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Featured Application

The proposed framework optimizes ridesplitting services for mega-events with reservation-
based travel. It enhances service rates and controls passenger delays by efficiently matching
vehicles and passengers through offline grouping and online dispatching algorithms, aiding
event mobility management.

Abstract

Ridesplitting is a promising strategy to enhance vehicle efficiency in urban mobility services
during mega-events. However, designing dispatching algorithms that effectively balance
high service rates with acceptable passenger delays under high-demand, reservation-based
scenarios remains a significant challenge. To address this issue, this study proposes a
novel two-stage dispatch framework: Offline Grouping and Online Matching (OGOM). In
the offline stage, the request grouping problem is formulated as a weighted hypergraph
maximum matching (WHMM) problem. A sequence inference (SI) method is introduced
to accelerate the construction of candidate ridesplitting trips, and the WHMM problem
is solved optimally using the Gurobi solver. In the online stage, the dispatch process
is completed within an event-based simulation environment built with MATSim. The
framework is validated through a comprehensive case study of the Hangzhou Asian
Games. The results demonstrate that the proposed OGOM framework achieves a mean
service rate of 92.12%, representing an 8.74% improvement over a rolling horizon batching
benchmark. Concurrently, the average passenger delay is maintained between 2 and 4 min
across all simulation runs. Furthermore, the framework reduces the average request
completion distance by over 30% compared to a non-ridesplitting baseline. The proposed
SI method also shows a 49.35% reduction in computation time for hypergraph construction
compared to conventional methods. These findings confirm that the OGOM framework
provides an effective and scalable operational strategy for mega-event ridesplitting services,
simultaneously improving service quality through optimized supply–demand matching
and controlled passenger delays.

Keywords: ridesplitting dispatching optimization; mega-events; request grouping; supply–
demand matching; shared mobility

1. Introduction
The 19th Asian Games in Hangzhou attracted participants and spectators from all over

the world. To provide high-quality transportation services for guests, athletes, coaches, and
technicians, the 19th Asian Games Hangzhou 2022 Organizing Committee has arranged
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more than 2000 vehicles to provide transportation services, including a mobility reservation
service where passengers can book rides in advance [1]. Upon receiving aggregated
reservations, the platform must efficiently coordinate the limited transportation supply
with concentrated travel demand.

For mega-events like the Asian Games, the quality of transportation services is crucial
for passengers’ travel experience and the event’s success [2]. Nationwide planned special
events in the U.S. generate 93.4 to 186.8 million hours of annual travel delay, with an aver-
age delay of 0.8–1.7 h per traveler, resulting in congestion losses of $1.7–3.4 billion [3]. These
quantitative data clearly demonstrate the importance of traffic organization and planning
during mega-events. A central challenge for mobility service platforms is accommodating
overflowing demand with limited vehicle supply. As a type of green, efficient, and sus-
tainable ride service, ridesplitting can suit transportation needs. Ridesplitting is a form
of ridesourcing service that allows passengers with nearby origins and/or destinations to
match the same vehicle in real time and share a trip segment [4]. Ridesplitting can improve
vehicle efficiency, bringing benefits such as reducing vehicle mileage [5], alleviating traffic
congestion [6], reducing fossil fuel consumption and exhaust emissions [7], etc. Therefore,
many transportation network companies have launched ridesplitting services, such as DiDi
ExpressPool and UberPool. Although there are many benefits, ridesplitting has a drawback
that cannot be ignored: vehicles take additional detours, leading to increased passenger
waiting time and delay [8]. Therefore, for reservation-based event transportation, it is
critical to design dispatching algorithms that can simultaneously achieve a high service
rate and control passenger delays within an acceptable range.

To address the above challenges, this paper focuses on two core questions: (a) How
to improve the service rate of requests while maintaining a low-level passenger delay?
(b) How to solve the ridesplitting dispatching problem efficiently?

Accordingly, we propose a novel two-stage dispatch framework: Offline Grouping
and Online Matching (OGOM). This framework divides the dispatching process into
two stages: offline grouping and online matching. In the grouping stage, we propose a
sequence inference (SI) method to calculate candidate ridesplitting trips and construct the
corresponding hypergraph. Then, the grouping problem of requests is transformed into
a weighted hypergraph maximum matching (WHMM) problem and solved by Gurobi,
combining requests into ridesplitting trips. In the matching stage, we employ MATSim
software to establish an event-based simulation model. Then, we dispatch vehicles to
ridesplitting trips in the simulation environment.

We use a numerical case study of the 19th Asian Games in Hangzhou to validate
the effectiveness of the proposed framework at mega-events. First, compared with the
benchmark, the service rate of the proposed framework can be improved by 8.74%, while
the average passenger delay remains at a low level. Second, the average completion
distance of requests can be decreased by over 30%. Third, the computational efficiency of
the SI method proposed in this paper is significantly higher than benchmarks.

The main contributions of this paper can be summarized as follows:
(a) Domain-Specific Investigation. We systematically investigate the application of

ridesplitting to large-scale, reservation-based event transportation. Through tailored mod-
eling and simulation, we generate novel operational insights into the efficiency potential of
ridesplitting in this specific context.

(b) Algorithmic Innovations. To tackle the computational complexity of the problem,
we design and implement a key algorithmic enhancement within a two-stage dispatch
framework, namely the SI Method.
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(c) Practical Implications. Based on comprehensive simulation experiments, we derive
practical insights for event mobility management, such as the quantitative benefits of
ridesplitting on service rate and vehicle utilization.

The remainder of the paper is as follows. Section 2 reviews the related literature
on transportation management for mega-events, ridesplitting optimization, and traffic
simulation. Section 3 elaborates on the primary process of ridesplitting dispatching in
mobility reservation scenarios. Section 4 proposes a two-stage dispatch framework of
ridesplitting based on the MATSim simulation model. Section 5 describes the experimental
configuration. Section 6 presents the main results of the simulation experiments and
sensitivity analysis. Section 7 discusses the main findings of the experiments. Finally,
Section 8 draws conclusions and provides an outlook on future research.

2. Literature Review
2.1. Mobility Planning for Mega-Events

Hosting mega-events is a significant test of urban transportation systems [9,10]. Under
limited infrastructure conditions, mobility services are crucial for improving transporta-
tion system efficiency. Event participants consider these services essential, making their
improvement a priority for organizers [11].

Early studies mainly focused on infrastructure expansion and the improvement of pub-
lic transit network utilization. At the 2016 Rio de Janeiro Olympics, Xu and González [12]
integrated considerable data resources to estimate the impact of mega-events on urban
transportation deeply and proposed a series of strategies aimed at the collective good of
the city. The results indicated that even if a few people switched from private cars to public
transportation, the underlying total travel time could be significantly reduced. Pereira [13]
analyzed the transportation system transformation in Rio de Janeiro in preparation for the
2014 World Cup and 2016 Olympics, including expanding public transportation infrastruc-
ture, adjusting service levels, and restructuring bus lines. The results indicated that these
developments successfully increased the accessibility of Olympic venues.

However, merely relying on infrastructure expansion and increasing public transport
usage is no longer sufficient to fully meet transport demand for mega-events nowadays.
Recent research increasingly emphasizes on-demand ride services and shared mobility
as essential components of event mobility strategies. Ballarano et al. [14] conducted a
systematic review of sustainable mega-event transport, identifying on-demand mobil-
ity such as ridesourcing, ridesplitting, and intelligent information systems as particu-
larly effective in reducing reliance on private cars. Borghetti et al. [15] analyzed the
impact of transportation planning for hosting mega-events on urban development, ex-
amined the specific characteristics of different solutions, explored new transportation
modes, and provided customized intelligent transportation options to meet travel demands.
Zhao et al. [16] conducted an online stated preference survey on the travel process for the
Hangzhou 2022 Asian Games, discussing the potential application of Mobile as a Service
(MaaS) in mega-events. The survey results showed that about 80% of respondents were
willing to subscribe to bundle services (e.g., public transit plus metro). Ranjbarnia et al. [17]
proposed an event-tailored MaaS solution for the Brisbane 2032 Olympics, stressing that
integrated ticketing, differentiated services, and flexible scheduling are crucial for handling
peak event demand.

Beyond infrastructure and on-demand ride services, recent studies have explored
other planning perspectives. At the governance level, Covelli Garrido et al. [18] applied
a living lab approach, showing that decision-support systems are more effective when
combined with participatory planning and stakeholder engagement. Additionally, An
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et al. [19] proposed a distributionally robust optimization model for flexible scheduling of
customized buses, explicitly addressing demand uncertainty in mega events.

In summary, extant research has effectively outlined a strategic shift in mega-event
mobility—from infrastructure-centric expansion to on-demand ride services. However,
these studies reveal a critical operational gap: a main focus on what services to provide,
with insufficient attention to how to manage and optimize the fleets that provide these
services efficiently under extreme, event-driven demand. Therefore, this paper focuses on
addressing this fleet operation and management challenge, which is crucial for modern
mega-event mobility services.

2.2. Ridesplitting Dispatching

Implementing ridesplitting service offers a key method to better manage and optimize
vehicle fleets under peak demand. By improving vehicle utilization rates, ridesplitting
enables a smaller fleet to meet more travel demands, thereby increasing the user base
while also strengthening users’ willingness to share rides with strangers [20]. However,
ridesplitting’s inherent drawbacks, such as detours and passenger delays, may negatively
affect the user experience. As a result, numerous studies have focused on improving
the quality of ridesplitting services by increasing service rates, reducing waiting times,
minimizing detours, and lowering travel costs [4,21].

Recent analytical studies on ridesplitting have aimed to quantify its efficiency gains
while also revealing critical operational challenges. Bilali et al. [22] proposed an analytical
model and verified it through simulation to evaluate the impact of factors such as delay
and reservation time on the shared rate. Ouyang et al. [23] formulated an analytical model
with limited waiting time and detours in reservation scenarios and used approximate
formulas to represent the service rate, expected vehicle travel distance, and passenger
travel distance. The numerical experimental results indicated that ridesplitting reduced
the vehicle mileage of all users. From the energy consumption perspective, Dai et al. [24]
designed an autonomous taxi ridesharing system for commuting trips. The case study
showed that the taxi ridesharing service model required fewer vehicles than the private
car travel model and was superior to traditional taxi service models in terms of fuel
consumption. For the shared autonomous vehicle (SAV) service in the reservation scenario,
Narayanan et al. [25] constructed a bilevel model based on game theory and proposed a
solution method based on iterative optimization and assignment so that both road users and
SAV service operators could obtain the optimal solution by reaching a Nash equilibrium.
The results indicated that the SAV system reduced travel time and vehicle kilometers
traveled and alleviated traffic congestion problems. Based on real-world demand data from
New York City and a stated preference study on traveler behavior from the Netherlands, the
numerical experiments conducted by Bujak and Kucharski [26] emphasized the critical role
of heterogeneous riders in non-deterministic ridesplitting environments. Their findings
reveal that failing to account for this heterogeneity can lead to overestimated system
efficiency. Park et al. [27] introduced order dispatching with walking points, showing
that modest passenger walking expands feasible matches and increases assignment rates
without harming service quality. Simulation results indicate that even short walking
allowances can significantly reduce unmatched requests, suggesting a promising strategy
to enhance pooling efficiency in dense urban settings.

The optimization of ridesplitting dispatching has been addressed in the literature
through several key methodological approaches. Zhan et al. [21] used a modified artificial
bee colony algorithm to solve the ride-hailing sharing problem and a contraction hierar-
chies algorithm to determine the optimal path of vehicles. Mühle et al. [28] developed
an analytical framework to model ridesplitting efficiency and required fleet size, linking
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VRP formulations with capacity and demand variability. In parallel to these VRP-based
formulations, a significant body of research has explored the use of the shareability network
to efficiently compute ridesplitting strategies for large-scale request datasets. Santi et al. [29]
defined a shareability network and applied it to a dataset of millions of taxi trips in New
York City and obtained the optimal ridesharing plan in the reservation scenario. Alonso
Mora et al. [5] proposed a request-trip-vehicle graph based on the shareability network
and constructed an integer linear programming model for the ridesplitting dispatching
problem in real time, thereby dynamically generating the optimal path based on requests
and vehicle positions. They conducted simulation experiments based on the New York
City taxi dataset and found that the proposed algorithm could significantly reduce fleet
size while maintaining the service level. To explore the potential of ridesplitting during
peak hours, Tu et al. [30] developed a ridesplitting trip identification algorithm based
on a shareability network and evaluated the gap between the potential and actual scale
of ridesplitting using ridesourcing data provided by DiDi Chuxing. Pavone et al. [31]
modeled applications similar to ridesplitting and delivery as an online hypergraph match-
ing problem, maximizing utility and minimizing cost as optimization objectives. Bujak
& Kucharski [32] examined the shareability network, clarifying how network topology
affects feasible pooling opportunities and offering insights for pruning and batching. Their
study highlights those structural properties, such as degree distribution and clustering,
that directly determine the density of feasible matches and, thus, the overall scalability of
ridesplitting systems.

Similar to ridesplitting, demand-responsive transit (DRT) has developed sophis-
ticated strategies for optimizing operational efficiency and service equity, which pro-
vide valuable methodological insights. For instance, studies have utilized data-driven
models like the Gaussian Mixture Model (GMM) to classify heterogeneous user groups
(e.g., individuals with disabilities) and tailor dedicated vehicle routing solutions, signif-
icantly improving service equity and wait times [33]. Concurrently, advancements in
real-time optimization, such as Gene Expression Programming (GEP)-based ride inser-
tion policies, have demonstrated high efficiency in dynamic environments by learning
optimal insertion rules, offering a pathway to reduce computational overhead for online
dispatch [34]. Furthermore, comprehensive frameworks that integrate time-dependent
travel times, electric vehicle charging constraints, and shared mobility objectives highlight
the importance of multi-faceted modeling in complex urban systems [35].

In recent years, simulation has become a cornerstone in modeling and optimizing
transportation systems, providing a virtual testbed for evaluating complex operational
strategies [36]. To solve the matching problem between drivers and passengers in a dy-
namic ridesharing context, Agatz et al. [37] developed optimization-based approaches and
conducted a simulation study based on travel demand data from metropolitan Atlanta.
Pan et al. [38] developed a simulator for evaluating ridesplitting algorithms and provided
a set of benchmarks to test various scenarios encountered in the real world. Sun et al. [39]
analyzed ridesplitting’s efficiency and environmental benefits using SUMO simulation
software. Zhan et al. [40] developed a discrete-time simulation model for simulating the
operation of electric ridesourcing vehicles and charging stations and used the artificial bee
colony algorithm and CPLEX to solve the vehicle charging problem and ridesourcing match-
ing problem, respectively. Limited by safety issues, SAVs have not been widely used in the
real world. Therefore, many studies use simulation models to assess the impact of SAVs
on urban transport systems, including the impact on urban congestion [41], fleet size [42],
operational strategies [43] and urban parking demand [44,45]. Yao et al. [46] proposed a
data-driven agent-based modeling and simulation framework and comprehensively tested
the mixed scenarios with different penetration rates of autonomous vehicles.
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In summary, while current research on ridesplitting has made substantial progress
for regular urban scenarios, studies specifically addressing the unique challenges of
mega-events—characterized by explosive demand surges with strict spatiotemporal
constraints—remain limited. This paper addresses this gap by proposing a two-stage
dispatch framework that advances prior work in three key aspects: (1) adapting the share-
ability network/hypergraph model to the mega-event context; (2) introducing novel offline
grouping approaches for proactive, large-scale optimization, differing fundamentally from
purely real-time reactive systems; and (3) integrating optimization with traffic simulation
for end-to-end, operational evaluation. This tailored framework aims to provide an efficient
and scalable solution for ridesplitting dispatch in mega-events.

3. Problem Statement
This paper addresses the ridesplitting dispatching problem at mega-events within the

context of mobility reservations. Before dispatching, the platform combines the received
reservation requests into trips, including ridesplitting trips and non-ridesplitting trips.
Subsequently, the platform assigns these trips to a fixed-scale fleet to complete the dispatch
process. Meanwhile, the waiting time and delay of passengers are strictly limited, and
once the waiting time exceeds the preset maximum threshold, the request will be canceled.
Furthermore, the dynamic evolution of vehicle allocation over time presents a complex
dynamic optimization problem.

We divide the ridesplitting dispatching problem into two subproblems: (a) How
to combine requests into ridesplitting trips (i.e., request grouping); (b) How to match
ridesplitting trips with vehicles (i.e., vehicle dispatching). The objective is to maximize
the number of requests satisfied by a fixed-scale fleet. This section mainly introduces the
problem assumptions and variable notations used in this paper and the primary process of
ridesplitting dispatching in reservation scenarios.

3.1. Variable Notation

Variable notations are shown in Table 1.

Table 1. Notation.

Variable Description

Nr Number of requests
oi, di Origin and destination of ri
oTk Origin of Tk
R Request set, where R = {r1, r2, . . . , rn}
t0 Initial matching period
T Trip set, where T = {T1, T2, . . . , Tl}

TCR
Candidate ridesplitting trip set, where
TCR = {CRT1, CRT2, . . . , CRTNc}

tm Current matching period
toi, tdi Reserved departure time and expected arrival time of ri

ts
oi, ts

di
Departure and arrival time of ri in simulation
environment

toTk Expected departure time of Tk
V Vehicle set, where V = {v1, v2, . . . , vm}
∆ Pickup and drop-off time window
θ Matching time window
λ Grouping time window
σ Matching time interval
τ Maximum pickup time
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3.2. Assumptions

The ridesplitting dispatching problem is based on the following assumptions:
(a) Once the ridesplitting dispatching process begins, the newly added requests are

not considered and only idle vehicles can participate in the process.
(b) All considered requests are ridesplitting requests.

3.3. Ridesplitting Dispatching Process

In mobility reservation scenarios, the ridesplitting platform combines requests that
can share a ride based on the spatiotemporal information of the requests and then performs
subsequent supply–demand matching. Therefore, we divide the ridesplitting dispatching
process into the following two stages:

Stage 1: Offline Grouping. All requests are combined into trips, including ridesplitting
trips and non-ridesplitting trips (single request trips that cannot be combined).

Stage 2: Online Matching. Trips are matched to idle vehicles during each matching period.
For illustrative purposes, Figure 1 shows the ridesplitting dispatching process.

Figure 1a shows an example of ridesplitting in an urban road network. The ridesplit-
ting platform has three vehicles vj (j = 1, 2, 3), and receives five requests ri (i = 1, 2, . . . , 5)
with a reserved departure time within the period [t0, t0 + Tmax]. The positions of ori-
gins oi and destinations di are represented by black half-body portraits and red markers,
respectively, while the position of vj is represented by black vehicle icons.

   
(a) (b) (c) 

   
(d) (e) (f) 

Figure 1. Ridesplitting dispatching process. (a) Initial request routing (yellow lines) with destina-
tions (d1–d5), origins (o1–o5), and vehicles (v1–v5); (b) Mapping of Candidate Ridesplitting Trips
(CTR1–CTR6) to hyperedges (e1–e6); (c) Hypergraph matching with nodes u1–u5 and hyperedges e4,
e6; (d) Routes of CRTs (red = CTR4, blue = CTR6); (e) Task assignment (solid arrows link v1 and v3 to
T1/CTR4 and T2/CTR6); (f) Vehicle routes (T1 in red, T2 in blue).

https://doi.org/10.3390/app16063003

https://doi.org/10.3390/app16063003


Appl. Sci. 2026, 16, 3003 8 of 27

Figure 1b–d corresponds to the primary process of Stage 1. The essence of offline
grouping is to select several trips with no common requests between pairs from TCR, and
these trips form trip set T . This process is similar to the act of selecting a matching from a
hypergraph. The matching refers to a subset of the edge set (for simplicity, we use “edge”
as an abbreviation for “hyperedge” when it is clear that we are discussing a hypergraph).

The left side of Figure 1b is a set of candidate ridesplitting trips, represented by
TCR = {CRT1, CRT2, . . . , CRT6}. Each candidate’s ridesplitting trip consists of two or
three requests, namely:

CRTh ⊂ R, (1)

|CRTh| = 2 or 3. (2)

These requests meet the restrictions on ridesplitting, which means that passengers’
waiting time and delay are less than the pickup and drop-off time window ∆. Given
hypergraph H = (U, E), vertex ui in H corresponds to ri. A hyperedge is a set composed
of several vertices. Edge eh and the candidate ridesplitting trip CRTh correspond one
by one, as shown in Figure 1b. Figure 1c is a schematic diagram of H, where black dots
represent ui and dashed boxes represent eh. Each edge has a weight, and the weight
function is related to the optimization objective.

A matching of H corresponds to a grouping strategy for requests. The optimal group-
ing strategy corresponds to the maximum weighted matching of H, which is the matching
with the maximum sum of edge weights. Therefore, the request grouping problem can
be transformed into a weighted hypergraph maximum matching problem. For example,
Figure 1c shows a maximum weighted matching Mmax of H, where colored boxes represent
the edges included in Mmax, namely e4, e6. These two edges correspond to two candi-
date ridesplitting trips CRT4 and CRT6. Therefore, in Stage 1, two trips CRT4 and CRT6

are obtained through offline grouping, and they will enter Stage 2 for online matching
with vehicles.

Figure 1d shows the routes of CRT4 and CRT6 in different colors. Each route passes
through the origin and destination of each request included in the corresponding trip.
Taking the red route of CRT4 as an example, it passes through four locations in sequence
(o2, o5, d5, d2), thus completing two requests.

Figure 1e corresponds to the primary process of Stage 2. First, we renumber the trips
CRT4 and CRT6 as Tk (k = 1, 2). Second, we model the matching process between vj and
Tk as a task assignment problem and obtain the optimal matching solution, which is the
solid lines in Figure 1e.

Figure 1f shows the vehicle routes in different colors, where dashed lines represent
routes to trip origins, and solid lines represent routes delivering passengers. Taking the
route of v1 completing T1 as an example, v1 first follows the red dashed line to reach the
origin of T1 and picks up the passenger, and then completes the request task along the red
solid line.

4. Materials and Methods
Based on Section 3, the critical problem in Stage 1 is to construct a hypergraph

and solve the WHMM problem, and the key problem in Stage 2 is to model and solve
the task assignment problem. This section proposes the methods to tackle the above
two subproblems.

4.1. Framework

We establish an offline grouping and online matching (OGOM) framework for ridesplit-
ting dispatch, as shown in Figure 2, including three parts: simulation model, optimization
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modules, and ridesplitting dispatching optimization process. The simulation model is
mainly used to compute the trip completion process, consisting of basic data, model cal-
ibration, and simulation environment. The optimization modules are used to solve the
two subproblems in Stage 1 and Stage 2, consisting of the request grouping module and
supply–demand matching module. The ridesplitting dispatching optimization process is
the main flow of the ridesplitting service.

Figure 2. Two-stage framework for ridesplitting dispatch.

4.2. Simulation Model

As shown in Figure 2, an event-based simulation model is built for computing the
traveling and routing of vehicles when they are working on trip tasks (pick up and deliver
passengers according to planned routes) or are idle. We use the simulation software
MATSim 13.0 to build the simulation model. The basic data used for model development
include road network data, cellular signaling data and travel time dataset. The simulation
model takes into account the background travel demand of private cars and is calibrated
with travel time obtained from the navigation API service. The main steps for constructing
and calibrating the simulation model are as follows:

First, the road network in the simulation model is constructed, and the background
traffic demand in the simulation model is generated based on cellular signaling data.
Second, the travel time of important roads is selected as the calibration object for comparing
the simulated travel time with the ground truth. The simulation model is calibrated by
adjusting the traffic demand of key OD pairs until the following criterion is met:

NRMSE =

√
1
n ∑n

i=1
(
x′i − xi

)2

1
n ∑n

i=1 x′i
< α, (3)

where Equation (3) indicates that the normalized root mean square error (NRMSE) is less
than α, which is an acceptable threshold for traffic model calibration. n is the number
of calibration objects, x′i is the actual travel time and xi is the simulated travel time. The
calibrated simulation model will serve as the simulation environment for algorithm testing.

4.3. Optimization Modules
4.3.1. Request Grouping Module

The request grouping module is the primary optimizer in Stage 1, with the main steps
including hypergraph construction and solving the WHMM problem.

https://doi.org/10.3390/app16063003

https://doi.org/10.3390/app16063003


Appl. Sci. 2026, 16, 3003 10 of 27

In the request grouping module, the first step is to construct hypergraph H = (U, E),
where vertex set U corresponds to request set R. Determining edge set E depends on
whether the requests corresponding to these nodes can be combined into a candidate
ridesplitting trip.

Identifying a ridesplitting trip hinges on establishing the sequence of origins and
destinations for the requests, reflecting the order of passenger pickups and drop-offs. As
shown in Figure 3, there is only one sequence mode for the two-request trip: reach the two
requests’ origins and then reach their destinations. There are two sequence modes for the
three-request trip. Mode 1 reaches the three requests’ origins first and then reaches their
destinations. Mode 2 arrives at the origins of two requests, reaches the destination of one
request, goes to the origin of the third request, and then reaches the destinations of the
remaining two requests.

 
(a) 

 
(b) 

 
(c) 

Figure 3. Illustration of ridesplitting trips. (a) Two-request trip; (b) Three-request trip (mode 1);
(c) Three-request trip (mode 2).

The mutual sequence between origins (destinations) can be changed in each se-
quence mode. Taking a two-request trip as an example, there are 4 sequence situations:
(oi→ o j → di → dj ), (oi→ o j → dj → di ), (oj→ o i → dj → di ), and (oj→ o i → dj → di ). The
sequence situations of three-request trips are even more complex, with 60 different situations.

The requests can be combined into a candidate ridesplitting trip as long as there is one
sequence situation meeting the following constraints:

t′ox ≤ tox + ∆, x ∈ {i, j, k}, (4)

t′dx ≤ tdx + ∆, x ∈ {i, j, k}. (5)

These two constraints indicate that the vehicle must arrive at the origin and destination
of each request within ∆, representing the maximum waiting time and maximum delay that
passengers can accept. As shown in Figure 3, t′ox (t′dx) on the time axis are all located to the
left of tox + ∆ (tdx + ∆). tox represents the reserved departure time of rx, and tdx represents
the expected arrival time of rx without ridesplitting. t′ox and t′dx represent the departure
and arrival time of rx in the candidate ridesplitting trip. tdx, t′ox and t′dx need to call the
optimal path module for calculation. When calculating candidate ridesplitting trips, the
first request departs on time, i.e., t′oi = toi.
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Given request set R = {r1, r2, . . . , rn} with reserved departure time during pe-
riod [t0, t0 + Tmax], there are many methods for calculating candidate ridesplitting trips
(Appendix A). However, both the exhaustive method and rolling time window (RTW)
method exhaustively list 60 sequence situations when calculating three-request trips, re-
sulting in a long computation time. To address this issue, we propose an SI method that
infers the sequence of three-request trips based on the sequence of two-request trips. The
SI method also adopts a rolling time window approach to accelerate the calculation speed.
Figure 4 shows two examples of inferring the sequence of three-request trips. Given re-
quests ri, rj and rk, first determine if they can be combined pairwise. The three requests in
Figure 4a can be combined pairwise, corresponding to mode 1 in Figure 3b. In Figure 4b,
two requests cannot be combined, corresponding to mode 2 in Figure 3c. Then, infer the
sequence of the three-request trips based on the sequence of the two-request trips. For
example, if oi comes before oj in the sequence of the trip

(
ri, rj

)
, then oi also comes before

oj in the sequence of trip
(
ri, rj, rk

)
. After testing, the proposed SI method can reduce the

computation time by 49.35% compared to the benchmark (Appendix A.3).

(a) 

(b) 

Figure 4. Sequence inference of three-request trips. (a) Three-request trip; (b) Three-request trip (The
red cross represents that ri and rk cannot be combined).

After calculating candidate ridesplitting trips TCR using the above methods, it can be
determined which vertices have hyperedges, thereby obtaining edge set E and constructing
hypergraph H = (U, E), where U is the vertex set, E is the edge set, and the weight of
each edge e in E is w(e). The WHMM problem refers to determining matching M ⊆ E that
maximizes the sum of weights of all edges:

max
M⊆E

∑e∈M w(e). (6)

Simultaneously, it is necessary to meet the definition of hypergraph matching, which
means that any two edges in M do not have a common vertex.

The edge weight w(e) in the hypergraph quantifies the overall utility of grouping
the requests in hyperedge e into a shared ride. To holistically evaluate a ridesplitting
combination, we define w(e) as a composite function that balances two critical opera-
tional objectives: maximizing trip consolidation, minimizing passenger delay. Let e be a
hyperedge representing a candidate ridesplitting trip. Its weight is calculated as:

w(e) = |e| − 1 − βD_total(e). (7)
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where |e| represents the number of requests in e and D_total(e) represents the total delay
of all requests in e. The coefficient β is a weighting parameter that reflects the trade-off
between the two objectives.

Many studies employ optimization solvers for tackling the WHMM problem, particu-
larly for manageable problem scales [5,29]. Following this established approach, we adopt
Gurobi to solve the WHMM problem in our framework (Algorithm 1). The solution process
is formalized as a 0–1 integer programming model, which preserves the original objective
of maximizing the sum of selected edge weights (Equation (6)). A binary decision variable
xi is associated with each hyperedge ei ∈ E, where xi = 1 indicates that ei is included in
the matching M, and xi = 0 otherwise. The core constraint of the model ensures that for
any vertex u ∈ U, at most one incident hyperedge is selected into the matching, which
is expressed mathematically as ∑i:u∈ei

xi ≤ 1, ∀u ∈ U. The complete model definition is
as follows:

Algorithm 1 Algorithm with Solver.

Input : Hypergraph H = (U, E) with weights w(e)
Output : Weighted matching M
1. Define model:

2. argmax
|E|
∑

i=1
w(ei)xi

3. s.t. ∑i:u∈ei
xi ≤ 1, ∀u ∈ U

4. xi = 0, 1, ∀k ∈ {1, 2, . . . , |E|}
5. M = Solver(model)
6. return M

Although the WHMM problem is NP-complete [29], optimization solvers like Gurobi
are preferred for their ability to deliver provably optimal or near-optimal solutions. Con-
sequently, the matching M obtained from Gurobi is used to select the corresponding
candidate trips from TCR, which are then passed to the subsequent online matching stage.
This approach ensures solution quality at the grouping stage, providing a solid foundation
for the overall dispatch performance.

4.3.2. Supply Demand Matching Module

The supply–demand matching module is the primary optimizer in Stage 2. We model
the matching problem as a task assignment problem, and its definition is as follows:

Given vehicle set V = {v1, v2, . . . , vm} and trip set T = {T1, T2, . . . , Tl} participating
in the matching during the current period tm, it finds an optimal task assignment scheme
that minimizes the total cost C. The mathematical formulation for the assignment problem
is as follows:

minC = ∑n
j=1 ∑n

k=1 cj,kxj,k, (8)

cj,k = t
(

pvj , oTk

)
+ (tTk

− tm), (9)

s.t.

∑m
j=1 xj,k = 1, ∀k ∈ {1, 2, . . . , n}, (10)

∑l
k=1 xj,k = 1, ∀j ∈ {1, 2, . . . , n}, (11)

xj,k ∈ {0, 1}, ∀j, k ∈ {1, 2, . . . , n}. (12)

This assignment problem minimizes the vehicle’s pickup time while ensuring that
trips with earlier expected departure times are picked up first. The first term of the cost
function t

(
pvj , oTk

)
represents the travel time of vehicle vj from the current position pvj to
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the origin of trip Tk. The second term (t Tk
− tm ) represents the time difference between the

expected departure time of Tk, tTk (i.e., the reserved departure time of the starting request)
and current matching period tm. The decision variable xj,k is 0–1 binary variable. xj,k = 0
indicates that vj is not assigned to complete Tk, while xj,k = 1 indicates that vj is assigned
to complete Tk. Constraint (10) indicates that each trip must be completed only by one
vehicle. Constraint (11) indicates that each vehicle must complete only one trip.

It should be noted that the original problem is a generalized assignment problem,
where the number of vehicles m and the number of trips l may not be equal. Therefore, we
determine that both the number of vehicles and the number of trips are n = max(m, l) and
transform the original problem into the standard form of the assignment problem. If m > l,
some virtual trips are added. If m < l, some virtual vehicles are added. The cost c related
to virtual trips and virtual vehicles is set to 0.

When calculating cost function cj,k, it is necessary to determine whether vj and Tk

meet the following constraints:
t
(

pvj , oTk

)
≤ τ (13)

tm + t
(

pvj , oTk

)
− tTk ≤ ∆ (14)

Constraint (13) indicates that the upper limit of the vehicle’s pickup time is τ. Con-
straint (14) indicates the upper limit of the waiting time for the trip is ∆, i.e., waiting time
for the starting request. If the above constraints are not met, then cj,k will equal a sufficiently
large constant cmax.

We employ the Kuhn–Munkres algorithm [47,48] as the solution algorithm for the
assignment problem. Based on the solution and trip information, vehicle travel plans can
be developed.

4.3.3. Utility Modules

Optimal Path Module: The optimal path module is mainly used to calculate the
shortest path between two nodes and provide corresponding travel time, travel distance,
path sequence, and other information. Constructing the optimal path module requires
exporting road network parameters (including node and road segment data) and dynamic
travel time data of road segments every 10 min from the simulation environment. Node
and road segment data are used to construct the road network in the optimal path module,
and the dynamic travel time of road segments is the weight of road segments required
to calculate the optimal path. The optimization modules require multiple calls to the
optimal path module, especially the request grouping module. We employ the contract
hierarchies (CH) algorithm [49] as the optimal path algorithm, which can preprocess the
original road network and calculate some shortcuts between nodes in advance. Therefore,
the CH algorithm can reduce the number of road segments and simplify the road network,
improving computational efficiency.

Vehicle Cruising Module: After the supply–demand matching is completed, some idle
vehicles may not be successfully matched. In the dispatching process, it is necessary to
call the vehicle cruising module to formulate the cruising route for each idle vehicle. First,
the real-time location of the idle vehicle is obtained as origin o. Second, randomly select a
location as the cruising destination d. Finally, the optimal path module is used to calculate
the cruising route path(o, d) of each idle vehicle. The vehicle cruising module can improve
the vehicle location distribution and promote ridesplitting efficiency.

4.4. Optimization Process

The most crucial part of the proposed framework is the ridesplitting dispatching
optimization process in Algorithm 2.
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Algorithm 2 Ridesplitting Dispatching Optimization Process.

Input: Requests R, vehicles V
1. T = GroupRequest(R)
2. Initialize the simulation environment
3. tm = t0, Vm = V
4. while tm < t0 + Tmax do
5. Tquit = {T f or T in T i f tT < tm − ∆} (Trips with too long waiting time)
6. T = T − Tquit

7. tad = tm + θ (Vehicles at time tm can match trips at time tad in advance)
8. Tm = {T f or T inT i f tT ≤ tad}
9. Vmatched, Tmatched, Plan = MatchSupplyDemand(Vm, Tm)

10. AddPlanToSimulation(Vmatched, Tmatched, Plan)
11. T = T − Tmatched

12. Vm = SelectIdleVehicleFromSimulation(V)

13. tm = tm + σ

14. Termination

First, the request grouping module is called to combine the entire matching period’s
request set R into trip set T . Second, tm, Vm and the simulation environment are initialized.
Third, in each matching period tm, the trips for the currently matching period areT m is
selected from T and the trips with too long a waiting time are deleted from T . Then, the
supply–demand matching module is called to match Vm and Tm. The matched vehicles’
travel plans are input into the simulation environment. Finally, tm, T and Vm are updated.
When the loop ends, the entire ridesplitting dispatching process is completed.

5. Experiment
This section presents the experimental setup and evaluation of the proposed OGOM

framework, using the Hangzhou Asian Games as a case study. As shown in Figure 5, the
study area highlighted by the red line is located in Xiaoshan District and Binjiang District
of Hangzhou, China. Three yellow five-pointed stars indicate the location of important
venues for the 19th Asian Games. The evaluation involves two main steps: (1) constructing
a traffic simulation environment for the event area using MATSim, and (2) executing the
ridesplitting dispatching process within this environment using synthesized travel demand
data. All simulations were performed on a workstation equipped with a 16-core Intel Core
i7-11800 CPU at 2.3 GHz.

 

Figure 5. Study area in Hangzhou.
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5.1. Data Sources and Processing

The simulation experiments rely on four primary data sources: road network data,
background traffic demand data, calibration data, and synthesized request data. Their
processing steps are detailed below.

Road network data: The road network for the simulation was constructed using
data from OpenStreetMap (OpenStreetMap is open source map data. https://www.
openstreetmap.org/, accessed on 28 January 2026) (OSM). To enhance computational
efficiency, preprocessing involved the removal of lower-level road segments (e.g., residen-
tial paths, service roads) and ensuring network connectivity at the area boundaries. The
final processed network contains 10,478 nodes and 12,861 segments. Key attributes include
node IDs with coordinates (longitude, latitude) and segment IDs with associated start/end
nodes and lengths.

Background traffic demand data: To simulate realistic background traffic, we utilized
an anonymized cellular signaling dataset provided by a major mobile network operator
in Hangzhou. This dataset records trip counts between mobile base stations within the
main urban area during the morning peak period (7:00–9:00). The study area encompasses
7710 base stations. The raw data, containing fields for base station ID, geographical
coordinates, and cross-station trip volumes, was processed to remove invalid records
(e.g., trips with identical origin and destination stations). The valid signaling records are
generated into the MATSim trip plan, which obtains about 290,000 trips. As the market
coverage rate of this operator is about 70%, an expansion factor of 1.43 was applied to
inflate the 290,000 trips to approximately 410,000 OD trips, which served as the initial travel
demand for model calibration.

Calibration data: The simulation model’s travel times were calibrated against real-
world data to ensure validity. Travel times for key road segments, including highways,
expressways, and major arterials within the study area, were obtained as ground truth
using the navigation API service from Amap (Amap provides navigation API services.
https://www.amap.com/, accessed on 28 January 2026), a leading digital map provider in
China. These segments were selected because they carry over most of the total vehicle-miles
traveled in the region and form the primary corridors for ridesplitting vehicles, making
their travel time accuracy critical for the evaluation.

Synthetic request data: A set of 10,000 reservation requests was synthetically generated
to represent travel demand specific to the mega-event scenario. The main fields of the
request data include request ID, origin, destination, and reserved departure time. The
temporal and spatial characteristics were designed as follows:

The reserved departure times of the request data are generated within the operational
period from 7:00 to 10:00. Their distribution is determined by the associated hub, travel
direction, and temporal phase relative to the events. We employ four stochastic models
to capture key demand patterns: a Normal distribution models the morning outbound
peak from the Asian Games Village; Uniform distributions model dispersed returns to
the village, random spectator departures before events end, and random late arrivals
after events start; Poisson processes generate the stochastic arrival times of spectators
before events, from which request departure times are derived by subtracting simulated
travel time; and a Shifted Exponential distribution captures the sharp demand surge in
departures immediately after the events end. The complete configuration for request
departure time generation is detailed in Table 2. The overall distribution of departure times
for all synthesized requests is visualized in Figure 6a.
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Table 2. Temporal distribution models for synthetic request data generation.

Hub Direction Phase Temporal
Distribution Model

Number
of Requests Proportion Characteristics

Asian Games
Village

Outbound - Normal
Distribution 4000 40% Morning outbound peak.

Inbound - Uniform
Distribution 1000 10% Dispersed morning return.

Hangzhou
Olympic Sports
Center Stadium

(Event Time:
8:00–9:00)

Outbound
Before the end Uniform

Distribution 200 2% Random departures before
the end.

After the end Shifted
Exponential Distribution 1800 18% Sharp demand surge after

the end.

Inbound
Before the start Poisson

Process 1800 18% Pre-event arrival peak.

After the start Uniform
Distribution 200 2% Random late arrivals.

Xiaoshan Sports
Center

Gymnasium
(Event Time:
8:30–11:00)

Outbound Before the end Uniform
Distribution 100 1% Random departures before

the end.

Inbound
Before the start Poisson

Process 800 8% Pre-event arrival peak.

After the start Uniform
Distribution 100 1% Random late arrivals.

   
(a) (b) (c) 

Figure 6. Temporal-spatial distributions of request data. (a) Temporal distribution of requests;
(b) Spatial distribution of origins; (c) Spatial distribution of destinations.

The spatial attributes of the requests are determined by a hub-based rule. For in-
bound requests, the destination is the designated hub, and the origin is generated uni-
formly at random within the study area. Conversely, for outbound requests, the origin
is the hub, and the destination is uniformly randomly selected. This uniform random
sampling for the non-hub location models the spatially dispersed nature of event-driven
travel, where participants originate from or depart to widespread locations across the city.
The resulting spatial distributions of request origins and destinations are visualized in
Figures 6b and 6c, respectively.

5.2. Simulation Environment

Based on the datasets described in Section 5.1, a simulation model was built according
to the steps in Section 4.2. First, OSM data were used to construct a simulated road network
in MATSim, as shown in Figure 7. Second, approximately 410,000 trips were obtained with
the cellular signaling dataset as the initial background traffic demand. Finally, the travel
time of important roads is calibrated by adjusting the traffic demand of key OD pairs. The
calibration objective was to minimize the NRMSE (Equation (3)) between simulated and
observed travel times across multiple time intervals. The acceptance threshold was set
at α = 0.3. This threshold aligns with common practice in simulation model calibration,
where an NRMSE below 0.3 is often considered indicative of a good fit between model
and reality [50,51]. The calibration was performed by iteratively adjusting the traffic
demand (trip departure times and routes) of a subset of key Origin–Destination (OD) pairs.
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The process reduced the system-wide NRMSE from 1.29 to 0.29, meeting the predefined
threshold. The calibrated simulation model will serve as the simulation environment for
the ridesplitting dispatching optimization process.

 

Figure 7. Road network of the simulation model.

5.3. Parameters Setting

The basic experimental parameters for the simulation and dispatching framework are
set in Table 3. The selection of these values is based on a combination of industry service
standards and computational considerations for the matching horizon.

Table 3. Parameter setting and operational interpretation.

Parameter Value Operational Interpretation

λ 120 s Group planning horizon: The look-ahead window for grouping.
β 0.03 Weight parameter: Reflecting the trade-off between objectives
σ 60 s Matching rhythm controller: The matching time interval.
∆ 180 s Service level agreement: Maximum delay a passenger tolerates.
θ 600 s Dispatch planning horizon: The look-ahead window for matching.
τ 600 s Passenger wait tolerance: Maximum pickup time.

5.4. Experimental Procedure

The primary objective of the experiments is to rigorously validate the proposed Of-
fline Grouping and Online Matching (OGOM) framework against realistic and strong
operational baselines.

To ensure the statistical robustness of our findings, all simulation experiments are
conducted with multiple independent replications. For each experiment, the proposed
OGOM framework and all benchmark algorithms are evaluated under identical conditions.
The core parameters are set according to Table 3. The vehicle fleet is initialized with random
positions uniformly distributed across the study area. This random initialization mitigates
the impact of any advantageous or disadvantageous initial vehicle clustering on the results.
Each configuration is run n = 10 times with different random seeds. These seeds control the
stochastic generation of the initial random distribution of vehicles.

To comprehensively evaluate the OGOM framework, we conduct three sets of com-
parative experiments, ecompassing the following algorithms and scenarios:

Non-Ridesplitting (NRS)—This scenario serves as the primary baseline, where
ridesplitting is disabled. Each request must be served by a dedicated vehicle. The perfor-
mance of NRS quantifies the fundamental efficiency gain attributable to enabling ridesplit-
ting, isolating the benefit of vehicle sharing from algorithmic sophistication.

Rolling Horizon Batching (RHB)—This algorithm represents an operationally feasible
benchmark that employs a simpler, real-time ridesplitting strategy. The RHB algorithm
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operates by accumulating incoming requests within a short, fixed time window (e.g., 60 s),
then performing a greedy, batch matching of the accumulated requests based on spatiotem-
poral feasibility constraints (similar to Equations (4) and (5)), and finally dispatching the
matched trips to vehicles.

Proposed OGOM Framework—The full implementation of our methodology, as de-
scribed in Section 4.

Based on the above setup and benchmarks, an overall performance comparison and a
sensitivity analysis are performed, with results presented in Section 6.

6. Results
6.1. Comparative Analysis with Benchmark Algorithms

To evaluate the proposed OGOM framework, we compare it against a non-ridesplitting
(NRS) scenario and rolling horizon batching (RHB) algorithm.

The comparative results are presented in Table 4. The proposed OGOM framework
achieves a service rate and shared rate better than that of the RHB algorithm. It substantially
outperforms the NRS baseline in service rate, validating the efficacy of its optimized
offline grouping stage. The high shared rate leads to two significant outcomes: first, the
average request completion distance is shorter than that of benchmarks; second, the average
passenger delay under the proposed framework, while slightly higher than that of the
benchmarks, remains within an acceptable range, representing a reasonable trade-off for
the substantial gains in system efficiency and service capacity.

Table 4. Performance comparison with the benchmarks.

Method Service Rate Shared Rate Avg. Completion
Distance (km) Avg. Delay (s)

OGOM 92.12% ± 2.78% 90.58% ± 2.61% 10.22 ± 0.43 151.44 ± 6.51
RHB 83.38% ± 3.72% 79.3% ± 3.65% 12.17 ± 0.60 143.32 ± 4.95
NRS 60.81% ± 3.35% - 16.58 ± 0.75 125.26 ± 3.67

6.2. Sensitivity Analysis

We conducted a sensitivity analysis to evaluate and compare the performance of the
proposed OGOM framework by systematically varying two key operational parameters:
the total request quantity Nr and the maximum pickup and drop-off time window ∆.

6.2.1. Request Quantity

Figure 8 presents the experimental results across four key metrics. In Figure 8a, the
service rate under the NRS baseline drops sharply with increasing request quantity Nr, from
nearly 100% at Nr = 3000 to approximately 40% at Nr = 7000, while OGOM maintains the
highest service rate throughout, followed closely by RHB. Figure 8b shows that OGOM
achieves the highest shared rate, reaching nearly 90% at Nr = 5000 before slightly declining,
significantly outperforming RHB and NRS. Regarding efficiency in Figure 8c, the average
request completion distance for OGOM is the lowest and remains stable around 10 km,
whereas NRS exhibits the longest and most variable distances, indicating that OGOM’s
high shared rate translates into reduced travel kilometers. In Figure 8d, the average delay
increases with Nr for all algorithms, with OGOM showing the highest delays (reaching
~160 s at Nr = 7000) compared to RHB and NRS, though still within a practical operational
range. These results confirm that OGOM delivers superior service and shares performance
at the cost of marginally higher delays.

https://doi.org/10.3390/app16063003

https://doi.org/10.3390/app16063003


Appl. Sci. 2026, 16, 3003 19 of 27

  
(a) (b) 

  
(c) (d) 

Figure 8. Comparison of metrics with respect to request quantity. (a) Service rate; (b) Shared rate;
(c) Average completion distance; (d) Average delay.

6.2.2. Pickup and Drop-Off Time Window

Figure 9 presents the sensitivity analysis of the OGOM framework under varying
maximum pickup and drop-off time windows (∆). In Figure 9a, the service rate improves for
all three algorithms as ∆ increases, with OGOM consistently achieving the highest service
rate across the evaluated range, demonstrating its superior ability to utilize extended time
windows to match more requests. Figure 9b shows that the shared rate also increases
with ∆, and OGOM maintains a clear advantage, achieving a shared rate close to 90%
at ∆ = 300 s, significantly higher than that of RHB and NRS. In Figure 9c, the average
completion distance decreases for all methods as ∆ grows, and OGOM achieves the shortest
average distance, indicating higher operational efficiency through optimized ridesplitting.
Regarding passenger experience in Figure 9d, the average delay increases with ∆ for all
algorithms, and while OGOM results in slightly higher delays compared to RHB and
NRS, the increase remains within an acceptable practical range. These results confirm the
robustness of the OGOM framework and its ability to deliver balanced performance gains
across key metrics as operational constraints are relaxed.
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Figure 9. Comparison of metrics with respect to ∆. (a) Service rate; (b) Shared rate; (c) Average
completion distance; (d) Average delay.

6.3. Spatially Disaggregated Performance Analysis

To investigate potential spatial inequities in service quality, we partition the study
area into three concentric zones relative to the main event cluster: core zone (within
2 km), buffer zone (2–5 km), and peripheral zone (>5 km). We calculate key performance
indicators—service rate, average delay, and request cancellation rate—for requests origi-
nating in each zone. The results are summarized in Table 5.

Table 5. Performance metrics by spatial zone.

Zone Service Avg. Delay (s) Cancellation Rate

Core 95.52% 132.23 2.27%
Buffer 91.38% 157.89 4.51%

Peripheral 89.3% 189.74 9.82%

The analysis reveals a spatial gradient in service quality. While the core zone enjoys
excellent service, performance degrades towards the periphery, with a lower service rate
and higher delays/cancellations. This is primarily due to longer vehicle travel times
to reach peripheral origins, which more frequently exceed the maximum pickup time
constraint, and a lower density of idle vehicles.

7. Discussion
This study proposes and validates a two-stage dispatch framework for reservation-

based ridesplitting services during mega-events. Comparative simulations and sensitivity
analyses based on the Hangzhou Asian Games case study yield the following key insights.
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7.1. Interpretation of Framework Performance

The proposed framework’s effectiveness, evidenced by a mean service rate of 92.12%
(an 8.74% improvement over the benchmark) while maintaining average passenger delay
between 2 and 4 min, is intrinsically linked to its design.

The core advantage stems from utilizing advanced reservation information. This
allows the computationally intensive request grouping problem to be formulated as a
Weighted Hypergraph Maximum Matching (WHMM) problem and solved offline with
a solver like Gurobi. This proactive, global optimization of request pooling for shared
rides is fundamentally more efficient than purely real-time, reactive dispatching strate-
gies, especially under the high-demand, spatiotemporally concentrated conditions typical
of events.

The proposed Sequence Inference (SI) method addresses a key computational bottle-
neck. By inferring feasible sequences for three-request trips from pre-computed two-request
pairs, it reduces the time for constructing the candidate trip hypergraph by 49.35% com-
pared to the Rolling Time Window method. This enhancement is crucial for handling
large-scale request datasets practically.

The OGOM framework successfully manages the inherent trade-off between service
capacity and passenger experience. Ridesplitting significantly boosts the service rate
compared to a non-ridesplitting (NRS) baseline and reduces the average request completion
distance by over 30%, indicating higher vehicle utilization and lower system-wide vehicle
kilometers traveled. This is achieved while controlling the additional delay imposed
on passengers due to sharing within a strictly bounded, acceptable range (2–4 min in
our experiments).

7.2. Operational Boundaries and Sensitivity

The performance of the OGOM framework is not universal but is shaped by opera-
tional parameters and contextual constraints, as revealed by the sensitivity analysis.

The sensitivity analysis on request quantity (Nr) underscores the framework’s perfor-
mance boundaries. As Nr increases against a fixed fleet size, the service rate for all methods
declines, with the NRS baseline experiencing the sharpest drop. While the OGOM frame-
work maintains the highest service rate throughout, the concurrent increase in average
delay for all algorithms highlights the fundamental tension between demand volume and
service quality under constrained supply.

Performance metrics improve with a larger maximum pickup/drop-off time window
(∆), as it allows for more flexible and efficient trip combinations. The sensitivity analysis
reveals the characteristics of the trade-off between service rate and average passenger delay.
The observed trends indicate a relationship of diminishing returns: initial increases in ∆

yield substantial gains in service rate, but further relaxations bring progressively smaller
benefits while passenger delays continue to rise. This qualitative insight still provides a
valuable basis for service level agreement design, helping operators identify the best point
of balanced operation aligned with their priorities.

Besides, service quality degrades for requests originating in peripheral zones com-
pared to core areas near event venues, highlighting a spatial equity challenge due to longer
vehicle access times and lower vehicle density.

7.3. Limitations and Future Research Directions

The current framework, while effective, is built upon several simplifying assumptions
that define its scope and point toward valuable future work.

First, the model assumes a fixed, known set of reservation requests and that all
passengers are willing to share, with a uniform delay threshold. Future work should
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relax these to incorporate dynamic request arrivals, cancellations, and heterogeneous user
preferences (e.g., willingness to share, service tiers), requiring online re-grouping and
re-matching algorithms. Second, the framework is built upon the simplifying assumption
of a fixed fleet size, which isolates algorithm performance but does not reflect the dynamic
nature of real-world operations where vehicle availability fluctuates due to shift changes,
zone entry/exit, or repositioning. Future research should integrate a time-varying or
stochastic vehicle supply model—potentially using real-time data feeds or modeling driver
availability as a stochastic process—and couple it with a dynamic fleet management module.
Third, the offline grouping stage optimizes request pooling without considering the real-
time spatial distribution of vehicles, which is determined in the subsequent online matching
stage. The two-stage decoupling process represents a fundamental trade-off between
computational tractability and operational fidelity. Building directly on this limitation,
a promising direction is to investigate feedback mechanisms or integrated models that
couple these stages more closely to enhance real-world feasibility. Fourth, the current
primary objective is system-level efficiency (service rate under delay constraints). Future
research should integrate multi-faceted objectives such as service equity across different
zones, operator profitability, and environmental impact into a comprehensive decision-
support framework. Besides, future work should explore online extensions that incorporate
dynamic request insertion and vehicle re-routing. Insights from intelligent clustering and
learning-based resource balancing strategies in distributed systems, as discussed in the
context of large-scale optimization under resource constraints [52], could inform the design
of adaptive, real-time re-grouping and re-matching algorithms to handle such dynamism.
Lastly, future work should involve testing with real-world, city-scale datasets and exploring
distributed computing algorithms to further accelerate the offline grouping module for
even larger problem instances, paving the way for practical deployment.

In conclusion, the OGOM framework demonstrates a viable and efficient strategy
for managing ridesplitting services in mega-events. It translates the unique characteristic
of advance reservations into a computational advantage, achieving a superior balance
between serving more passengers and maintaining service quality compared to bench-
mark strategies. The insights and limitations identified provide a clear roadmap for both
operational application and further academic research.

8. Conclusions
This study proposed a two-stage framework, Offline Grouping and Online Matching

(OGOM), to address the ridesplitting dispatching problem for reservation-based travel
during mega-events. The framework was developed, tested, and validated through
a comprehensive case study of the Hangzhou Asian Games, leading to the following
principal conclusions:

The OGOM framework effectively leverages advanced reservation information. By
decomposing the complex problem into an offline weighted hypergraph maximum match-
ing (WHMM) stage for optimal request grouping and an online simulation-based matching
stage, it achieves a superior balance between high service rates and controlled passenger
delays. Validation results demonstrated a mean service rate of 92.12%, representing an
8.74% improvement over a rolling horizon batching benchmark, while maintaining the
average passenger delay between 2 and 4 min.

Ridesplitting, as optimized by the proposed framework, demonstrates a significant
advantage in meeting the concentrated, high-volume travel demand characteristic of mega-
events. Compared to a non-ridesplitting (NRS) scenario, it enables the completion of
substantially more requests with comparable service quality. A key efficiency gain is the

https://doi.org/10.3390/app16063003

https://doi.org/10.3390/app16063003


Appl. Sci. 2026, 16, 3003 23 of 27

reduction in the average request completion distance by over 30%, indicating higher vehicle
utilization and lower system-wide vehicle kilometers traveled.

The methodological enhancement developed for the framework—the Sequence In-
ference (SI) method for constructing the candidate ridesplitting hypergraph—proved
crucial for scalability. It reduced the computation time by 49.35% compared to a con-
ventional rolling time window method, enabling the efficient processing of large-scale
request datasets.

The sensitivity analyses revealed the operational boundaries and fundamental trade-
offs managed by the framework. Performance is positively influenced by a larger maxi-
mum pickup/drop-off time window and is strongest for requests originating near event
hubs. The framework navigates the inherent trade-off between maximizing the service
rate and minimizing passenger delay, providing practical insights for setting service-
level agreements.

In summary, this work provides an effective, simulation-validated operational strategy
for enhancing shared mobility services during mega-events. The findings highlight the
potential of ridesplitting to meet more travel demand with greater efficiency, offering
valuable guidance for event organizers, mobility platform operators, and urban transport
planners seeking to improve service quality and sustainability.

Future research should focus on extending the framework’s realism and robustness.
Key directions include: (1) developing online algorithms to handle dynamic request arrivals
and cancellations; (2) incorporating heterogeneous user preferences and mixed vehicle
fleets; and (3) expanding the optimization objectives to include multi-faceted goals such as
service equity, economic profitability, and environmental impact. Testing the framework
with real-world, city-scale datasets will be a critical step toward practical deployment.
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Appendix A. Hypergraph Construction Methods
Appendix A.1. Exhaustive Method

The exhaustive method is a method of exhaustively listing all sequence situations.
First, take any two requests from R to form all possible binaries and traverse these binaries
in time order. For each binary, it is necessary to exhaustively list up to 4 different sequence
situations to determine whether these two requests can be combined. Second, traverse the
triplet formed by any three requests from R. For each triplet, it is necessary to exhaustively
list up to 60 different sequence situations to determine whether these three requests can
be combined.

Appendix A.2. Rolling Time Window (RTW) Method

The commonly used method to solve the problem of long computation time in exhaus-
tive methods is the RTW method. First, we decompose the total matching duration Tmax

into several grouping time windows with a duration of λ, and use the exhaustive method
to calculate candidate ridesplitting trips for requests with reserved departure times in each
grouping time window. The RTW method can reduce the number of requests involved in
each calculation, thereby accelerating the calculation speed, but it will lead to an increase
in requests that cannot be combined. Therefore, we will postpone the requests that cannot
be combined to the next time window for recalculation.

Appendix A.3. Method Comparison

We conducted comparative tests on the methods for calculating candidate ridesplitting
trips with 500 randomly selected requests. The comparison results of the methods for
calculating candidate ridesplitting trips are shown in Table A1. The number of edges
calculated by the exhaustive method is much greater than the other two methods, especially
for edges of size 3, as shown in the Ne3 column. However, the computation time of the
exhaustive method increases exponentially in the number of requests. The sequence
inference (SI) method performs the best in computation time, with a 49.35% reduction
compared to the RTW method. The proposed SI method is the best for meeting the needs
of large-scale request datasets.

Table A1. Comparison of different hypergraph construction methods.

Method Computation Time/s Ne Ne2 Ne3

Exhaustive 1634 12,310 3236 9074
RTW 310 1442 1125 317

SI 157 1291 1125 166

Appendix A.4. Complexity and Practical Scalability

The computational complexity of the Sequence Inference (SI) method is anchored in
its worst-case scenario: when all possible request pairs are spatiotemporally feasible. In
this extreme theoretical case, the number of candidate triplets scales as O

(
n3), where n is

the number of requests in a time window, leading to a worst-case time complexity of O
(
n3).

The primary contribution of the SI method in this context is not to alter this asymptotic
bound, but to drastically reduce the constant factor within it. Compared to an exhaustive
enumeration method that must evaluate all 60 possible sequences for each triplet, the
SI method intelligently infers triplet feasibility from pre-computed pairwise sequences,
thereby eliminating the vast majority of redundant sequence checks for three-request trips.

In practice, however, this worst-case scenario (all pairs being feasible) is highly improb-
able in real-world mega-event operations. Stringent spatiotemporal constraints—namely
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the maximum wait/delay tolerance and the maximum pickup time—severely limit the
number of requests that can be feasibly combined. Therefore, the actual number of feasible
pairs and triplets is far smaller than the theoretical maximum, making the average-case
performance significantly more favorable. Nevertheless, acknowledging that computation
can become intensive for very large n, we note that for scenarios with extremely high con-
current demand, a practical deployment strategy would involve partitioning the problem
by time windows or geographical sectors and employing high-performance or parallel
computing resources to meet operational latency requirements.
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