set of consecutive time points using all known information up to the decision epoch to periodically
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update the SAV dispatching solutions. The final demand serving and pooling arrangement decisions of each passenger request will not
be made until necessitated by the deadline of the request. For each static subproblem, we propose an MIP model to optimize the vehicle
dispatching plans by maximizing the total profit while respecting the maximum ride-pooling stranger number and passenger satis-
faction constraints. The current states of SAVs, onboard requests and confirmed requests are considered in the formulation.

To efficiently solve the proposed S-SAVD model, we develop a customized iterative hybrid algorithm, named ARA-LNS, that in-
tegrates an ARA scheme into the LNS heuristic framework, allowing us to decompose the multi-vehicle problem into several single-
vehicle problems and obtain good-quality solutions efficiently. The main idea of the proposed algorithm is that the LNS is
employed to iteratively identify the optimal routing plan for each SAV, and if the total profit for all vehicle routing solutions has not
improved for certain iterations, the ARA scheme will be invoked and reassign the requests to different SAVs by adaptively selecting the
assignment operators. To evaluate the efficacy of the proposed solution method, we have conducted extensive numerical experiments
on randomly generated instances. The results show that the ARA-LNS can achieve better performance over the benchmark approach.
Moreover, we examine the impact of the SAM services by comparing them with the case without ride-pooling option, i.e., SAMw/oP
services, and results indicate that the SAM services significantly improve the total profit of the system. We also analyze the impact of
the flexibility time of passenger requests on the performance of the SAM services. The findings show that the increase in time flexibility
can lead to larger profits and more number of served requests and pooled requests, but prolonged average waiting time of passengers.

Future research can be explored in several aspects. First, this study investigated a dynamic and deterministic SAV dispatch problem
without considering probabilistic or forecasted features of future demand. The stochastic information, e.g., the uncertain passenger
requests, can be incorporated into the SAV dispatching would offer more alignhment with reality. The era of big data and the
advancement of machine learning methods may also help to predict potential requests and improve SAV pre-scheduling decision-
making in SAM services. Second, this study did not explicitly consider empty-vehicle repositioning/rebalancing. It is an important
operational component in real-world SAV systems and can significantly improve response times under spatially imbalanced demand.
In future work, repositioning can be incorporated by adding a periodic rebalancing module (or additional operators in the proposed
search framework) that proactively dispatches idle vehicles to zones with high historical demand intensity or to locations suggested by
real-time/forecasted demand, while accounting for the additional empty mileage and operating costs. Third, with the increasing
penetration of the EV market driven by declining battery prices and the growing availability of charging facilities, EVs are expected to
become more economically and environmentally competitive compared to conventional vehicles. Therefore, it would also be inter-
esting to explore the deployment of the electric SAV fleet, or a mixed fleet comprising both EVs and conventional vehicles, with a
particular focus on the optimization of charging strategies. Fourth, designing a reasonable compensation scheme that incentivizes the
passengers to accept pooled trips while minimizing the costs of the SAM service provider presents another research direction worth
future exploration. Lastly, the integration of the SAV fleet into existing urban transport networks necessitates the consideration of
congestion effects within SAM service operations to derive more robust solutions. Moreover, additional consideration in the economic,
social, and environmental aspects will offer more research opportunities to improve the sustainability of SAM services.
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Appendix. . Notations

T Duration of the entire planning horizon

R Set of all passenger requests

R Set of active passenger requests known up to decision time instant t; for static subproblem in rolling iteration k
Oy Set of onboard requests for static subproblem in rolling iteration k

Cx Set of confirmed requests for static subproblem in rolling iteration k

Nk Set of unscheduled requests for static subproblem in rolling iteration k

v Pick-up location of request r

vd Drop-off location of request

t Request announcement time of request r

S Maximum confirmation duration of request r

(continued on next page)
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(continued)
Ird Latest pick-up time from origin of request r
t Latest drop-off time at destination of request r
wr The number of passengers of request r
G, Service charge of request r in a solo trip
G, Service charge of request r in a pooled
Q Maximum pooling stranger number
pr Value of time of request r
& Privacy-sensitivity value of request r
qr Ride-pooling stranger number of request r
< Ride-pooling duration (with other requests onboard) of request
Er Extra (additional) travel time in the pooled trip of request r
F Minimum passenger satisfaction threshold
Vo Initial location of SAV h at the beginning of the planning horizon
t Decision time instant for each rolling iteration k
A Computational time limit for each static subproblem
At Rolling time step in the rolling horizon framework
H Set of all SAVs
Vh Current location of SAV h for the static subproblem
Th Arrival time of SAV h at the current location
Sk Pre-assigned onboard requests and confirmed requests of SAV h for the static subproblem
Okh Scheduled partial route information of SAV h for the static subproblem
7 Directed network for the static subproblem
Va Set of all nodes in network for the static subproblem
& Set of edges in network for the static subproblem
7o Subset of nodes of the current vehicle locations for the static subproblem
7'S2 Subset of the nodes denoting the drop-off locations of requests in set @)
7'S3 Subset of the nodes denoting the pick-up locations of requests in set Z and ./
704 Subset of the nodes denoting the drop-off locations of requests in set # and ./%
Tjj Travel time between location i and j
Kij Travel cost between location i and j
q, Recorded number of strangers that have previously shared with the request r
< Recorded (ride-pooling) duration (with other requests onboard) of the implemented (shared) trip of request r
t Past pick-up time instant in the (shared) trip of request r
X{jh Whether request r travers on edge (i,j) onboard of vehicle h
yg. Whether the vehicle h travers on edge (i,j)
dry Whether request r is picked up by vehicle h
Zr Whether request r is pooled with any other request during its trip
lreh Whether request r shares a ride with requests ¥ on vehicle h and this encounter is counted as new stranger request
Prr Whether request r has already encountered requests ' in a previous epoch, thereby preventing them from being redundantly counted as “new strangers”
in the current epoch.
qr Number of strangers in the shared trip of request r
Up; Time instant at which node i is reached by vehicle h
Q Possible request-SAV mapping
So Initial solution composed of sg oNYhex
s Incumbent solution composed of s" © ,Yh € 7
Sp Best solution composed of sf & ,vh € 7
s Newly generated candidate solution of s & ,vh € 7
N Iteration number counter
u Counter of the total number of consecutive iterations that an assignment operator does not achieve a better solution
Hmax Maximum continuous attempts that an assignment operator does not achieve a better solution
o Set of all assignment operators
m Percentage of removed requests in the removal operator
M Set of all removed requests
My Set of removed requests for vehicle h
@ Size of the segment for the ARA scheme
¢ Temperature in the simulated annealing accept criterion
v Cooling rate in the simulated annealing accept criterion
Niax Maximum iteration number stop criterion
Umax Elapsed CPU time stop criterion
P Violation level of assigning a request r to the SAV h
i Matching level of assigning an unscheduled request r to an SAV h
o Observation level of assigning request r to an SAV h
[ Direct travel distance of request r from origin to destination
-7'}1 Currently assigned requests for SAV h in assignment operators A3 or A4
|.7] Number of iterations for recording the previous obtained profit values in assignment operator A5
| 7| max ~ Maximum number of recorded iterations in assignment operator A5
wq Weight of the assignment operator a € .&/
Ta Recorded score of assignment operator a € ./
W Importance parameter of the historical information on the algorithm performance in the adaptive weight adjustment strategy of the ARA scheme
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