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ARTICLE INFO ABSTRACT

Keywords: The shift from private vehicles to public and shared transport is crucial to reducing emissions
Shared mobility and meeting climate targets. Consequently, there is an urgent need to develop a multi-modal
Public transport transport trip planning approach that integrates public transport and shared mobility solutions,

Micro-mobility
Preference-based optimization
Multi-modal trip planning

offering viable alternatives to private vehicle use. To this end, we propose a preference-
based optimization framework for multi-modal trip planning with public transport, ride-pooling
services, and shared micro-mobility fleets. We introduce a mixed-integer programming model
that incorporates preferences into the objective function of the mathematical model. We present
a meta-heuristic framework that incorporates a customized Adaptive Large Neighborhood
Search algorithm and other tailored algorithms, to effectively manage dynamic requests through
a rolling horizon approach. Numerical experiments are conducted using real transport network
data in a suburban area of Rotterdam The Netherlands Model application results demonstrate
that the proposed algorithm can efficiently obtain near-optimal solutions. Managerial insights
are gained from comprehensive experiments that consider various passenger segments, costs of
micro-mobility vehicles, and availability fluctuation of shared mobility.

1. Introduction

By 2050, urban populations are projected to rise to 82%, intensifying the need for sustainable urban mobility solutions
(United Nations, 2014). Currently, private vehicles dominate road space and energy consumption, using over five times the
space (Rode et al., 2017) and six times the energy (Rubin et al., 2010) compared to public transport or shared modes, contributing
significantly to urban congestion, pollution, and greenhouse gas emissions. The shift from private vehicles to public transport and
shared mobility is essential to meet climate targets, particularly as road transport accounts for nearly 70% of transport-related
emissions in Europe (EU, 2023), 79% in China (Pei-Ning et al., 2023), and 72.8% in the United States (United States Enviornmental
Protection Agency, 2024).

In urban transport, except for private vehicles, a diverse array of transport services can potentially cater to the diverse needs
of heterogeneous travelers. Passengers select either a single service or a combination thereof in order to fulfill their travel needs
depending on their preferences and service availability. To foster better match between passengers and services, innovative platforms
have emerged, such as Mobility as a Service (MaaS) (Wong et al., 2020). The interaction between passengers and such a platform is
illustrated in Fig. 1. One essential task of the platform is to return multi-modal trip plans for passengers in response to travel
requests while considering the optimal allocation of services based on the current demand patterns. While there have been
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Fig. 1. Interaction between passengers and a mobility platform.

pioneering investigations into the multi-modal transport planning of Public Transport (PT) and ride-sharing services (Yu et al.,
2021; Molenbruch et al., 2021), the integration of micro-mobility solutions into PT has only recently begun to receive significant
attention (Zhu et al., 2020; Liang et al., 2024). In recent years, there has been a notable increase in the number of policy initiatives
specifically designed to promote the widespread adoption of micro-mobility services as a means of achieving environmentally
sustainable transport (Abduljabbar et al., 2021). Furthermore, existing research predominantly concentrates on optimizing the
supply aspect, such as finding the optimal assignment of vehicles (Ma, 2017), or delves into demand analysis, typically employing
choice models (Vij et al., 2020; Ho et al., 2020). Addressing preference-based multi-modal trip planning of PT and shared mobility
remains less explored, especially for heterogeneous users (Azadeh et al., 2022b). The lack of consideration for individual preferences
means that services may be designed as “one-size-fits-all”, potentially leading to reduced service quality. Without incorporating
preferences, trip planning may not prioritize the individual needs of users, which affects the service level (Zhang et al., 2022c),
thereby resulting in unattractive travel offers. This could result in inconvenient travel experiences, potentially discouraging users
from adopting multi-modal transport.

The preference-based multi-modal trip planning remains relatively unexplored, primarily due to its inherent complexities:
(a) Modal Integration: Coordinating multiple transport modes seamlessly is a challenging task, which involves synchronization
of schedules with integrated planning approaches. (b) Preference Integration: Integrating the preferences of passengers into
the planning process amplifies the planning complexity. Passengers have diverse and often conflicting preferences. Some might
prioritize speed and direct routes, while others may prefer more economical or environmentally friendly options. This heterogeneity
requires the platform to consider a wide range of preferences, making the planning process more intricate. To incorporate
individual preferences, the platform needs to customize services and routes, leading to a multitude of potential combinations. This
customization can result in a vast number of possibilities that must be evaluated, making the planning process computationally
intensive (Azadeh et al., 2022a). To handle these complexities, the platform may need to develop routing and scheduling algorithms
that can efficiently match passengers with their preferred services.

To reduce private vehicle usage and its associated emissions, we propose a tailored preference-based Mixed Integer Programming
(MIP) model and a meta-heuristic approach for multi-modal trip planning that integrates public transport and shared mobility,
offering passengers a competitive and sustainable alternative. Our focus extends to encompass line- and schedule-based PT modes,
such as the metro, train, and bus, alongside Shared Mobility (SM) options, including ride-pooling and micro-mobility services. Our
contributions include: (a) Introducing a preference-based multi-modal trip planning framework, which seamlessly integrates PT and
SM services. (b) Proposing a dynamic planning approach based on a rolling horizon framework, which provides multi-modal trip
plans to dynamic passenger requests. (c) Providing valuable managerial insights through extensive numerical experiments conducted
on a real-world transport network and different customer segments. These experiments include scenarios involving alterations in
the availability and costs of SM, providing comprehensive insights into the adoption of multi-modal transport for a case study in
the urban agglomeration area of Rotterdam, the Netherlands.

The rest of this paper is structured as follows: Section 2 offers a concise literature review. Section 3 describes the preference-based
multi-modal trip planning problem addressed in this study. In Section 5, the mathematical model formulation is presented. Section 6
details our solution approach, including the rolling horizon approach, the integrated planning algorithm, and the algorithms for
ride-pooling, shared mobility, and private vehicles. Section 7 provides the experimental results of our model application obtained
from applying our approach to a case study in the Rotterdam suburban area. Section 8 concludes this study, discusses the advantages
and limitations of our approach, and explores potential related avenues for future research.
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2. Literature review

This section reviews various approaches and methodologies used in multi-modal transport planning. Past studies included in our
review are selected based on a selection of recent papers that explore the integration of PT with SM. Keywords such as “shared
mobility”, “public transport integration”, and “preference-based optimization” guided our search in literature. Specifically, we
prioritized studies that focused on optimization methods, user preferences, and system-level integration. Papers focusing solely
on preferences or unimodal transport were filtered out, resulting in the identification of 12 highly relevant studies.

We categorize existing studies along three key dimensions that are central to both theoretical development and practical
implementation: the decision-making perspective adopted in the model in Section 2.1, the representation of passenger preferences
in Section 2.2, and the consideration of computational feasibility and real-time applicability in Section 2.3. We conclude this section
with a summary in Section 2.4.

2.1. Decision-making perspective in multi-modal trip planning

This section reviews existing studies based on the role and standpoint of the primary decision-maker, noting that most prior
work adopts the perspective of the transport operator. Most existing studies address the Integrated Dial-A-Ride Problem (IDARP)
from the perspective of ride-pooling or public transport operators, primarily focusing on shared ride services while overlooking
the integration of micromobility options. These studies usually employ arc-based formulations in modeling integrated multi-modal
transport planning. For example, Hill et al. (2009) introduce an arc-based formulation to solve the IDARP, which involves optimizing
the scheduling of dial-a-ride requests alongside fixed-route PT services. It provides a solution for a small-scale instance of the
problem, considering two vehicles, one PT line, and four ride requests, and simplifies the problem by overlooking waiting times
during transfers and synchronization between transport modes. Posada et al. (2017) focus on arc-flow formulations that enable
integration of demand-responsive vehicles and fixed-route transport. The study presents two distinct arc-flow models, differing in
their approach to modeling transfer points, and explores ways to enhance these models through valid inequalities. Varone and Aissat
(2015) present a multi-modal routing problem, focusing on optimizing transport using a combination of ride-sharing and PT.

A related thread of studies concentrates on comparing the performance and features of PT and ride-sharing services rather
than their integration. Fidanoglu et al. (2023) solve a DARP and compare the solutions of shared autonomous vehicles and PT
and find that service quality and energy efficiency can be improved using shared autonomous vehicles. However, they do not
consider transfers between shared autonomous vehicles and PT. Considering PT and cars, Esztergér-Kiss et al. (2020) solve a traveling
salesman problem for individual passengers, while they do not consider multiple passengers and passenger preferences.

2.2. Passenger preferences in multi-modal trip planning

Only a limited number of studies explicitly incorporate passenger preferences into multi-modal trip planning models. Passenger
preferences are considered in the integrated planning of PT and SM in the study of Azadeh et al. (2022b). They investigate the
integration of two types of bus services, i.e., Demand Responsive Transport (DRT) as a supplement to Fixed Line and Schedule (FLS),
in less densely populated regions. DRT offers flexible, app-based transportation services with customizable routes and schedules,
while FLS refers to public transport systems operating on predetermined routes and timetables, catering to regular travel patterns.
In their approach, passenger behavior is implicitly modeled through a discrete choice model, allowing for a nuanced understanding
of user preferences and their impact on system design. However, their focus is on determining the locations of FLS and DRT stations,
whereas our study concentrates on trip planning decisions.

Atasoy et al. (2015) develop a model that offers passengers a menu of optimized travel options, allowing them to choose based
on their preferences. The system’s flexibility lies in allocating vehicles to different services throughout the day, enabling them to
switch roles as needed. However, they do not consider transfers and multi-modal transport.

2.3. Computational feasibility and real-time applicability

This subsection examines how existing studies address computational feasibility, with a particular focus on their potential for
real-time implementation in dynamic operational settings. Given its inherent complexity, multi-modal planning usually involves
several sequential steps. Nonetheless, it is important to highlight that the specific steps that are undertaken in multi-modal transport
planning vary in the literature. Varone and Aissat (2015) propose a method that starts with a user’s PT itinerary, selects potential
drivers based on closeness estimation, computes driving paths, and determines the best solution for the earliest arrival time, with
experiments conducted using real-world data from Swiss cities. Stiglic et al. (2018) integrate ride-sharing and public transit through
two phases: match identification and optimization. They separately identify matches for shared rides, transit, and park-and-ride
transit. However, they do not consider matches with more than two riders. Huang et al. (2018) focus on optimizing multi-modal
trips through the application of shortest path algorithms. They leverage two real-world datasets from the Swiss Federal Railways
and a prominent European carpooling platform. They construct and query a network graph using Neo4j and use routing algorithms
like the Dijkstra algorithm to find the shortest path.

Recognizing the computational complexity involved in integrated planning of PT and ride-sharing, several studies propose
(meta)heuristic algorithms as a means to expedite the computation process. Lee et al. (2019) use a simulated annealing approach for
bus routing between train stations, and also consider vehicle relocation based on demand. If optimal bus routes cannot be achieved
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Table 1
Comparison between the proposed approach and existing approaches in the literature.
Article Problem Mode* Perspective Transfer” Dynamic User preference Methodology
Hall et al. (2009) IDARP PT, RP Transport operator v MIP
Varone and Aissat (2015) IDARP B, TR, RP, W Public transport agencies v RH SS
Atasoy et al. (2015) FMOD T, RP, MB Transport operator v MIP
and passengers
Ma (2017) IDARP TR, RP Transport operator v RH A*
Posada et al. (2017) IDARP PT, RP, W Transport operator v MIP
Huang et al. (2018) IDARP TR, RP Transport operator v Dijkstra and A*
Stiglic et al. (2018) IDARP TR, RP, W Transport operator v
Lee et al. (2019) LMT TR, RP Transport operator RM
Posada and Hall (2020) IDARP B, TR, RP Transport operator v ALNS
Yu et al. (2021) IDARP TR, S, RP, W Transport operator v AC
Molenbruch et al. (2021) IDARP PT, RP Transport operator v LNS
Azadeh et al. (2022b) CSND B (FLS, DRT) Bus operator v v MIP and ALNS
Fidanoglu et al. (2023) IDARP B, RP, W Transport operator NS
This article DMTP B, TR, RP, SMM, W System-level planning v RH v MIP and ALNS

and passengers

IDARP: Integrated Dial-a-Ride Problem; FMOD: Flexible Mobility on Demand; LMT: Last Mile Transit; CSND: Choice-driven Service Network Design; DMTP:
Dynamic Multi-modal Trip Planning; B: Bus; TR: Train; PT: Public Transport; RP: Ride Pooling; S: Subway; SMM: Shared Micro-mobility; W: Walking; T: Taxi;
MB: Mini Bus; FLS: Fixed Line and Schedule; DRT: Demand Responsive Transport; RH: Rolling Horizon.

MIP: Mixed Integer Programming; SS: Sub-path substitution; RM: Ride-matching algorithm; A*: A* algorithm; Dijkstra: Dijkstra algorithm; NS: Neighborhood
Search; LNS: Large Neighborhood Search; ALNS: Adaptive LNS; AC: Angle-based Clustering algorithm.

2 When the relevant study specifies the PT mode, it is listed explicitly. Otherwise, it is referred to as “PT”.

b The “Transfer” column indicates whether the relevant study considers the process of passengers transferring between different modes of transport. This includes
factors such as waiting times during transfers and synchronization between transport modes.

with buses at specific stations, additional buses will be relocated to those stations. Posada and Héll (2020) use ALNS to optimize the
routes of vehicles considering the timetables of PT. Yu et al. (2021) propose an angle-based clustering algorithm for multi-modal
transport with PT and shuttles, considering the convenience of passengers in terms of driving time, travel time, and number of
transfers. Molenbruch et al. (2021) solve the static IDARP using the Large Neighborhood Search (LNS) and take into account the
synchronization between shared vehicles and PT.

A few studies delve into the real-time dimension of this domain. For instance, Ma (2017) discuss a dynamic bi-/multi-modal
vehicle dispatching and routing algorithm aimed at optimizing real-time ride-sharing (feeder) services alongside existing PT
networks. The proposed algorithm focuses on shareability to group ride requests efficiently, allowing seamless bi-/multi-modal
trips while considering factors like demand intensity, fleet size, waiting times, passengers’ delays, and vehicle occupancy. Akyiiz
et al. (2023) study partial and complete re-planning of a multi-modal transport system under disruptions.

2.4. Summary

Table 1 summarizes and compares the approaches reported in the literature as well as the approach undertaken in this study
(last row). Many existing studies adopt an operator-centric view, where the objective is typically to minimize operational cost or
maximize profit (Héll et al., 2009; Varone and Aissat, 2015; Ma, 2017; Posada et al., 2017; Huang et al., 2018; Stiglic et al., 2018;
Posada and Hall, 2020; Yu et al., 2021; Molenbruch et al., 2021; Fidanoglu et al., 2023). In contrast, our study adopts a system-wide,
user-centric perspective, aiming to maximize social welfare rather than the profit of any individual operator. This approach is more
aligned with public interest and city-level policy goals, particularly in scenarios involving MaaS or publicly supported transport
services. Prior studies often overlook passenger preferences in trip planning, whereas our approach accounts for the preferences of
passengers. Only a few studies, such as Varone and Aissat (2015) and Ma (2017), have proposed dynamic planning approaches,
and this study introduces a dynamic planning method based on the Rolling Horizon framework. Our study advances this stream of
research by combining a platform-level objective with detailed modeling of user preferences, while also supporting dynamic trip
planning for passengers with real-time travel needs. This study fills a critical gap in the literature by introducing a system-wide,
user-centric perspective that prioritizes social welfare over the operational objectives of individual service providers, which aligns
with the goals of public authorities and integrated mobility platforms. To the best of our knowledge, this study is the first to propose
a dynamic multimodal transport planning approach that integrates passenger preferences within a system-level planning framework.

3. Problem description

In the following, we envisage a preference-based multi-modal trip planner, which is designed to seamlessly provide PT and SM
services (e.g. shared (e-)bikes, or scooters) to passengers. Walking to/from PT stations and SM vehicles is also considered. Table 2
lists the notations used in this paper.

In this study, we define SM as mobility solutions in which users share a fleet of vehicles, either concurrently (e.g., ride-pooling
services where multiple passengers share a vehicle simultaneously) or sequentially (e.g., micro-mobility services such as shared bikes
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Table 2
Notation.

Sets:

w Set of transport modes, w € W.

R Set of requests, r € R. R' C R denotes the set of active requests at time ¢, which includes those that
have not yet been scheduled or have not yet reached their intended destinations. Rg;y, € R
represents requests that already reached their destinations.

N Set of locations, i,j € N. O/P/D/T C N, set of depots/origins/destinations/transfer locations. C' C N,
set of current locations of vehicles at time step 1. N,, C N represents the set of locations for transport
mode w.

K Set of vehicles, k € K. Kpy C K, Kjg. € K, and K., C K represent sets of PT services, ride-sharing
vehicles, and micromobility vehicles, respectively. Ko and Kl;ivate are sets of private vehicles and
private vehicles owned by passengers associated with request r, respectively.

E Set of routes, (i,j) € E.

A Set of alternatives. A, represents the set of alternatives for request r.

H Set of schedules of finished requests Rgpq, (i,)j.k,r) € H.

Parameters:

ey Capacity of vehicle k.

q, Number of passengers associated with request r.

q.“i Travel time [minute] on the shortest path between locations i and j for vehicle k.

[a,,b,] Earliest starting time and latest ending time for request r.

Uk Vehicle k’s speed [km/h]

v, Walking speed [km/h] shared by all passengers associated with request r.

d,’; The distance [km] from location i to location j for vehicle k.

< The transport cost [euro] per minute or kilometer for vehicle k € K is denoted as CIIC/C/](" The cost per
hour of waiting time is denoted as c;.

M A large enough positive number.

ASC,, Alternative specific constant of using transport mode(s) m.

p Parameters in travelers’ utility functions.

Variables:

x,"I Binary variable indicating whether vehicle k uses the edge (i, ); 1 if it does, O otherwise.

y:‘l’ Binary variable indicating whether request r transported by vehicle k between locations (i, ;); 1 if it
does, 0 otherwise.

K Binary variable indicating whether request r is transferred from vehicle k to vehicle / at location i; 1
if it is, O otherwise.

g, Binary variable indicating whether request r is transferred during transport; 1 if it is, O otherwise.

x’f Binary variable indicating whether request r is transported by vehicle k; 1 if it is, 0 otherwise.

e f"/?f" The arrival time, beginning time, and departure time of request r served by vehicle k at location i.

tff /r’f‘ /?:( The arrival time, beginning time, and departure time of vehicle k at location i.

pait The duration vehicle k waits at location i.

t* Micro-mobility vehicle k’s last operation time.

1* Micro-mobility vehicle k’s last location.

Ve Deterministic utility of request r and alternative a.

t,, In-vehicle time when using vehicles of transport mode w or walking time when only walking.

cost,, Cost of using transport mode(s) w.

walk,, Walking time using transport mode w.

wt,, Waiting time using transport mode w.

and e-scooters that are used by different individuals at different times). We treat micro-mobility — a subset of shared mobility —
as a distinct category, encompassing lightweight, small-footprint vehicles. In our study, micro-mobility focuses on shared bikes and
scooters as they are commonly used in urban environments for either first- and last-mile connectivity or door-to-door services. The
term scooter is broader than moped and includes mopeds as a subset. Here, we use the term scooter because we are not referring to
a specific type but rather emphasizing its key characteristic of being typically free-floating. Our proposed approach accommodates
both dock-based bikes and free-floating shared scooters, making it adaptable to both dock-based and free-floating micro-mobility
systems.

Each passenger initiates a request () through the platform, with request details encompassing origin (p,), destination (d,), time
window ([a,, b,]), and the number of passengers (g,) to be transported. Passengers may voluntarily register their information, such
as gender, age, familiarity with shared mobility, and education level. If a passenger belongs to a specific segment, the corresponding
preference data will be applied. Preference data can be obtained through a combination of data collection techniques, including
surveys and questionnaires to capture user preferences, data from mobility apps and public transport platforms tracking real-time
behavior, and open government datasets on transport usage. However, determining preference parameters falls outside the scope of
this study. The utility parameters are entirely exogenous to the decision-making process of a trip planner from the MaaS platform
perspective. The trip planner considers inventory and fleet availability, using predefined user preferences to design multi-modal trips
for each request. We do not revisit or adjust individual utility parameters after the trip assignment. Instead, the system optimizes
mode assignment based on availability while adhering to the initially defined preferences.
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After a passenger initiates a request, the platform recommends an alternative from the available options. We consider both PT
and SM services to offer door-to-door services. The platform is able to provide several types of services, including:

. PT and sharing micro-mobility,

. PT and ride-pooling vehicles,

. PT and walking,

. sharing micro-mobility,

. and private vehicles/walking as opt-out options.

g b wWwN -

The category “PT and sharing micro-mobility” encompasses both PT with shared bikes and PT with shared scooters. When both
PT and SM are used, SM is utilized for the first-mile and last-mile connection, and public transport serves as the primary leg of
the journey. If PT is not used, a single SM mode can provide a complete door-to-door connection. While combinations like shared
scooters and shared bikes are not included, such combinations could be explored in future studies to enhance flexibility. In this study,
PT refers to fixed-line public transport, which represents the most common form of public transit. The selection of SM solutions is
motivated by the need for a generalizable framework. SM can be interpreted either as a fleet assigned per passenger (e.g., shared
bikes and scooters) or as vehicles shared among multiple passengers (e.g., ride-pooling vehicles), with the distinction lying in the
definition of capacity. This approach ensures that our model remains adaptable to various shared mobility configurations. These
diverse service options cater for a diverse pool of passengers with various preferences and needs.

When a passenger initiates a request, the backend generates alternatives that not only respect operational constraints, such as
micromobility vehicle occupancy, but also aim to maximize overall social welfare. Simply considering constraints is insufficient,
as failing to account for social welfare could negatively impact the utility of other passengers, especially in ride-pooling scenarios
where their routes might change. By considering both constraints and social welfare, the backend generates multiple alternatives
and selects the optimal option for the passenger considering their preferences.

The platform operates dynamically. It receives passenger requests, generates alternative solutions using a range of transport
modes, and then either assigns a ride-pooling vehicle or directs the passenger to a micro-mobility or public transport service location
considering passengers’ preferences and profiles. In the process of integrating PT with ride pooling or micro-mobility services, the
PT services are initially matched with the request. Subsequently, based on the availability of PT services, choices are made between
shared mobility options such as ride-pooling and micro-mobility services.

PT adheres to real-world schedules that are predefined, meaning that we do not account for unexpected events and the re-
planning of PT schedules. PT vehicles stop at each station for a certain amount of time to allow passengers to board and alight.
Passengers have the option to transfer from SM to PT or from PT to SM. If an SM vehicle cannot reach the PT station, walking
between the location of an SM vehicle and a PT station, or vice versa, is also allowed. Additionally, passengers can choose to walk
from their point of origin to the PT station or from the PT station to their destination, i.e., walking may be used as an access and/or
egress mode.

In the case of ride-pooling, various types of vehicles, such as vans, taxis, or mini-buses, can be used with capacity ¢, and speed
vg. In our problem formulation, ride-pooling vehicles have the flexibility of either adhering to predefined routes or being flexible
according to the demand. In the case of predefined routes, they adhere to schedules with time windows at each station. However, in
the flexible mode, these vehicles have the freedom to traverse any route necessary to pick up and deliver passengers. Ride-pooling
services involve a fleet of vehicles initially stationed at depots (possibly corresponding to drivers’ home locations in the case of ride-
sourcing platforms). Each vehicle can cater to multiple requests simultaneously, provided its capacity is not exceeded. For example,
a vehicle may pick up a passenger at location A, proceed to location B for another pickup, and eventually drop these passengers at
locations C and D, respectively. Requests that need routing at time ¢ result in updated vehicle routes, with new requests inserted
en-route into the existing schedules. In cases of insufficient capacity, some requests may remain unserved. When inserting new
requests, the schedules of planned requests can be modified as long as the planned requests are not delayed due to these changes,
and the order of planned requests remains unchanged.

Our model assumes no competition among service providers, and we operate under the assumption that drivers of ride-pooling
services will accept tasks assigned by the platform. Additionally, the battery status of micro-mobility vehicles is not considered. We
assume that transfers are limited to interchanges between SM and PT and within PT, i.e., no transfers between successive SM legs.

4. Rolling horizon approach for dynamic requests

In the real world, passengers request services at various points in time, ride-sharing drivers continuously announce their trips, and
micro-mobility service providers continuously update the real-time positions of micro-vehicles (Stiglic et al., 2018). To effectively
manage these dynamics, we implement a rolling horizon mechanism, which means that vehicles are planned dynamically when a
new request is received. The proposed multi-modal trip planner provides the best trip option to a single request at each time step,
and we do not process batch requests within a single time step. The best solution will be considered as the initial plan in the next
time step, as shown in Fig. 2.

In our rolling horizon approach, advanced reservations are applied to SM services, while PT is assumed to have unlimited
capacity, negating the need for reservations. For SM services, the system assigns specific time slots for vehicles based on passenger
requests. For micro-mobility, once a time slot is assigned to a passenger, it is exclusively reserved and cannot be used by others. In
contrast, ride-pooling vehicles can accommodate additional passengers as long as there is remaining capacity. The vehicle remains
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Fig. 2. Dynamic multi-modal trip planning based on rolling horizon.
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available for scheduling outside the reserved time slot. For instance, if a shared bike is recommended to and taken by passenger
A, it remains unavailable for passenger B while passenger A is using it. This design ensures that, at every time step, the system
identifies the optimal service assignment for the incoming request. By structuring the system in this way, we guarantee that there
is no inherent conflict between individual utility and system optimum since the optimization occurs at the level of each individual
request without revisiting past decisions.

5. Mathematical model for preference-based multi-modal trip planning

The platform acts as a responsive mediator between passengers and available services. Initially, all passengers using this platform
are asked to provide their profile information. However, passengers may choose not to provide this information. In such cases,
the platform will consider the passenger to not have specific preferences which are known a-priori. Subsequently, when the
passenger requires services, his request encompasses essential details, including origin, destination, desired departure time, and
the latest acceptable arrival time. This approach is detailed in Fig. 3, which illustrates a multi-modal trip planning framework
that incorporates heterogeneous passenger preferences into the planning process. It begins with journey planning, where diverse
passenger preferences, influenced by socio-demographic characteristics and travel objectives, are modeled. Requests from passengers
are processed through a multi-modal transport platform, which matches them with available services. The preference-based trip
planning integrates passenger utility functions into an optimization model to identify the most suitable transport alternatives,
balancing factors such as cost, time, and satisfaction. The output is a transport plan that considers preferences across multiple
passengers, generating optimized routes and connections tailored to their individual needs.

This section first introduces how the utility is calculated in Section 5.1, and then proposes a mathematical model for multi-modal
trip planning in Section 5.2.
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5.1. Heterogeneous passenger mobility preferences

Preference-based optimization can be categorized in three ways: (a) assuming all passengers have homogeneous preferences, (b)
recognizing that different passenger segments have heterogeneous preferences, or (c) considering individual preferences in detail.
In practice, it is difficult to gather precise individual preferences, while option (a) is overly simplistic and fails to reflect real-world
conditions. Therefore, this study adopts option (b) as a balanced approach. Conducting surveys to gather preferences is a common
method in the literature on preference analysis; however, this is beyond the scope of the current study. To incorporate passengers’
preferences, we adopt choice model estimations based on a stated preference survey reported in Montes et al. (2023). Montes
et al. (2023) study the multi-modal transport in Rotterdam, focusing on the preferences and choices associated with both PT
usage and the subsequent egress modes, which encompass shared bikes, shared scooters, and walking. By adopting parameters pre-
validated by Montes et al. (2023), whose study focuses on the same geographic area and population demographic as our work, we
ensure methodological consistency. Their analysis employs discrete choice modeling to rigorously capture passengers’ preferences,
including goodness-of-fit metrics (McFadden’s p?) and statistical significance testing. This alignment eliminates the need to revalidate
parameters under identical spatial and demographic conditions. Our assumptions regarding preferences are as follows:

1. Homogeneity within each group: We assume that individuals exhibit similar preferences within each user group. Socio-
demographic characteristics such as age, frequency of public transport use, and previous experience with shared micromobility
influence mode choice.

2. Attributes: Attributes considered include travel cost, in-vehicle time, waiting time, and walking time. The study differentiates
between PT attributes and SM attributes, with separate cost sensitivity for each. Unobserved attributes such as comfort and
convenience are captured through ASC.

3. Alternatives: We evaluate multiple transport alternatives, as detailed in Section 3, with choice sets tailored to passengers
based on service availability.

4. Choice mechanism: The alternative with the highest utility will be chosen.

These assumptions are motivated by the need to accurately capture real-world decision-making in multi-modal transport.
Preferences are modeled based on fundamental trade-offs between travel time and cost, as these are widely recognized as primary
determinants of mode choice. The inclusion of different passenger groups is necessary to account for variations in behavior,
particularly differences in sensitivity to cost, time, and familiarity with shared mobility. In addition, we assume static user
preferences, meaning that individual choices are based on pre-determined parameters without real-time adjustments. However,
the dynamic aspect is incorporated on the supply side, reflecting variations in resource availability, such as the presence of SM
fleets at PT stations. This structure allows for a generalizable model while maintaining computational tractability.

Montes et al. (2023) estimate Multinomial Logit (MNL) models with interaction effects of passengers’ profile information, which
includes socio-demographic characteristics and transport-related information. The considered socio-demographic characteristics
include gender, age, education, and income. The transport-related information includes frequency of use of PT, familiarity
with SM, and previous use of SM. To obtain information on passengers’ sociodemographic data, the platform can request such
details from users upon engagement. In some countries, such as the Netherlands, sociodemographic information is also publicly
accessible (StatisticsNetherlands, 2024a,b). If specific data is unavailable, the platform can apply general preference parameters.
Preferences are defined based on the market share of different alternatives for each user group, reflecting their needs and priorities
regarding different attributes of the transportation options, such as cost and travel time. The survey conducted by Montes et al.
(2023) is in the same area as this study, and we utilize the results — specifically, the estimated preference parameters for different
passenger profiles — as prior information. The profiles are illustrated in detail in Section 7.3.

We consider passengers’ preferences regarding the cost and travel time attributes of trip alternatives, along with intrinsic
preferences for factors such as comfort and convenience. The deterministic utility of each request r and alternative a is calculated
based on Eq. (1):

_ t time ,;
V&= ASC + fcost + ™ ¢time 1)

where ASC denotes the Alternative Specific Constant, capturing intrinsic preferences for specific modes.

For each request, the platform identifies the optimal alternative with the highest utility, taking into account the overall social
welfare of both current and previous passengers. The utility of the alternative proposed to the passenger is calculated using Eq.
(2) (Montes Rojas, 2021; Montes et al., 2023):

Vv, = 2 ASCkx’k +g, z Z ykr(ﬂPTu vait walt + ﬁmamTlmeTk + ﬁmamCOStcostf.‘j)
keK (i.j)eE k€Kpt

+g, Z kr(ﬂsuleme(twalt + T’I;) + ﬂfubCostcosl’{cj ))
keK\Kpr

+(1-g) 2 Z krﬂ:valk k4 z kr(ﬂmamTlme k ﬂmamCOStcostk ))

(i, ))EE kEKyaik keK\Kyyalk

(2)

where pPTwait| pmainTime - gmainCost - gsubTime apd subCost represent f parameters for waiting time at PT stations, travel time using
main transport mode, travel cost using main transport mode, travel time for access and egress legs, and travel cost for access and
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egress legs, respectively. The main transport mode means the primary mode of transport whether it is PT in a multi-modal trip or
shared micro-mobility in a unimodal trip. The decision variables in Eq. (2), including x K and y ", are determined by the optimization
model in Section 5.2 to identify the alternative with the highest utility.

The cost is a function of time and distance, as calculated by Eq. (3). The considered cost includes the fixed cost (cost* ixe d), cost
for travel time (r * cost nme), and cost for travel distance (d" % cost a ):
istance
cost[ = COStflxed + r % costt 4+ dk x cost 3)

time distance

where rl.’;. and d,.kj represent the actual travel time and distance using vehicle k, respectively.
5.2. Mathematical model for multi-modal trip planning

The platform provides a trip recommendation as soon as it receives a request r, at time 7. For requests R’ \ r, that have already
been assigned services in previous time steps, their designated services remain unchanged, meaning only the current request r, needs
to be planned. The objective of the platform is to maximize the social welfare of all passengers R’ who have not arrived at their
destinations:

a
max F(1) = Z Vv, = Z v, + Z Xy v 4
reRr! reR\r, a€A,,
where x’? = 1 indicates that the alternative a is selected for request r, V, represents the utility of request r, and V" represents

the ut111ty of alternative a for request r,. The system serves passengers sequentially in a dynamic setting and prov1des an optimal
solution for the individual passenger while accounting for resource constraints imposed by services previously assigned to other
passengers.

Constraints (5) to (26) are constraints for all transport modes. Constraints (5) make sure that the number of served requests
reaches a predefined level, which can be adjusted by parameter . The passenger r is considered served when departing from the
origin p, with a vehicle k (y’;:j = 1). Constraints (6) ensure that if a passenger starts their trip, they must also complete it by reaching
their destination.

> Dk zelR (5)

reR! keK jeN

DPREDIDWAILES ©

keK ieN keK jeN

Constraints (7) enforce that each vehicle may initiate at most one route from its initial location; Constraints (8) ensure that if a
vehicle is used, it ends the route at its designated location, except for micro-mobility and walking. Constraints (9) represent vehicle
flow conservation. Constraints (10) link yf.‘j’ and xl’.‘j variables in order to guarantee that for a request to be transported by a vehicle,
that vehicle needs to traverse the associated route.

> xp <1 Yk € K\ Kyal 7
JEN

x,;kj = xfo, Vk € K \ Kwalk&micro (8)
h : k
JEN JEN
Zxﬁ‘j—Zx;‘i=0 Vk € K\ Kya. Vi € N\ 04,0 9)
JEN JEN
Vil <xf; VG,j)€E, VkeK, Vre R (10

Constraints (11) ensure that there is only one transfer for one request at a given transfer location. Constraints (12), (13), and
(14) forbid transfers without PT services and walking, transfers between micro-mobility vehicles, and transfers between the same
vehicle k, respectively.

DAY <k 41 VreR, VieT, Vi€ K an

JEN jEN

=0 Vre R, VieT, Yk, € K\ Kprgyalk 12)

sil=0 VreR, VieT, Yk € Knpicro» V! € Knicro 13)
=0 VreR,VieT,Vkek 14

Constraints (15) are the capacity constraints.

Y a4V <ext, VG, j)€E, Vke K (15)

reR!

Constraints (16) ensure the transfer occurs in the PT stations that have the available facilities for transfers, such as SM hubs.

=0 VkeK, . VI€K,, VieT\T,> VreR Yw,.w,eW (16)

wy wy
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Constraints (17) ensure that the beginning time occurs after the arrival time of passengers. Constraints (18) ensure that the
departure time equals beginning time plus duration " kr The time " kr varies according to the specific transport mode. In the context
of public transport, it means dwelling time, whereas i 1n the case of mlcro-mobility, it corresponds to the time required for unlocking
and locking the vehicle. Constraints (19) ensure that departures occur only after all passengers have boarded or disembarked from
the vehicle. Constraints (20) ensure that the request and vehicle’s arrival time are the same. Constraints (21) define the beginning
time.

rkr

< VieN, VkeK, Vre R a7
PN < VieN, VkeK, Vre R (18)
JEN
W21 VieN,VkeK, VreR 19
t{.‘ <1’ VieN,VkeK, VreR (20)
7>t e N, EK, Vre
K>/ VieN,VkeKk, VreR 1)

i i

Constraints (22) and (23) ensure that the travel time is consistent with the distance traveled and speed. Constraints (24) take
care of the time window for the origin and destination.

z +1f =t KM =x[) V(,j) € E, Yk € K \ Ky (22)
z +7 tjk. -M(-x[) V.)€ E, Vk € K\ Kgy (23)
> a5 '<b, VG,j)€ENreR, VkeK (24)

y1r

Constraints (25) are time constraints for transfers. If a transfer occurs, the boarding time t; for vehicle / must be after the

alighting time li from vehicle k. Constraints (26) calculate passenger waiting time.

<M -5y VreR,VieT, VkieK, k#l (25)

i

WAt Kk vie N, Vke K (26)

The constraints represented by (27) guarantee the continuous operation of public transport vehicles, even in the absence of
passengers.
xffj =1 VY(,j.k) ePT (27)
Constraints (28)—(31) are dedicated to PT and ride-pooling services. Constraints (28) to (31) represent request flow conservation.
Specifically, Constraints (28) and (29) apply to regular and transfer locations, respectively. If request r is not transferred at location
i € T but vehicle k passes location i for other requests, Constraints (28) do not apply for request r. Therefore, additional flow
conservation constraints (Constraints (30) and (31)) are included.
k kr _
Z Vij = z i =0
JE€Nridegpublic JENrideg&public (28)
Vk € Kride&public» Vre R, Vi€ Nride&public \ T,p,.d,
k kr _
S o 3% =
k€Kridegpublic /€ Nridegpublic k€ Kridegpublic /€ Nridegpublic (29)
Vk € Kride&public’ Vr e Rt! VieT \ P d,
k k Ik
Z yij = Z Vi Z Sir
JE€Nridegpublic JE€Nrideg&public €K idegpublic (30)
Vk,l € Kride&publicv Vr e Rt, VieT \ Dy d,
k k ki
Z Vi = Z yij S Z Sir
JE€Nridegpublic JE€Nride&public €K idegpublic (3D
Vk,l € Kride&public’ Vre R, YieT\p,.d,

VA

Constraints (32) ensure that vehicles operate along predefined routes or park at designated locations. Routes of PT are predefined,
and ride-pooling vehicles may also operate along predetermined routes. Dock-based micro-mobility vehicles can only be parked in
predefined locations, therefore, Constraints (32) also apply to these vehicles. This constraint is critical for maintaining operational
consistency and ensuring that these services are available as planned for passengers. Without this constraint, the model could
mistakenly allow vehicles (e.g. buses and trains) to deviate from their predefined routes. Constraints (33) ensure that vehicles
follow time windows for predefined stations, and they are not applied to micro-mobility vehicles.

©=0 Vk€Kgy, Vi.j) € E\E (32)

flx

z’” > a1 < Y+ M(1 =) V,j) € E, Vr € R', Vk € Kgy \ Kniero (33)

1

Constraints (34) ensure that a micro-mobility is not able to move independently, as it is only allowed to be relocated by a
passenger. This reflects the real-world operational limitation where micro-mobility lacks autonomous movement capabilities and

10
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relies on users for repositioning. By enforcing this rule, the model accurately represents the practical constraints of micro-mobility
systems and avoids unrealistic assumptions, such as vehicles relocating themselves.

X5 SV VG, ) € Eneros Yk € Ky

VreR' (34)

icro»
Constraints (35) are designed to ensure that previously assigned services for requests remain unchanged.

y{fj’ =1 V(i jkreH (35)
Since a passenger can be transferred more than once, Constraints (36) and (37) set the binary variable g,, which determines
whether request r is transferred or not. Constraints (38) define the binary variable x’ f, which equals to 1 if a vehicle k transport

request r.

g <M Vkile K\ Kyq, YreR, VieT (36)
&M > sk Vkle K\ Ky, VreR, VieT (37)
X*>xk VkeK, VreR, Vi, j)e€E (38)

r J

Solving the mathematical model formulated in this section using the exact approach is time-consuming. We therefore propose a
tailored solution approach in Section 6 to reduce the computation time.

6. Solution approach for preference-based multi-modal trip planning

We first introduce the dynamic planning framework in Section 6.1, then we illustrate each type of transport mode and how
they are synchronized in Sections 6.2 to 6.4. We model a network of PT and various SM services, enhancing the generalization
capability of the framework. We introduce a choice-based optimization mixed-integer programming (MIP) model where demand
assumptions remain independent of resource availability, and user preferences are not influenced by supply constraints. To address
computational efficiency, we implement a Rolling Horizon approach for dynamic decision-making and employ a tailored heuristic
algorithm to solve larger instances more efficiently. This uniquely designed framework distinguishes our approach from the current
state of the art.

6.1. Dynamic planning

The dynamic planning approach based on the rolling horizon is illustrated in Algorithm 1. At each time step, the solutions
considering all passengers are generated and recorded. The specific solution for each passenger is also recorded, including travel
cost, time, utility, transport mode, route, and schedule. Algorithm inputs include vehicles K and initial locations of vehicles C.
Algorithm output is the (near) optimal solution Z. For a new request at time ¢, the active requests will be obtained, which include
new requests as well as requests that have been scheduled but have not yet reached their intended destinations (line 4 in Algorithm
1). Solutions Z! that use integrated services with both PT and shared mobility, and solutions Z’ that only use shared

integrated micro
mobility are obtained using Algorithms 2 and 4 (lines 5 and 6). Solutions Z. i’megrate qand Z . are combined if these two solutions
serve distinct requests (lines 7-9). Finally, The best solution Z’ is obtained according to Objective Function (4) (line 10). If there
are unserved requests, the solution Zl’)rivalte using private vehicles will be obtained by Algorithm 5 (lines 11-13). The solution set Z

will be updated by adding Z' or Z ; ivare (ine 14).

Algorithm 1: Dynamic planning

1 Input: K, C; Output: Z; // Z represents the (near) optimal solution(s).
2 while True do
3 if a new request r is received at time t then
4 obtain the active requests R';
5 Z} vegratea» €' = Integrated Planning(PTyepeqyter K» C'1, R") (Algorithm 2 in Section 6.2);
6 Z; ro’ Criero = Micromobility(Kpicros Cr’r:iim, R") (Algorithm 4 in Section 6.3.2);
7 if Zitntegrated or Zrlnicro exists then
8 ‘ find all combinations Z' of Zr’nicro and Z i’megrate 4 that serve distinct requests in R’
9 end
10 Find the solution(s) Z' with the maximum values of Objective Function (4);
11 if no solution can be found for unserved requests R, . then
12 ‘ Z}’)rivate = Private(Rl, ... Kprivate) (Algorithm 5 in Section 6.4)
13 end
14 add Z' or Z}’)rivate to solution set Z.
15 end
16 end

11
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The initial input of Algorithm 1 includes PT schedules PT,q,cque @and SM information, such as transport mode, the type of vehicles
(e.g., floating or dock-based micro-mobility), speed, capacity, cost, and initial locations of vehicles. When new requests are received,
all available services are considered as potential alternatives for serving the request. The request can be served by the combination
of PT and SM, or only one transport mode, such as sharing micro-mobility and private vehicles. When PT is considered, both access
and egress trips are considered and each trip can be served by the SM. Transfers between SM are not considered. The specific
approaches and illustrations for different types of services can be found in Sections 6.2 to 6.4.

6.2. Integrated planning of PT and other transport modes

Timetables of PT services are obtained from General Transit Feed Specification (GTFS) data (MobilityData, 2023). GTFS data is
a standardized format for PT data. It provides a structured and consistent way to describe transit schedules, routes, stops, and other
relevant information for various modes of PT, such as buses, trains, and subways. In this study, we use routes, stops, schedules,
trips, and fare information in GTFS data. The PT schedules are predefined and the size of the PT fleet is fixed. The capacity of PT
is assumed to be unlimited. When both PT and SM services/private transport modes are considered, we combine their services to
achieve seamless transport, as illustrated in Algorithm 2. The inputs include vehicles K, requests R, and latest locations of vehicles
C'1, The outputs include the solution with integrated services Z. i’ntegrate 4 and the new locations of vehicles C'. For each request r,
first, the suitable PT services are obtained by identifying the nearby stations and matching the schedules with the request (lines
3-8). The request is divided by the PT service into three segments: the access request r,...s, PT request rpy, and egress request
Tegress (line 9). The access and egress requests are added to the set of unplanned sub-requests R” for request r (line 10). For each
suitable PT service, there is a set of unplanned sub-requests R". Assume that there are n, PT services that can be used for request r
and the platform aims to find the system optimal solution, then there will be H‘RI n, combinations of sub-requests that need to be

planned using shared mobility for all requests. We use R;ubpool € Rgyppool to represent their combination. For each R;ubpool, first,
we calculate the cost of PT; then, we calculate the cost for using each type of shared mobility and choose a solution Z' according
to Objective Function (4) (lines 17-23); and finally, we choose the best Z! from all Z for R! € Rgubpool according to

integrated subpool
Objective Function (4) (line 24).

Algorithm 2: Integrated Planning

1 Input: PT,qeque K, C71, RY;
2 Output: Z! '

integrated” s
3 obtain the current request r from R'; find PT stations S, and S, that are less than » km from p, and d,, respectively;
4 fors, €S, do

5 for s, € S, do

6 for pt € Kpr do

7 if pt operates between s, and s, and other transport modes can reach s,/d, before/after pt departs/arrives then
8 segment r tO access request ryccesss PT request rpr, and egress request reyqq; by departure and arrival

stations/times of pt;

9 add ryecess and rpr to R';
10 end
11 end
12 end
13 end
14 obtain all possible request pools R ool € Rsubpool by combining sub-requests of one pr in R”;
15 for R! ubpoot € Rsubpoor O

16 calculate the cost of PT FIQT for R ;
subpool

17 zi , C' = RidePooling(K;i4e, C'7L, Z'-1, R ) (Algorithm 3 in Section 6.3.1);

ride’ ride ride’> ““ride’ ~ subpool
i ' — Mi i ) 1-1 i ; i ; .
18 Z, iro> Cmiero = Micromobility(Kiicros Crrse,os quhpool) (Algorithm 4 in Section 6.3.2) ;
i o ; . . . .
19 private = Private(R{ , > Kprivate) (Algorithm 5 in Section 6.4);

20 Combine the PT and other transport modes to get solution Z' according to Objective Function (4).

21 end

22 choose the best solution Z’

from all solutions Z' according to Objective Function (4).
integrated

6.3. Routing algorithms for shared mobility

Both ride-pooling and micro-mobility are considered SM services. This section introduces a tailored meta-heuristic algorithm for
the routing of ride-pooling vehicles and micro-mobility vehicles.

12
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6.3.1. Adaptive large neighborhood search for routing of a ride-pooling fleet

Ride-pooling services can be offered by shared taxis, vans, or mini-buses with various capacities and speeds. Solving the
ride pooling problem to optimality is computationally expensive (Santos and Xavier, 2015), therefore we adopt Adaptive Large
Neighborhood Search (ALNS) (Ropke and Pisinger, 2006) for ride pooling, as shown in Algorithm 3. According to the characteristics
of the ride pooling problem, ALNS adapts its strategy to choose insertion and removal operators and achieve optimal or near-optimal
solutions by utilizing simulated annealing (lines 4 and 16) (Zhang et al., 2022b; Ropke and Pisinger, 2006; Zhang et al., 2022a;
Azadeh et al., 2022b). The removal operator selectively removes passengers or ride requests from existing routes while maintaining
feasibility (lines 5 and 8). It aims to optimize the ride pooling solution by identifying which passengers can be removed without
compromising the quality of service, leading to more efficient vehicle routes and reduced travel times and costs. In contrast, the
insertion operator adds new passengers or ride requests to existing vehicle routes (line 12). It evaluates potential insertion points
within the current solution, considering constraints and optimization objectives. In insertion operators, new requests can be inserted
in any position of the existing routes, and the visiting schedules can be adjusted as long as no scheduled passenger experiences a
delay. ALNS will choose the solution with a better objective value between the current solution Z .., and the last solution Z,
(line 14). If the objective values of Z e and Zj, are the same, the current solution will be assigned to Zj, according to a
probability generated by simulated annealing. Finally, the obtained solution in the current iteration Z;,;; will be compared with the
historical best solution Z[,, , and Zj,q will be assigned to Z,, if Zy, is better than Z,, (line 15). The above steps are repeated
until a predefined number of iterations is reached.

Algorithm 3: ALNS algorithm for ride-pooling vehicles
1 Input: K., C-L, Z=1 R Output: Z'_ ; // zZ

-1 i .

ride’ ““ride’ ~ subpool’ ride’ ride
pooling services.

2 set Treyp > 0;

-1 t .
3 Ziast < Z4e0 Zrige < Zlasty Rpool < R

represents the optimal solution(s) using ride

: dbpool’ 5 // Z,& represents the solution in the last iteration.

rlde; ride

4 repeat

5 at the beginning of each segment, update weights of operators and select operators depending on weights;
6 Zeurrent < Ziasts [Zeurrents Rpool] = Removal Operator(Z qyrents Rpool); flag = False;

7 while requests in Ry, have not been served do

8 if flag == True then

9 ‘ [Z currents Rpool] = Removal Operator(Z yyrent, Rpool)
10 else

11 ‘ flag = True
12 end
13 [Z yrrents Rpool] = InsertionOperator(Z yerent> Rpool)s
14 end
15 Compare Zrent and Zj,s:; update Zj,; by the simulated annealing (Ropke and Pisinger, 2006).;
16 | Zlio < Ziasts Tremp < Tremp - ¢ // ¢ is the cooling rate.

17 until the preset number of iterations has been completed;

ALNS explores different combinations of passenger-vehicle assignments, routes, and schedules by using a series of insertion
and removal operators. The selection of insertion and removal operators is critical for the effectiveness of the ALNS framework.
For insertion operators, we utilize the Greedy Insertion, Random Insertion, Most Constrained First Insertion, and Regret Insertion
operators. For removal operators, we employ the Worst Removal, Random Removal, Related Removal, and History Removal
operators. Each operator is chosen based on its ability to address specific aspects of the optimization problem. Insertion operators
such as the Greedy Insertion and Regret Insertion operators focus on minimizing immediate and future costs, respectively. Random
Insertion and Most Constrained First Insertion operators ensure solution diversity and feasibility under tight constraints. Removal
operators like Worst Removal and History Removal prioritize improving high-cost or suboptimal routes, while Random Removal and
Related Removal operators introduce stochasticity and optimize clustered requests. The selected insertion and removal operators
are described in detail below:

Greedy Insertion Operator: This operator examines each feasible solution using a single vehicle or multiple vehicles and adds
the request to the most optimal route(s) (Wolfinger, 2021). This operator is based on the principle of minimizing immediate costs
by selecting the most optimal route for a given request. It is particularly effective for improving initial solutions and finding feasible
insertions with low computational effort. Its inclusion ensures that the algorithm can quickly converge to a high-quality solution in
the early stages of optimization.

Random Insertion Operator: It selects vehicles and insertion locations randomly and incorporates the request once a feasible
solution is identified (Danloup et al., 2018). This operator introduces randomness to diversify the search process, preventing
premature convergence to local optima. It explores less obvious insertion points, helping the algorithm escape local optima and
improve solution robustness.

Most Constrained First Insertion Operator: Requests are prioritized based on a weighted evaluation of various factors such as
the distance between origins and destinations, the loads, and the time windows. This operator systematically handles the most
challenging requests first, potentially simplifying subsequent insertions (Danloup et al., 2018). This operator handles the most

13
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challenging requests first, ensuring that the algorithm does not overlook critical constraints like tight time windows or high load
demands. It is designed to tackle scenarios where certain requests might otherwise remain unassigned due to conflicts.

Regret Insertion Operator: This method involves calculating a “regret” value for not choosing the optimal route immediately by
considering the difference in cost between the best current option and the next best. This foresight helps in minimizing future costs
and inefficiencies by selecting routes that leave open the most beneficial future possibilities (Zhang et al., 2022b). This operator
takes future costs into account by evaluating the regret value of not choosing the best route immediately, ensuring decisions made
in the present do not lead to inefficiencies in subsequent iterations.

Worst Removal Operator: It identifies and removes the request with the highest cost from routes (Wolfinger, 2021). By removing
the request with the highest cost, this operator prioritizes the improvement of high-cost routes. It ensures that resources are
reallocated to minimize overall inefficiencies in the system.

Random Removal Operator: This operator randomly removes a request from a subset of vehicles (Danloup et al., 2018). Similar
to the random insertion operator, this operator introduces stochasticity into the process. Removing requests randomly allows the
algorithm to explore alternative configurations and potentially discover better solutions.

Related Removal Operator: When a request is removed, it also removes similar requests, leveraging the shared attributes to
optimize the removal process across multiple routes (Danloup et al., 2018). This operator removes requests with shared attributes,
such as overlapping time windows. It is particularly useful in identifying clusters of requests that might benefit from reorganization.

History Removal Operator: It utilizes historical data to identify requests that may be sub-optimally placed. By focusing on
requests whose current insertion costs are higher than their recorded lowest costs, this operator aims to re-optimize routes more
cost-effectively (Zhang et al., 2022b). By leveraging historical cost data, this operator identifies suboptimal requests and repositions
them to improve solution quality. It is valuable for iteratively refining solutions based on past performance.

6.3.2. Heuristic algorithm for routing of micro-mobility fleet

Micro-mobility services are offered by means of scooters, bikes, or e-bikes, which can either be dock-based or floating. In the
context of dock-based micro-mobility, vehicles are confined to movements between predefined stations, necessitating passengers to
pick up and return vehicles at designated stations. Conversely, floating micro-mobility allows vehicles to be relocated to any location,
with passengers having direct access to these vehicles for their journeys. In contrast to ride pooling, where vehicles can travel to
passengers’ locations for pickups, micro-mobility vehicles are stationary and passengers are required to access micro-mobility vehicle
locations before riding them.

Algorithm 4 provides the pseudo-code for the micro-mobility services. The status of a micro-mobility vehicle is categorized as
either “idle” or “busy”. When a micro-mobility vehicle is chosen for a passenger’s ride, it is promptly designated as “busy” (line
19). At each time step, the status of the vehicle is subject to an update. If the vehicle has been released by the previous passenger,
it is then reset to “idle”, signifying its availability for the next passenger’s use (lines 4 to 6). For all requests r € R, the approach
iterates all available micromobility vehicles k € Kp;..o.- There are two types of micromobility services: dock-based and free-floating
fleets. For a dock-based fleet, passengers must pick up and release vehicles at designated stations (line 9). For a free-floating fleet,
passengers go directly to the vehicle and use it to reach their destination (line 11). Passengers first walk to the micro-mobility
vehicle’s location, board it for a ride, and then either park the vehicle before reaching their destination (in the case of a dock-based
fleet) or ride it directly to their destination (for a free-floating fleet). We calculate the total travel time for option k, including both
the riding and walking time. Suppose this total time is less than the longest allowable travel time b, — a,, the vehicle k is considered
as a feasible alternative (lines 13 to 14). We use the “First come, First serve” strategy to provide micro-mobility services to requests
in R' (line 18).

6.4. Privately owned vehicle

For private vehicles, private bikes, private scooters, and private cars are considered, as illustrated in Algorithm 5. Walking is
also considered as an alternative. The walking speed depends on the age (Medical News Today, 2023; Alves et al., 2020), while
the average speeds for private vehicles are obtained from the literature and reports (ProMedia Group, 2016). If the traveling time
d;fr’ dr/ vy (v, is speed) using private vehicle k is shorter than the longest allowable travel time b, — a,, k will be considered as an

alternative. The alternative with maximum utility will be chosen and added to the solution using private vehicles Z I’) Livate®

7. Case study

In the following, we present our experiment results. Initially, the setup of the experiments is outlined in Section 7.1. Next,
Section 7.2 presents a comparative analysis of the results obtained from the MIP model and the proposed meta-heuristic algorithm.
This section is based on small instances (with up to 9 requests, 5 bikes, 5 scooters, and 2 ride pooling vehicles) because the exact
approach is computationally intractable for larger problem sizes. Finally, in Section 7.3, we describe the numerical experiments
conducted using larger instances (with up to 100 requests, 50 bikes, 50 scooters, and 2 ride pooling vehicles), which are more
representative of real-world operational scales, and discuss the managerial insights derived from these findings.
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Algorithm 4: Micro-mobility vehicles

. -1 . . . i i ;

1 Input: Kpicros Cit s R Output: 27 . Cr . /! Zygieo Tepresents the optimal solution using
micro-mobility.

2 obtain the current request r from R’;

3 for k € Ky, dO

4 if status of k is not “idle" and t > t* then

5 ‘ set status of k as “idle";

6 end

7 if status of k is “idle” then

8 if type of k if dock-based then

9 ‘ find the closest station of k from d, and set it as I'%;
10 else

11 ‘ " —d;

12 end

13 if ((dl';r[k + dlk’kd, )/v, + dlkk”k/uk) < b, —a, then

14 ‘ calculate utility V, using Equation (2) and add V, and k to the set of utilities V, for r;
15 end

16 end
17 end

18 choose k with the maximum utility in V, and add it to the solution Z’

micro;
19 update vehicle K’s location in C! and change k’s status as “busy";

micro

Algorithm 5: Privately owned vehicles

1 Input: Kpivae, R'; Output: 27 // Z, vate TEPTESENTS the optimal solution(s) using private
vehicles.

2 obtain the current request r from R’;

3 for k € K;mate do

4 | if dlljrwdr/u“ < b, —a, then

5 ‘ calculate utility V, using Equation (2) and add V, and k to the set of utilities V, for r;

6 end

7 end

8 choose k with the maximum utility in V, and add it to the solution Z 1’3 rivates

7.1. Experimental setup

Our research is conducted as part of the European Horizon project, Seamless Shared Urban Mobility (SUM), which provides
the demand data and realistic transport network to this study. In this project, we collaborate with a real transport planner in the
Netherlands, RET (2023), which is developing platforms to provide personalized multi-modal trip plans to individual users. To
simulate the system, we generate trip requests based on aggregated data obtained from surveys (Montes et al., 2023). This data
includes detailed choice components that are carefully tailored to the case study presented in this work.

We apply our model to a case study in the suburban area of Maassluis (Rotterdam), the Netherlands. Compared to the Rotterdam
city center, Maassluis has lower population densities, greater distances between destinations, and less extensive PT infrastructure. As
a result, residents in the Maassluis area may rely more heavily on privately owned cars for their transport needs, leading to increased
traffic congestion, environmental impact, and commuting stress. This presents an opportunity to explore innovative multi-modal
solutions that integrate existing PT services with SM services. According to a commonly used Hexagonal Hierarchical Geospatial
Indexing System (H3, 2023), the studied area is divided into hexagonal grid cells.

As shown in Fig. 4(a), the origins of passengers are randomly generated in grid cells, and the destinations of passengers are
generated based on a Gamma distribution, as outlined in the illustrations referenced in Soza-Parra et al. (2024). The Gamma
distribution is defined by two parameters: the shape parameter (k.) and the scale parameter (s,). The shape parameter controls the
clustering density of destinations around PT stations, with lower values indicating more concentrated clustering and higher values
representing greater dispersion. The scale parameter adjusts the overall spread of destinations across the study area. This approach
ensures realistic modeling of destination clustering around PT stations, reflecting typical spatial travel patterns. The parameters
for the utility functions are listed in Tables A.1 and A.2 in Appendix. The utility functions incorporate parameters for travel time,
cost, and user-specific attributes, such as sensitivity to waiting and in-vehicle time. These parameters are based on stated preference
surveys conducted in Rotterdam (Montes et al., 2023). For example, the sensitivity to travel cost is higher for shared micro-mobility
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Na68

Maasland

(a) Origins (green color) and
destinations (red color) of passengers.

(c) Initial locations of ride-pooling vehicles. (d) Bike stations.

Fig. 4. Requests and vehicles in Maassluis area.

compared to other modes, indicating that users of shared micro-mobility are more price-sensitive. Similarly, waiting time (Spryait)
has a stronger disutility for public transport users, reflecting their lower tolerance for delays. These parameters are essential for
realistically modeling mode choice behavior and capturing the trade-offs users make between different attributes. The time scale
of experiments is a whole day. When designing instances, the time interval between passengers follows time-dependent Poisson
distributions. During peak hours and non-peak hours, the 4, parameter in the Poisson distribution is set to 10 and 5, respectively.
The maximum expected travel time for a passenger is randomly generated between 30 min to 120 min.

The distances between locations are obtained from OpenStreetMap (2023). PT service schedules are obtained from GTFS
data (MobilityData, 2023). In total, we consider 367 PT scheduled trips, each comprising multiple stops. The capacity of PT is
assumed to be unlimited. The fare information is sourced from Rotterdam’s primary PT service providers, namely NS (2023) and
RET (2023). Figs. 4(b)-4(d) show the locations of shared mobility. The stations of shared bikes are located in high-population-density
areas. The initial locations of scooters are generated by drawing from a uniform distribution within the boundaries of the designated
area. For the ride-pooling vehicles, their depots are strategically located close to PT stations. Various modes of transport have distinct
speeds (Medical News Today, 2023; VerkeersNet, 2023; Pulse, 2023).

7.2. Evaluation of the solution method’s performance

All experiments are conducted using Python 3.9 and executed on a Linux system equipped with 62 GB of RAM and an Intel Xeon
E5 processor. As the objective is to maximize social welfare, the proposed approach ensures that services are selected to achieve this
goal. To validate the effectiveness of the approach, we compare the proposed heuristic algorithm (HA) with an exact approach (MIP
solved by Gurobi). Table 3 shows the comparison between the MIP and HA in terms of quality of solutions and computation time.
To better reflect realistic operational conditions, especially during peak hours with high request volumes, we evaluate the solution
methods under a bundled request setting, where multiple requests are optimized simultaneously. As the sizes of SM fleet and requests
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Table 3
The comparison between the MIP and heuristic algorithm.

Kyjre Keooter Kiige R Rgerve Social welfare Avg. CPU (s)

MIP HA MIP HA MIP HA
1 1 0 1 1 1 -3.8 -3.8 10 1
1 1 0 3 3 3 -13.3 -13.3 89 9
1 1 0 5 5 5 -19.6 -19.6 549 25
1 1 0 7 7 7 -29.3 -29.3 2485 39
1 1 0 9 9 9 -33.9 -33.9 3704 42
1 5 0 1 1 1 -3.4 -3.4 98 2
1 5 0 3 3 3 -8.5 -8.5 634 7
1 5 0 5 5 5 -16.6 -16.6 1353 15
1 5 0 7 7 7 -23.0 -23.0 5485 36
1 5 0 9 9 9 -27.9 -27.9 7600 46
5 1 0 1 1 1 -3.8 -3.8 79 4
5 1 0 3 3 3 -12.1 -12.1 609 26
5 1 0 5 5 5 -18.3 -18.3 1949 74
5 1 0 7 7 7 —-28.1 -28.1 6435 94
5 1 0 9 8 9 -39.5 -39.3 10800* 146
5 5 0 1 1 1 -3.4 -3.4 430 3
5 5 0 3 3 3 -85 -85 3109 29
5 5 0 5 5 5 -16.6 -16.6 6949 91
5 5 0 7 7 7 -23.0 -23.0 9435 113
5 5 0 9 9 9 -28.2 -27.9 10800* 175
1 1 2 1 1 1 -3.8 -3.8 90 2
1 1 2 3 3 3 -13.4 -13.4 489 4
1 1 2 5 5 5 -19.4 -19.4 1549 8
1 1 2 7 7 7 -29.0 —-29.0 6485 40
1 1 2 9 9 9 -37.9 -37.9 8600 73
5 5 2 1 1 1 -3.8 -3.4 930 5
5 5 2 3 3 3 -12.1 -8.5 5009 27
5 5 2 5 5 5 -21.3 -16.6 9949 83
5 5 2 7 6 7 -31.6 -20.4 10800* 103
5 5 2 9 - 9 - -37.3 10800* 157

Khpikes Kseooter> and Kjq. denote the numbers of shared bikes, shared scooters, and ride-pooling vehicles, respectively; R and R
denote the numbers of received requests and served requests, respectively.

— No solution has been found due to the time limitation.

2 Time limit reached (three h).

serve

scale up, the computation time of the exact approach experiences a notable increase. In contrast, the proposed heuristic algorithms
efficiently yield equivalent solutions with significantly reduced computation times by more than 90% in all instances. While the
exact MIP model becomes computationally intractable for larger instances, the proposed meta-heuristic algorithm demonstrates
practical efficiency, requiring only up to 5 s to process a single request in our experiments. The heuristic algorithm can find the
optimal solution in all cases, and it also finds better solutions for the cases where the MIP does not find the optimal solution within
the allowable time (three hours). When multiple services are available, the proposed approach selects the one that yields higher
social welfare. For the instance with 5 shared bikes, 5 shared scooters, and 2 ride-pooing vehicles, the exact approach cannot find
a feasible solution within the time limit, while the heuristic algorithm can find a near-optimal solution in less than three minutes.

We also compare the performance of the proposed heuristic algorithm with a greedy approach on an instance involving 367 PT
services, 20 SM services, and 50 requests over a time period from 8:00 AM to 2:00 PM in order to investigate its applicability
and scalability. The greedy approach searches the solution space and selects possible alternatives in a locally optimal manner
using greedy insertion, without exploring alternative placements through random insertion or considering regret values for different
alternatives. We evaluate the performance of both approaches in terms of total social welfare, cost, and solution time, as shown in Fig.
5 and Table 4. In all cases, the solution time of the proposed algorithm for each request is less than 3 s, demonstrating the algorithm’s
efficiency. In Fig. 5, each marker on the line represents a single request. The results indicate that both approaches yield the same
cost and social welfare for the first five requests. However, as the number of requests increases, the proposed approach consistently
outperforms the greedy approach, with the gap widening over time. After serving the final request, the proposed approach achieves
a 22% improvement in social welfare and an 11% reduction in cost compared to the greedy approach. The trend suggests that
as demand grows, the benefits of the proposed approach become more pronounced, reinforcing the importance of intelligent trip
planning. The proposed approach further illustrates that a well-designed optimization algorithm can effectively reduce costs while
enhancing social welfare. To maximize social welfare, the multi-modal transport platform should adopt a strategy similar to the
proposed approach, which incorporates better decision-making mechanisms.
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Table 4
Comparison of objective value and runtime between the proposed heuristic and the greedy approach.
r Total social welfare Solution time (s) r Total social welfare Solution time (s)
Greedy HA Greedy HA Greedy HA Greedy HA

1 —4.86 —4.86 0.33 0.11 26 —131.58 —-108.08 0.01 0.01
2 -10.37 -10.37 0.45 0.15 27 -132.44 —-108.95 0.01 0.01
3 -11.14 -11.14 0.86 0.58 28 -133.35 —-109.86 0.01 0.01
4 -11.71 -11.71 0.01 0.01 29 —134.20 -110.70 3.46 2.57
5 -12.17 -12.17 1.88 2.28 30 —134.95 -111.45 1.08 1.69
6 -20.94 -17.19 0.23 0.14 31 —135.40 -111.91 0.92 0.69
7 -30.61 -28.93 1.64 1.41 32 -136.23 -112.74 1.51 2.38
8 -31.09 —29.41 3.88 2.31 33 —-137.02 -113.53 0.38 0.73
9 -31.74 -30.05 0.58 0.56 34 -137.89 -114.39 0.01 0.01
10 -32.59 -30.91 0.01 0.01 35 —138.46 -114.97 0.56 0.99
11 —49.00 —44.08 0.52 1.19 36 -179.21 -142.78 0.84 2.23
12 —49.84 —44.92 0.01 0.01 37 —180.02 —-143.60 1.52 1.03
13 -50.35 —45.43 6.11 2.79 38 —180.78 -144.36 0.20 0.21
14 -51.20 —46.28 1.39 0.98 39 —181.69 —-145.26 0.01 0.01
15 -51.90 -46.97 1.63 1.39 40 -182.53 —-146.10 0.72 2.61
16 -70.55 -62.23 0.38 0.45 41 -183.13 —-146.70 1.29 2.34
17 -90.87 -77.70 0.38 0.26 42 —183.99 —147.56 1.21 2.64
18 -91.59 —78.43 8.56 2.53 43 —184.69 —-148.26 3.52 2.43
19 -92.50 -79.34 0.02 0.02 44 —-185.09 —148.66 0.96 2.49
20 -92.87 -79.71 5.33 1.18 45 —185.74 —149.32 2.81 2.44
21 —93.52 —-80.35 1.31 1.44 46 —231.89 —-179.05 0.36 0.99
22 -93.99 -80.82 0.20 0.09 47 -232.75 -179.91 0.02 0.02
23 —129.34 —105.85 4.32 2.47 48 —233.58 —-180.74 0.02 0.02
24 —130.12 -106.62 1.36 1.94 49 —234.37 —-181.53 0.02 0.02
25 —-130.79 -107.29 0.48 0.89 50 —-235.14 -182.30 0.02 0.02

r Denotes the index of the request.
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Fig. 5. Comparison of the proposed heuristic algorithm and a greedy approach.

7.3. Numerical experiments and managerial insights

The following sub-sections present a detailed analysis of the experimental results of large instances. Section 7.3.1 analyzes the
modal shares of heterogeneous passengers. Sections 7.3.2, 7.3.3, and 7.3.4 specifically analyze the impact of factors that influence
multi-modal trips, single-mode trips, and journey time, respectively. The experiments are designed to evaluate the impacts and
implications of different factors in multi-modal transport with PT and SM, including:

User heterogeneity: The following segments of passengers are considered: A. the entire population; Bl1. commuters and B2.
non-commuters; Cl. passengers who are familiar with SM, and C2. passengers who are unfamiliar with SM; D1. passengers who use
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PT once per week or less, and D2. passengers who use PT more than once per week; E1. passengers with a low income, and E2.
passengers with a high income; F1. male passengers, and F2. female passengers; G1. passengers with a low level of education, and
G2. passengers with a high level of education; H1. passengers who have used SM, and H2. passengers who have not used SM; I1.
passengers under 35 years old, 12. passengers between 35 and 65 years old, and I3. passengers over 65 years old. The parameters
used for the utility function of different segments of passengers can be found in Appendix.

Supply-demand balance: We examine the performance of the proposed model under varying supply and demand conditions.
These scenarios encompass a wide range of supply-demand ratios, from situations with abundant supply to cases of scarcity. To
reflect Rotterdam’s suburban region’s practical capacity limits, the numbers of shared scooters and bikes are listed as [0, 5, 10,
501, while the number of requests varies within [5, 10, 30, 50, 100]. Given our case study’s focus on a suburban area, ride-pooling
vehicles are kept at low quantities, specifically within the range [0, 1, 2].

Cost sensitivity: By adjusting the costs of micromobility services within the range of [1, 4, 8] (euros), we investigate how these
varying costs influence mode choices and the overall efficiency of the system.

7.3.1. Modal shares of heterogeneous passengers

Fig. 6 illustrates the distribution of modal shares among various passenger segments. Fig. 6(a) provides an overview of general
passengers. Scooters dominate the modal share at 52%, followed by bikes at 21%, with walking representing the smallest share.
Comparing commuters to non-commuters across Figs. 6(b) to 6(c), commuters exhibit an 11% higher modal share for bikes (all
differences mentioned are in percentage-points) and an 8% higher share of PT and micromobility combinations. Conversely,
commuters show a lower usage of PT and ride pooling, walking, and scooters by 2%, 3%, and 7%, respectively. Therefore, surplus
bikes can be relocated to regions with a greater density of commuters, thereby maximizing their utilization.

Passengers familiar with SM demonstrate a 7% higher modal share in SM-related modes compared to those unfamiliar, as depicted
in Figs. 6(e) and 6(d). Those utilizing PT more than once per week exhibit a 5% higher modal share on combining PT with other
modes compared to less frequent users, as evidenced in Figs. 6(f) and 6(g). This indicates that increasing promotional efforts about
the availability of SM modes and the benefits of multi-modal transport can potentially boost their usage. Campaigns, information
sessions, and enhanced visibility of SM options could be employed to increase familiarity and comfort among potential users, focusing
on regions less familiar with SM.

High-income passengers display a 9% higher usage of scooters and a 13% lower usage of PT compared to low-income passengers,
as depicted in Figs. 6(h) and 6(i). Female passengers exhibit a 6% higher usage of scooters and private vehicles, a 6% lower usage
of bikes, as well as a 6% decrease in combined PT and scooter usage compared to male passengers, as shown in Figs. 6(j) and 6(k).
Passengers with higher education levels demonstrate a considerably — 22% — higher share of scooter usage compared to those
with lower education levels, as depicted in Figs. 6(1) and 6(m). In cases where there is an excess of scooters, a viable strategy would
be to move these scooters to areas where there is a higher concentration of high-income and high-education passengers.

Users of SM exhibit an 8% higher modal share for scooters and a 7% lower inclination towards bikes, as shown in Figs. 6(n) and
6(0). Businesses and city planners might consider increasing investments in scooter infrastructure where SM usage is high. Regarding
age demographics, passengers under 35 and between 35 and 65 demonstrate similar modal shares. However, passengers over 65
exhibit a substantial — 37% — lower rate of scooter usage and a 42% increase in combined PT and other mode usage, alongside
a 6% increase in walking, as illustrated in Figs. 6(p) to 6(r). This shift could be due to mobility challenges, safety concerns, or
a preference for less physically demanding modes of transport. Transport services could be tailored to meet the specific needs of
different age groups. For the elderly, ensuring safer, more accessible public transport options and facilitating easy transfers between
modes could encourage greater independence and mobility.

7.3.2. Analysis of factors influencing multi-modal trips

The modal share of PT combined with ride-pooling is influenced by the availability of micromobility vehicles. For passengers
who are not familiar with shared mobility and passengers who use PT frequently, they use PT and ride-pooling when shared bikes
are not available. However, the presence of available shared bikes reduces the modal shares of PT and ride-pooling to nearly 0%,
as shown in Figs. 7(a) and 7(b). Therefore, the availability and affordability of shared micro-mobility play a crucial role in shaping
passengers’ preferences for multi-modal transport options. Compared to bikes, the introduction of scooters has a substantial impact
on all passenger types, leading to a significant reduction in the modal share of PT combined with ride-pooling, as illustrated in Fig.
7(c). Therefore, increasing the number of bikes and scooters could significantly reduce the use of PT and ride-pooling due to their
affordability and convenience for shorter trips. Policymakers and shared micro-mobility providers should increase the availability
of shared micromobility vehicles near PT stations to enhance accessibility and encourage integrated transport use.

Fig. 8 depicts the modal shares associated with various combinations of PT and shared mobility. An increase in the costs of
scooters and bikes leads to a significant decrease in the modal share of PT and these micromobility options, as shown in Figs. 8(a)
and 8(b). To enhance the modal shares of multi-modal trips, it is essential to keep the cost of shared mobility, particularly for
scooters, at a minimum. Affordable scooters will encourage passengers to opt for the combination of PT and scooters, attaining a
modal share of 10%, as illustrated in Fig. 8(a). However, as scooter costs rise, this share drops to 3%. Fig. 8(c) shows that the modal
share of PT and bikes will be reduced significantly when scooters are available, as scooters substitute bikes. For businesses in the
shared micro-mobility sector, this insight suggests a strategic shift in investment from shared bicycles to scooters, coupled with the
necessity to innovate and develop advanced technologies for enhanced management of shared scooter systems.
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Fig. 6. Modal shares of different segments of passengers.
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Fig. 7. Box plots of the modal share of the combination of PT and ride-pooling.

7.3.3. Analysis of factors influencing single-mode trips

Fig. 9 shows the modal share of private vehicles. Increasing the number of available bikes reduces the modal share of private
vehicles, as shown in Fig. 9(a). For most types of passengers, there is no significant change in the modal share of private vehicles
when changing the cost of bikes, as these passengers opt for alternative transport modes in response to changes in the cost of renting
a shared bike. However, for passengers who use PT once a week or less, when the cost of renting a shared bike becomes too high,
there is a significant surge in the use of private vehicles, pushing modal share from 0% to approximately 50%, as shown in Fig. 9(b).
Therefore, it is crucial to keep the cost of shared mobility services affordable, particularly for passengers who do not frequently use
PT. Finding the right balance between affordability and convenience is key to promoting the widespread adoption of shared mobility
options and reducing private vehicle usage effectively. For all passenger types, the availability of scooters leads to a decreased
tendency to use private vehicles, as shown in Fig. 9(c). The results indicate that when sufficient affordable services are available,
seamless connectivity between SM and PT can be ensured, enhancing passenger convenience and overall social welfare. However, if
SM services are limited, resource constraints may force some passengers to rely solely on private vehicles. In such cases, a conflict
may arise between individual optimal choices and social welfare, as previously allocated services may leave current passengers
without access to SM options. To reduce the reliance on private vehicles, the availability of bikes and scooters is imperative; their
accessibility typically leads to a decrease in private vehicle usage. These findings suggest that interventions focused on augmenting
micro-mobility availability could serve as effective measures in encouraging sustainable transport choices.

The costs of shared bikes and scooters influence the modal shares of each other. When the cost of renting a shared scooter
increases, the modal share of bikes increases for some user segments, such as commuters, passengers who have used shared mobility,
and passengers with low and medium education levels. Fig. 10(a) illustrates the case of commuters, and the t-statistic is —4.572
when contrasting scooter costs of 1 euro and 8 euros. The increase in scooter prices impacts commuters, resulting in a notable
shift of 40% of the modal share from scooters to bikes. For individuals aged over 65, increasing the number of shared bikes can
significantly reduce their walking time, suggesting that shared bikes offer a time-saving alternative for old people, as shown in Fig.
10(b).
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Fig. 8. Box plots of the modal shares of a combination of PT and micro-mobility.

7.3.4. Analysis of factors influencing travel time and waiting time

Fig. 11 illustrates the variations in travel time and waiting time across different scenarios. The impact of increasing the size of
the shared bike fleet on total travel time is not as pronounced as the effect of increasing the size of the shared scooter fleet, as
shown in Figs. 11(a) and 11(b). The total travel time for almost all passenger types decreases with an increase in the size of the
scooter fleet due to scooters’ speed advantage. Scooters, especially when integrated with public transport, offer a faster alternative
compared to bikes. Furthermore, encouraging the deployment of scooters can contribute to overall time savings for various passenger
demographics. Increasing the cost of scooters reduces the waiting time for ride pooling, as shown in Fig. 11(c). This is because fewer
passengers opt for ride pooling when scooters are readily available. Interestingly, Fig. 11(d) demonstrates that scooter cost even
influences the travel time when using PT. When scooters are affordable, more passengers opt for the combination of PT and scooters,
but as scooter costs rise, passengers use less PT. Therefore, reducing scooter costs to encourage combined PT and scooter usage may
contribute to a more integrated and efficient transport system.

8. Conclusion

To reduce emissions by promoting public transport and shared mobility services as alternatives to private vehicles, we developed
a comprehensive mathematical model alongside a tailored heuristic algorithm designed specifically for dynamic preference-based
multi-modal trip planning. This approach takes into account the diverse preferences of passengers within a dynamic operational
environment, incorporating multi-modal travel constraints, such as time windows, capacity of vehicles, and transfers. We explicitly
account for different user segments in terms of socio-demographic and travel characteristics. Multi-modal planning includes the
consideration of line- and schedule-based public transport services as well as shared mobility in the form of ride-pooling services,
shared bikes, and shared scooters. We compared the results of the heuristic algorithm with those obtained from the exact approach.
Our findings reveal that the proposed meta-heuristic algorithm demonstrates remarkable efficiency in achieving solutions close to
optimality within significantly reduced computation times.
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Fig. 10. Box plots of the modal shares of bikes and walking.

The developed meta-heuristic algorithms scale these solutions to a real case in a suburban area of Rotterdam, which not only
validates our approach but also demonstrates its potential value in addressing real-world transportation challenges. Considering
passengers’ preferences is pivotal for informing transport planning and policy decisions for fostering sustainable and efficient
transport modes. For instance, the notable decrease in scooter usage among individuals over 65, coupled with an increase in
combined PT and other mode usage, highlights the need for targeted initiatives. Tailored efforts, like promoting public transport
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for non-commuters or mitigating obstacles to scooter usage among older passengers, can be developed leveraging these insights.
Strategies to encourage the adoption of PT services, especially among specific demographics like high-income and female passengers,
should also be considered.

In summary, this study offers actionable insights for transport managers and policymakers, providing a robust framework that
supports more informed decision-making and the development of efficient, adaptable urban mobility systems. While the current
study validates the proposed framework using simulated scenarios, the future study will involve testing the framework in a larger
transport network, further evaluating its scalability and applicability in real-world settings. The framework allows for the integration
of additional shared mobility solutions, such as carsharing, or the exclusion of specific transport modes modeled in this study, such
as ride-pooling services. Key parameters, including vehicle capacities, cost structures, and user preferences, can be adjusted to align
with the unique characteristics of new mobility modes and adapt to the distinct needs of suburban or urban environments.

The following research directions are suggested for future research. First, in multi-modal trip planning, the MaaS platform
can incentivize passengers to relocate vehicles to areas where they are in higher demand; thus, the service can better meet the
needs of users. Therefore, developing passenger-centric re-balancing algorithms is a promising research direction. Machine learning
techniques can be utilized to analyze historical trip data and predict demand patterns for different locations and time periods,
informing the re-balancing algorithms to devise more efficient strategies. Second, pricing models can be designed to tailor to the
preferences of different passenger segments. Dynamic pricing strategies that adjust fares based on factors such as time of day, route
popularity, and vehicle availability can be developed, ensuring optimal revenue generation while still meeting passenger demand.
Third, future research could employ the Mixed Logit model to better account for taste heterogeneity and correlated alternatives,
though this would introduce non-linearity in optimization and require advanced methods to handle the increased complexity. Fourth,
when serving a batch of requests at each time step, conflicts may arise between user-optimal and system-optimal solutions. In such
cases, passengers can be nudged to achieve an overall more efficient transport. Therefore, future research can develop a variety
of nudging strategies tailored to different passenger segments based on their preferences. A menu of multi-modal alternatives that
incorporates these nudges can be designed, including options such as discounted fares during off-peak hours, loyalty rewards for
frequent users, or personalized recommendations based on past travel behavior. Fifth, future research could incorporate dynamic
preferences that evolve with network conditions, offering a more accurate representation of real-world passenger behavior over
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time. Last, while our current utility specification does not explicitly incorporate trip purpose due to limitations in the source data,
future research should address this by including trip purpose in the questionnaire design and integrating it into preference modeling
frameworks.
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Appendix. Parameters in the utility function

Tables A.1 and A.2 show the Alternative specific constant (ASC) and g parameters for different profiles in the utility function. The
survey was conducted using a stated preference (SP) approach, employing an online questionnaire distributed to participants in the
Rotterdam area and neighboring municipalities. The hypothetical scenarios assumed fully integrated systems of shared micromobility
and public transport. Data on attributes like travel time and cost were collected alongside socio-demographic and transport-related
characteristics such as age, income, frequency of public transport use, previous familiarity with shared micromobility, etc. These
factors are detailed under the “Profile” column in Tables A.1 and A.2. The preference parameters for passengers with different
profiles are presented in the columns labeled “ASC” and “f” in Tables A.1 and A.2.

Table A.1
ASC parameters for different profiles in the utility function.
Profile AS Cme(ro AS Cbus&tram AS Csb AS C::&‘:sb&ride AS Cwalk AS Css AS Cbike AS Ccar&ride
A. aggregated —-0.865 0.683 —-0.856 —-0.934 0.007 —-1.380 -0.275 0
B1. commute -0.120 0.300 0.437 0.173 0.173 0.036 0.048 0
B2. not commute -0.796 0.524 -1.090 -1.030 0.173 -1.400 -0.297 0
C1. familiar with SM —0.851 0.687 0.187 0.439 0.007 0.856 -0.274 0
C2. not familiar with SM —-0.851 0.687 —-0.986 -1.300 0.007 -2.110 -0.274 0
D1. use PT < once/week -1.420 0.697 —-0.894 -1.130 0.007 -1.740 -0.479 0
D2. use PT > once/week 1.270 -0.186 -0.263 0.188 0.007 0.839 0.498 0
El. low income —-0.687 0.664 -0.773 -0.815 0.007 -1.310 —-0.357 0
E2. high income 0.163 —-0.683 -0.536 -0.525 0.007 0.341 0.238 0
F1. male —0.496 0.157 -0.341 0.603 -0.210 -0.210 —0.265 0
F2. female —0.642 0.621 —-0.743 -1.210 -0.210 -1.290 —-0.153 0
G1. low education -0.836 1.140 -0.773 -1.090 0.007 —-2.030 —-0.555 0
G2. high education 0.342 -0.907 -0.223 0.016 0.007 0.016 0.638 0
H2. have not used SM —0.866 0.684 —-0.993 -1.200 0.007 -1.690 —-0.275 0
HI1. used SM —-0.866 0.684 0.659 1.080 0.007 1.150 -0.275 0
13. age > 65 —-0.606 1.130 -1.970 -1.490 0.007 —-2.320 -0.710 0
I1. age < 35 -0.275 -0.836 1.470 0.836 0.007 1.290 0.661 0
12. 35 > age < 65 -0.323 —0.541 1.240 0.655 0.007 0.957 0.424 0
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Table A.2
p parameters for different profiles in the utility function.

Profile PrmainCost Bsubcost BrnainTime BsubTime Borwait Buvalkc
A. aggregated —-0.093 —-0.425 —-0.034 —-0.039 -0.014 —-0.064
B1. commute 0.001 0.104 —-0.006 0.000 0.035 -0.023
B2. not commute —-0.094 —-0.481 —-0.031 -0.039 —-0.031 —-0.053
C1. familiar with SM —-0.035 —-0.246 —0.034 —-0.039 —-0.014 —0.064
C2. not familiar with SM —-0.066 —-0.259 —-0.034 —-0.039 -0.014 —-0.064
D1. use PT < once/week —-0.081 —-0.668 -0.019 —0.048 -0.074 —-0.064
D2. use PT > once/week —-0.043 0.268 —-0.027 —0.002 0.111 0.003
El. low income -0.114 -0.279 —-0.035 —-0.024 —-0.003 —-0.064
E2. high income 0.004 —-0.348 —0.004 —0.063 0.011 —-0.064
F1. male 0.032 —-0.037 0.011 —-0.001 —-0.005 —0.006
F2. female -0.108 -0.411 —-0.038 —-0.039 -0.013 —-0.061
G1. low education —-0.068 -0.189 —-0.032 0.016 -0.070 —-0.030
G2. high education —-0.061 —-0.451 —-0.011 -0.114 0.102 —-0.046
H2. have not used SM —0.066 -0.411 —0.034 -0.039 —-0.014 —0.064
H1. used SM -0.035 -0.246 —-0.034 —-0.039 -0.014 —-0.064
I3. age > 65 —-0.065 -0.131 —-0.020 0.043 —-0.056 —-0.009
I1. age < 35 —-0.046 —-0.502 —-0.028 —-0.146 0.064 —-0.093
12. 35 > age < 65 —-0.031 —-0.381 -0.014 -0.102 0.044 —-0.064
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