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Abstract

This thesis introduces new operational management policies for two types of
on-demand shared mobility systems, the now well-studied one-way carsharing
systems and a new innovative semi-autonomous last-mile transportation system.
In addition, two associated simulation tools are specifically developed to evaluate
the performance of the introduced policies. All research projects within this thesis
have been led within partnerships with major transportation companies, i.e. car
manufacturers and a public transportation operator, and address problems that
they have met in real operations.

The car-sharing related part of this work starts with the description of a modular
event-based carsharing simulation framework. The chosen structure allows to test
for multiple system configurations under various reservation and relocation policies.
The simulation framework is used for the first time in a prospective study that
looks at introducing one-way rentals in a station-based car-sharing system that
only allowed round-trips until then. Parallel to this switch, a relocation mechanism
and new rental regulations are introduced to smoothen the transition for both
users and operator. Results show that the introduced relocation policy succeeds
in limiting the accumulation of vehicles at stations and efficiently redistributes
them over the network.

The focus is then set on another type of one-way station-based carsharing system
implementing a complete journey reservation policy. A new staff-based proactive
relocation policy based on Markov chain dynamics is introduced. This policy
explicitly utilizes reservation information from the complete journey reservation
policy to better predict the future states of the stations. It is compared to a
state-of-the art relocation policy and a centralistic relocation model assuming full
knowledge of the demand. The dynamic policies are applied in a real field test
experiment in the city of Grenoble with full authority regarding the management of
the system. Using the previously developed carsharing simulation tool, additional
system configurations are analyzed and compared. Numerical results highlight the
improvements obtained with the proposed proactive relocation policy.

The last part of this thesis deals with a transportation system whose pattern
has been rarely described in the literature: the Multi-Layered Personal Transit
System (MuLPeTS). In this system, passengers travel on board autonomous trailers
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from their origin to their destination. No transfer is required. To cross and serve
zones where autonomous driving is not yet possible, trailers have to join convoys
led by human-driven vehicles. The system is described in details and positioned
with respect to the existing literature. The operational problem related to the
MuLPeTS is defined and solved by an approach ready to be applied in reality.
An extensive simulation experiment is performed on a prospective implementation
of the system with real-world data. Results provide meaningful insights on the
system requirements, advantages and limitations and highlight good configurations
in terms of system design and policy choices.

Keywords: shared mobility, carsharing, relocation, simulation, operations
management, Markov chain, semi-autonomous transportation
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Résumé

Cette thèse présente de nouvelles politiques de gestion des opérations pour deux
types de systèmes de mobilité partagée à la demande, les désormais bien étudiés
systèmes de covoiturage en trace directe et un nouveau système de transport
innovant et semi-autonome conçu pour le dernier kilomètre. En outre, deux outils
de simulation ont été spécialement développés pour évaluer la performance des
politiques introduites. Tous les projets de recherche de cette thèse ont été menés
dans le cadre de partenariats avec de grandes entreprises de transport, entre autres
des constructeurs automobiles et un opérateur de transport public, et portent sur
des problèmes qu’ils ont rencontrés dans des situations réelles.

La première partie de ce travail, centrée sur l’autopartage, commence par la
description d’un environnement de simulation modulaire qui reproduit virtuellement
le fonctionnement des systèmes d’autopartage. La structure choisie permet de tester
de multiples configurations du système et plusieurs politiques de réservation et de
redistribution des véhicules. Le simulateur est utilisé pour la première fois dans une
étude qui envisage l’introduction de la location en trace directe dans un système
d’autopartage fonctionnant jusque là en boucle, c’est-à-dire où les usagers devaient
rendre le véhicule à la station où ils l’ont loué. Pour faciliter la transition tant
pour les utilisateurs que pour l’opérateur, un mécanisme de redistribution et de
nouvelles règles de location sont introduites. Les résultats montrent que la méthode
de redistribution des véhicules permet de limiter l’accumulation de véhicules dans
les stations et les répartit efficacement sur l’ensemble du réseau.

L’accent est ensuite mis sur un autre type de systèmes d’autopartage en trace
directe qui impose une réservation complète des ressources nécessaires aux trajets,
c’est-à-dire que l’usager choisit et bloque un véhicule à la station d’origine et une
place de parc à la station d’arrivée au moment de sa réservation. Une nouvelle
politique de redistribution proactive basée sur une représentation markovienne
de l’état des stations est introduite. Cette politique utilise explicitement les
informations de la politique de réservation complète des ressources nécessaires
au trajet afin de mieux prévoir l’état futur des stations. Elle est comparée à
une politique de redistribution dynamique classique adaptée de la littérature et à
un modèle de redistribution qui suppose une connaissance parfaite et à l’avance
de la demande. Les politiques dynamiques sont appliquées sur le terrain au
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profit du système d’autopartage de la ville de Grenoble. En utilisant en outre
le simulateur développé précédemment, davantage de configurations du système
et de politiques de redistribution sont analysées et comparées virtuellement. Les
résultats mettent en évidence les améliorations obtenues grâce à la politique de
relocalisation proactive proposée.

La seconde partie de cette thèse s’intéresse à un système de transport qui n’a
encore été que rarement décrit dans la littérature : le Multi-Layered Personal Transit
System (MuLPeTS). Dans ce système, les passagers voyagent à bord de remorques
autonomes de leurs origines à leurs destinations sans jamais avoir besoin de changer
de véhicule. Pour traverser et desservir des zones où la conduite autonome n’est
pas encore possible, les remorques doivent rejoindre des convois menés par des
véhicules conduits par des hommes et des femmes. Le système est décrit en détail
et mis en perspective par rapport à la littérature existante. Le problème de gestion
opérationelle du MuLPeTS est défini en détails et résolu par une approche dès
aujourd’hui applicable dans la réalité. Des simulations sont réalisées à l’aide de
données correspondant à une potentielle zone d’implémentation du sytème. Les
résultats obtenus mettent en évidence les avantages et limitations du système et
indiquent les meilleurs paramètres et politiques de gestion opérationnelle à utiliser
pour servir au mieux les usagers du système.

Mots-clés: mobilité partagée, autopartage, redistribution de véhicules, simula-
tion, gestion opérationnelle, chaîne de Markov, transports semi-autonomes
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1
Introduction

This chapter is based on the articles:

• M. Repoux, B. Boyacı, and N. Geroliminis (2015). “Simulation and
optimization of one-way car-sharing systems with variant relocation
policies”. In: Transportation Research Board 94th Annual Meeting.
15-1907

• M. Repoux, M. Kaspi, B. Boyacı, and N. Geroliminis (2019). “Dynamic
prediction-based relocation policies in one-way station-based carsharing
systems with complete journey reservations”. In: Transportation
Research Part B: Methodological 130, pp. 82–104

• M. Repoux, M. Kaspi, and N. Geroliminis (2020). “Operational analysis
of an innovative semi-autonomous on-demand transportation system”.
Working Paper

This chapter introduces the context and motivation for this thesis in Section 1.1,
details the specific problems this thesis focuses on in Section 1.2 and eventually
outlines the thesis, contribution and structure in Section 1.3. A detailed literature
review is provided within each main chapter.

1.1 Context and motivation
The advent of the information technology era has modified in depth the way we
move around in and out of cities: mobility has never been easier and safer than
today. After the development of railways in the end of the 19th century, the triumph
of cars and planes in the second part of the 20th century, the last decades have seen
the emergence and standardization of a wide variety of new services that aim at
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1.1. Context and motivation

answering the challenges mobility is facing today. In all urban areas, congestion as
well as air and sound pollution levels have drastically increased, threatening peoples’
health and impairing the quality of life (Khreis et al., 2016; Künzli et al., 2000; Steg
and Gifford, 2005). The dominant transport mode, i.e., individual private vehicles,
strongly impacts city planning because of the need for large dedicated parking
and driving space. The success of cars principally comes from their flexibility
and efficiency, namely their ability to quickly take individuals from their origin
to their destination at the time of their choice with great comfort. A concurrent
transportation mode is public transportation, which presents additional benefits
for social good notably in terms of public health (Litman, 2012), greenhouse gas
emission reductions (Chester et al., 2013; Ercan, Onat, and Tatari, 2016; Peng
et al., 2015), and employment (Johnson, Ercolani, and Mackie, 2017; Tyndall, 2017).
At the individual level, it also allows people who cannot afford owning a car to
travel. Unfortunately, public transportation is not deployed everywhere and usually
implies longer travel times as vehicles follow predefined lines and stop at selected
locations, requiring people to walk to access the service. The coupling of shared
mobility services ( e.g. carpooling, carsharing, bikesharing and ridesharing) and
Mobility as a Service (MaaS) has the capacity to disrupt the current situation
and bridge the gap between existing transportation modes. Public transportation
benefits can be reinforced and extended while keeping some of the advantages
brought by private vehicle transportation. Pooling, i.e., resource sharing, is central
in achieving a resilient, efficient low carbon transportation in the future. According
to Sperling (2018), electrification and automation, i.e., two of the other incoming
revolutions in mobility, may worsen the current situation if not properly associated
with sharing incentives and policies. On the contrary, a well-led shared mobility
revolution with pooling as a major feature may typically lead to great improvements,
transporting people more efficiently with less vehicles, less parking spaces and less
greenhouse gas emissions (Alonso-Mora et al., 2017; Fulton, Mason, and Meroux,
2017; Greenblatt and Saxena, 2015). Cities and major mobility actors, such as
car manufacturers, are strongly aware of the matter and direct their respective
policies, experimentations and research towards this objective. Nevertheless, the
path to generalized shared mobility also requires that individuals comply with the
regulations of these new systems and modify their habits. In addition, they have
to be willing to abandon their private vehicles and give up part of the comfort,
privacy, safety and flexibility that come with them. In the light of this statement,
the ongoing Covid-19 pandemic appears as a strong hindrance to the expansion
of shared mobility systems and to a widespread adoption within the population.
Challenges are numerous and require a careful study of benefits, drawbacks and the
trade-offs between them for a successful transition towards a sustainable mobility
in the future (Hyland and Mahmassani, 2020).
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This thesis develops operational policies and models for specific on-demand
shared mobility services with the objective to improve their current working state and
level of service. As such services become more attractive and competitive in terms
of travel time and flexibility, potential users may shift from private transportation
to shared transportation, en route to a successful and beneficial mobility revolution.

1.2 Thesis content
This thesis focuses on the design of operational plans for two types of on-demand
shared mobility systems. The first type is carsharing and is addressed in Chapter 2
and Chapter 3. The second type is an innovative on-demand shared mobility system
resembling an urban train using autonomous vehicles and is addressed in Chapter 4.

The second and third chapters of this thesis take interest in the operational
management of carsharing systems. Carsharing started as a communitarian initiative
with the Selbstfahrergenossenschaft program set in a housing cooperative in Zurich
in 1948. It has then slowly developed over the next few decades to become what it
is nowadays. Carsharing is a type of shared-mobility system consisting of a fleet of
vehicles distributed in an urban area. Vehicles can be accessed on-street and rented
for short durations by pre-registered users. Usage cost is in general a function
of both rental duration and distance traveled. Such a system aims at providing
a level of service similar to private vehicles while mutualizing the transportation
resources. It spreads vehicle ownership fixed costs, such as purchase, insurance and
maintenance, over multiple households (Katzev, 2003). This has several benefits
both at user and society scale. On the one hand, carsharing permits households
to dispose of one or several of their vehicles and replace them with a subscription:
they can then use a car whenever necessary without incurring all costs of owning it.
By triggering such changes, carsharing has the potential to reduce greenhouse gas
emissions due to automotive transportation (Firnkorn and Müller, 2011; Martin
and Shaheen, 2011), mitigate congestion and free up parking spaces (Crane, 2012).
On the other hand, it provides a convenient and affordable alternative to people
who do not have the means for owning a private vehicle but may still need one
from time to time (Duncan, 2011; Litman, 2000). Many studies (Costain, Ardron,
and Habib, 2012; Schuster et al., 2005) have analyzed carsharing growth and shed
light on the factors favoring it as part of a sustainable transportation future and
making it a viable alternative to private car. Recent trends, statistics, as well as
global perspectives related to carsharing and its future can be found in Shaheen and
Cohen (2013) and Shaheen, Cohen, and Jaffee (2018). Existing carsharing systems
can be classified into a variety of types based on the following main categories:

1. one-way vs. round trip – in the former, vehicles may be returned to any
legitimate parking spot in the system while in the latter, users are required
to return the vehicle to the spot from which it was rented.
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2. station-based vs. free-floating – in the former, vehicles can be parked only in
system dedicated parking spots whereas in the latter, vehicles can be returned
to any on-street parking spot within a predefined polygon.

3. long-term vs short-term reservations – in the former, users are allowed to
reserve journeys starting in the distant future (a few hours to months in
advance). The main idea behind reservations is to reduce users’ uncertainty
about the availability of the resources when needed. This, however, may lead
in some cases to the unnecessary blocking of highly needed resources. In
systems that allow only last-minute reservations, users are allowed to reserve
a vehicle, a spot or both, generally only starting from the time of the rental.

4. vehicle type – combustion engine vehicles, electric vehicles, and vehicles based
on alternative fuels may imply different needs. For instance, an electric
carsharing system is usually station-based, as stations also serve as charging
facilities.

5. relocation activities – the actions carried by the system staff to rebalance zone
inventories may be done mainly at night when the system is essentially idle
(static relocations) or throughout the operating day including peak periods
(dynamic relocations).

The numerous system typologies create many challenges and call for a wide variety
of methods that share common ground but need to adapt specifically to each system,
set of regulations and environment. The carsharing-related part of this thesis
focuses specifically on staff-based relocation policies in station-based carsharing
systems. The introduced models use historical demand data and take advantage of
specific rental regulations, notably specific vehicle and spot reservation processes,
to improve system performance.

The fourth chapter of this thesis deals with an innovative transportation system
that uses autonomous trailers to move passengers around a district, even in zones
where fully autonomous driving is not yet allowed. In such zones, the autonomous
trailers transporting the passengers follow human-driven lead vehicles while they
travel on their own when the regulations permit it. Passengers are expected to share
rides as trailers can accommodate several of them at the same time. In this system,
a prominent benefit for passengers is that they do not have to transfer during
their trip and can devote their time to other tasks. The burden of transferring
is assumed by the operator who has to synchronize the movements of trailers
and lead vehicles to maximize system efficiency. The system is envisioned to be
deployed in dense areas with a fine mesh of stations as to complement the existing
public transportation infrastructure by providing a last-mile transportation type
of service. Autonomous transportation is a very popular research topic that feeds
many expectations. However, the main transportation networks can only slowly
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transform their infrastructure to accommodate new technologies. In this situation,
this innovative semi-autonomous transportation system has the main advantage to
be already fully operational in the current infrastructure conditions and may promote
autonomous mobility by its passengers, building their trust towards this technology.

1.3 Thesis goal and contributions
This thesis develops new policies and tools for the operational management of
carsharing systems and of a new innovative semi-autonomous public transportation
system. All three studies within this thesis are based on real problems met by
operators and were performed in partnership with renowned companies of the public
transportation operation and automotive sectors.

First, this thesis presents in Chapter 2 a versatile and modular carsharing
simulation framework, which serves as a support for later studies. The basic
structure of the simulator was built prior to the core of this thesis (Repoux, 2014)
but was substantially modified and improved especially within the work performed
for Chapter 3. It has also been adapted to a variety of other studies (Boyacı and
Zografos, 2019; Boyacı, Zografos, and Geroliminis, 2017; Stokkink and Geroliminis,
2020). The adaptability of the tool is illustrated through a small case study on the
opportunity of switching a round-trip rental system to a one-way rental system in
the city of Nice, France. To ease the management of the system and retain customers
by keeping a high level of service, three features are specifically introduced: (i) an
operational policy to deal with both far-in-advance and last minute reservations;
(ii) partial floating, i.e., allowing users to drop-off vehicles outside stations; and (iii)
staff-based relocations planned with the help of a new relocation decision procedure
embedded in a rolling horizon framework. Their impacts and effects are tested
using the built simulation framework. The modeling and results of the case study
are based on the master thesis work of the author of this thesis and a conference
publication (Repoux, 2014; Repoux, Boyacı, and Geroliminis, 2015).

Next, this thesis continues in Chapter 3 with the elaboration of a new online staff-
based predictive relocation policy for carsharing systems implementing a complete
journey reservation policy. With that type of reservation policy, users have to
book not only a vehicle for their trip but also a spot at their destination station.
When combined with historical trip transactions, this policy provides partial and
incomplete information about the future occupation of spots at stations and rental
of vehicles. The introduced policy takes advantage of this feature to improve the
system’s level of service. To this end, a Markov chain model of the station states
is explicitly derived and used to proactively relocate vehicles. This new policy is
compared to the operator’s current policy, a state-of-the-art reactive rebalancing
policy and a full-knowledge information model. All are tested in simulation, within
the framework presented in Chapter 2, but also in the field for several weeks on
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a system based in the city of Grenoble, France, transferring lab-based research
knowledge to real-world operating conditions. The results of this research have been
published in Transportation Research Part B: Methodological (Repoux et al., 2019).

Finally, this thesis presents in Chapter 4 an exploratory study for a new type of
semi-autonomous transportation system named the Multi-Layered Personal Transit
System (MuLPeTS). This system has received little attention yet and consists
in trains of mixed-fleet vehicles, some being autonomous and driverless. The
autonomous vehicles, named trailers, travel on their own when the infrastructure is
compatible with autonomous driving but have to join platoons of vehicles guided
by a human-driven lead vehicle otherwise. First, the innovative features of this
system are analyzed and positioned with respect to the existing literature and
operational regulations. Second, the operational problem for MuLPeTS is defined
in details. Third, a complete readily-implementable solution approach is devised.
This approach consists of two successive steps: (i) the movement of lead vehicles is
predetermined and optimized by an exact formulation of a variant of the classical
line planning problem suited to the features of the system; (ii) trailers and passengers
are respectively routed and assigned in a dynamic way, using a set of on-line policies
and heuristics. Fourth, a specific simulation environment is built for testing purpose.
Simulation outcomes provide insights on the opportunity of implementing such a
system and demonstrate the impact of various parameters and policies on system
performance. The content of this chapter is to be submitted for journal publication.

The thesis structure, objective and contribution is summarized in Table 1.1 on
page 7. The specific literature relative to the content of each part of this thesis
is surveyed in the relevant chapters.
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2
An event-based simulation framework for

carsharing systems

This chapter is based on the following references:

• M. Repoux, B. Boyacı, and N. Geroliminis (2015). “Simulation and
optimization of one-way car-sharing systems with variant relocation
policies”. In: Transportation Research Board 94th Annual Meeting.
15-1907

• M. Repoux (2014). “Optimization and simulation of large-scale
carsharing systems”. MA thesis. EPFL

The work therein has been performed by the author in collaboration with Dr.
Burak Boyaci and Prof. Nikolas Geroliminis

2.1 Introduction
This chapter introduces a modular and flexible event-based simulation framework
for carsharing systems later used in Chapter 3. Its basic structure was realized in a
previous research project (Repoux, 2014) and has been enhanced within this thesis
to adapt more easily to different management policies, notably the one introduced
in Chapter 3. Other studies (Boyacı and Zografos, 2019; Boyacı, Zografos, and
Geroliminis, 2017; Stokkink and Geroliminis, 2020) have also reused and updated
the framework for their own purpose. The rest of the chapter is organized as follows:
Section 2.2 reviews the literature related to the analytic tools for car-sharing
systems and their optimization. Then, Section 2.3 introduces the simulation’s
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framework main features, i.e. elements and events, and shows how they connect
with one another. Section 2.4 presents specific carsharing management policies and
regulations for an upcoming illustrative case study. A new relocation strategy using
a sequence of two optimization models as well as specific system regulations are
embedded within the simulation framework. Finally, Section 2.5 presents the case
study itself, illustrating the capabilities of the simulator and observing the effects
of the added policies on the carsharing system’s performance. The contents of the
case study come from Repoux (2014) and Repoux, Boyacı, and Geroliminis (2015).

2.2 Literature review
The literature on carsharing systems can be divided into two main streams. The
first stream addresses demand-related questions through real world carsharing data
analysis and the second stream focuses on the supply side, i.e., resource planning and
management. As the works presented in Chapters 2 and 3 belong to the latter, we
begin by briefly review data analysis oriented literature and then devote most of this
section to methods for carsharing systems operations optimization and simulation.

Data of real systems has been analyzed using regression models in order to
reveal trip patterns and identify the characteristics of successful operation areas for
various system types. Data analysis has been conducted for systems implemented
in various regions of the world, such as: Munich (Schmöller et al., 2015), Seoul
(Kang, Hwang, and Park, 2016), Basel, Zurich (Becker, Ciari, and Axhausen, 2017b)
and Montréal (De Lorimier and El-Geneidy, 2013; Morency, Trépanier, and Martin,
2008). Comparing these studies exposes features common to all systems and diverse
characteristics that can be explained by different habits, geographical conditions,
cultural and economic backgrounds. At a disaggregate level, surveys have been
conducted on individuals in order to profile the typical carsharing system member
(Becker, Ciari, and Axhausen, 2017a; Becker et al., 2017). These in-depth analyses
allow system operators to target precisely potentially successful operating areas and
types of services. For a more extensive overview of carsharing demand estimation
processes, the reader is referred to Jorge and Correia (2013).

From a management point of view, the operations of carsharing systems have
to be addressed at the strategic, tactical and operational levels. A comprehensive
review treating each of these three planning levels can be found in Laporte, Meunier,
and Calvo (2018). The strategic and tactical decisions levels relate primarily to the
design of the network, i.e. the location of stations and their capacities, and fleet
sizing respectively. These problems have been generally addressed by formulating
and solving optimization problems. For instance, Almeida Correia and Antunes
(2012) introduce three optimization models to decide on the location of stations
in Lisbon. They aim at maximizing the operator’s profit under different service
constraints. Boyacı, Zografos, and Geroliminis (2015) propose a mixed-integer linear
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program that integrates vehicle relocation and related staff movement. In addition,
it introduces energy management constraints in the case of systems using electric
vehicles by considering that vehicles have to recharge after each rental. Several
demand scenarios are included in the study to account for demand variations from
one day to another. The trade-off between users’ and operator’s benefit is quantified
and allows the operator to make informed decisions regarding the relocation strategy
and the system’s characteristics. Some modeling choices from this study are
refined by later research publications. For instance, a model considering more
realistic charging patterns is proposed by Gambella et al. (2018) while Brandstätter,
Kahr, and Leitner (2017) explicitly introduce demand stochasticity in the problem
formulation instead of considering several predetermined demand scenarios.

Simulation is mainly used to evaluate operational level decisions when demand
is revealed on-line. It faithfully reproduces real working features of carsharing
systems without involving costly and time-consuming field tests. Several studies
in vehicle-sharing systems have resorted to the use and development of simulation
frameworks to assess the performance of various polices (Barth and Todd, 1999;
Kaspi, Raviv, and Tzur, 2014; Kek, Cheu, and Chor, 2006) or provide feedback
to upper-level optimization problems regarding strategic and tactical decisions,
simulation being then an evaluation tool (Boyacı, Zografos, and Geroliminis, 2017;
Cepolina and Farina, 2014; Kek et al., 2009). Literature related to operational
management policies and more specifically to relocations is surveyed in Chapter 3.

For a carsharing operator, simulation is an interesting and complete tool as
it permits (i) to perform an analysis of the system in its actual state and (ii) to
test the modifications that were imagined to solve the issues the operator currently
meets. In the development of the tool presented in this chapter, a major emphasis
was set on building a modular and flexible structure that allows for an easy reuse
of the framework and its adaptation to various systems, cases and situations.

2.3 Description of the simulation framework
The simulator presented here is coded in C#. As it runs, physical elements linked
to the car-sharing system (vehicles, parking spots, stations, relocation personnel)
whose possible states (for instance vehicle rented, vehicle unavailable, spot occupied,
etc.) are modified by events happening in the system at specific time stamps
(rental request, rental start, vehicle taken to maintenance, etc.). It also contains
elements which have no tangible existence but represent information that the
system knows or will know at some point in time (demand, service trip, etc.). The
simulation framework is event-based; there are time stamps that correspond to
the events taking place in the system and the simulation progresses in time by
jumping from one time stamp to the next. Between two events, the state of the
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system corresponds to the state just after the last event. The state is modified
only when a new event is happening.

The simulator’s features are explained in the following subsections. We first
address the simulation building blocks before considering their interactions through
the action of different modules and events. The simulator is described according to
the usage that we make of it in Section 2.5 and Chapter 3. There are many ways to
modify and enhance it as to suit the need of any carsharing system implementing a
different management policy. Note that this simulation environment has been built
incrementally over the course of several years. Therefore, there may be smarter and
simpler ways to do more efficiently what this simulator currently does.

2.3.1 Simulator components

The simulation framework features two main types of components. One relates
to all objects that can be physically found in a carsharing system (for instance
vehicles, stations or spots) while the other contains all information and actions
that occur in the system.

Physical components

Physical elements are created at the start of the simulation and represent the
tangible resources that the system has at its disposal and has to deal with. Only the
states of these physical elements are mutable throughout the simulation. Relevant
states are explained whenever applicable.

Rental stations’ locations are defined with the GPS coordinates of the real stations
on the field. The number of parking spots for each station and their characteristics
are fixed by the input.

Parking spots are located in stations; each of them belongs to one and only one
station. They can be assigned to one-way or round trip service. In the latter case,
the spot always has the same vehicle assigned to it and the said vehicle will always
be picked-up from and returned to it. Spots have three distinct states:

• "Spot Occupied" when there is a vehicle parked

• "Spot Available" when no vehicle is parked and no identified vehicle is about
to park in it

• "Spot Booked" when no vehicle is parked but the spot is reserved for an
identified incoming vehicle
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Section 2.5 introduces a third type of spots, the extra spots, for the needs of the
specific management policies introduced in the case study.

Vehicles have different types depending on their characteristics, maximum charging
level or engine type among others. There are four distinct states for vehicles:

• "Vehicle Available" when the vehicle is parked in a spot and available for
rental.

• "Vehicle Not Available" when the vehicle is unavailable for rental (for example
when there is maintenance or there has been an accident). In that case, it
can be in a spot as well as outside a spot or out of the system.

• "Vehicle Occupied" when the vehicle is booked by a customer for a rental
about to begin but the vehicle has not yet been picked-up. In that case, the
vehicle can be picked-up only by the customer who booked it.

• "Vehicle Under Service" when the vehicle is rented and has been picked-up by
the customer at the origin station. At the end of the trip, when the vehicle is
dropped-off, it returns to "Vehicle Available" state.

Relocation personnel is the staff in charge of moving vehicles from stations where
they need to be removed to stations where they need to be brought. They work
in shifts and have to travel with other modes of transportation between relocation
duties’ origins and destinations. There are four possible states for the personnel:

• "Personnel Available" when the personnel is available to perform a relocation.

• "Personnel Moving" when the personnel is moving by foot, bike or public
transport to a station from which he/she will perform a relocation.

• "Personnel Driving" when the personnel is relocating a vehicle.

• "Personnel Not Available" when the personnel is off service.

Other states can be easily added or included by modifying existing states, for
instance for staff members who are being driven by another staff member to the
pick-up location of their next relocation to perform.
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Non-physical components

In the simulator there are some objects that have no physical existence but represent
something that happens in the simulator at a given time.

A Demand is the virtual representation of a real existing transportation demand
that may be served by the system. The information related to it is made available
to the simulator at the booking time and consists of the booking time itself, an
origin and a destination location, a stated rental start time and stated rental end
time (corresponding to the information provided by the user at the booking time),
a real rental start time and end time (corresponding to the actual times at which
the user will show up to pick-up and drop-off the vehicle). Depending on the level
of information required by the policies and regulations defined by the operator, part
of the information may be omitted, hidden or revealed later. It has necessarily been
input in the simulation environment but may remain unknown or unavailable to
the decision making processes depending on the simulation time.

A Trip is the realization of a demand when it is fulfilled by the system. Each trip
is linked to a demand and a vehicle, that is, the one that serves the request. A
trip departs from an origin station (which may not be the closest to the demand
location depending on vehicle availability) and ends at a destination station. It has
a duration and a length corresponding to those of its related demand.

A Relocation corresponds to the driving of a vehicle by a relocation personnel
between an origin spot and a destination spot. It has features similar to a trip but
is triggered because of an unbalanced distribution of vehicles over the system rather
than a request for travel. Unlike a trip, it has only one pair of deterministic and
planned start and end time as the duration and purpose of a relocation is known
beforehand. The attributes of this object may be modified to take into account the
stochasticity of driving times due to varying traffic conditions.

A Move corresponds to the moving (e.g., walking, biking or riding public transport)
of a relocation personnel from an origin station to a destination station. The origin
of the move corresponds generally to the destination of the personnel’s previous
relocation and the destination of the move to the origin of the personnel’s next
relocation to perform. Like a relocation, a move has a start time and end time
which are both deterministic and planned ahead. Their difference corresponds to
the travel time by bike, foot or public transport between the considered stations.
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2.3.2 Simulator events
Events trigger the changes in the system state during the simulation. Each event
depicts a different action on the system. In the case of the present simulator, five
main categories are defined and described hereafter.

Demand related events

This part of the simulator deals with rental requests from users which arrive as the
system is operating. Such requests must be answered quickly and if accepted, will
be fulfilled by the system in the future.

"Rental Request" happens at the moment a demand is revealed to the system. A
decision regarding whether to reject or accept the rental request has to be made.
This event induces either "Rental Reject" or "Rental Accept".

"Rental Reject" applies the guidelines of the system when it refuses to serve the
rental request. It has mainly statistical purposes.

"Rental Accept" applies the modifications to be made on the system state and its
elements once the new demand has been accepted. For instance, a trip linked to the
accepted demand may be created and a vehicle tentatively assigned. In that case, the
vehicle state may become occupied and cannot then be assigned to later incoming
requests. It is also possible that the system does not make any pre-assignments
or that these decisions may be later modified, for instance in case of a vehicle
breakdown or a re-optimization of the resources allocated to different services.

Trip management related events

"Rental Fix" is triggered by "Rental Accept". It fixes definitely the trip object
and the vehicle assigned to the service of the related demand. The rental fix can
occur later than the request time, hence the definition of this event, but has to
happen earlier than the stated rental start of the demand. The assignment decisions
taken at this stage cannot be reconsidered. "Rental Fix" timing depends on the
system considered and the requirements of the different policies applied. If the
rental regulations impose the destination spot to be booked, the change of state
from "Spot Available" to "Spot Occupied" should happen within this event. If the
timing of spot booking is different than the one of vehicle booking, "Rental Fix"
could be divided into two different events, one for vehicle booking "Rental Vehicle
Fix" and one for spot booking "Rental Spot Fix", with different realization times.

"Rental Start" follows "Rental Fix". This event happens at the realized rental
start of the demand. The said time may be different from the stated rental start
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the system had considered during "Rental Request". The user starts driving the
vehicle he/she was assigned and releases the parking spot where the vehicle was
previously parked. The relevant states are modified in consequence. Once realized,
it triggers "Rental End".

"Rental End" is triggered by "Rental Start". Like "Rental Start", this event may
happen at a slightly different time than the one potentially stated at rental request.
The user drops the vehicle at the arrival station and fills the arrival spot, modifying
the states of both the vehicle and spot.

Staff related events

Staff related events depict all actions a personnel does during his/her shift, namely
checking the next task to be performed, locking the required resources, moving
to the relocated vehicle parking station and driving from there to the selected
destination spot.

"Personnel Action Set" looks for the next task to be performed in the personnel
task list. It is directly followed by either a "Personnel Move Start" or a "Relocation
Start", depending on the nature of the upcoming task. Note that other tasks, such
as cleaning or maintenance, may be added to the framework and managed by the
same event. If the task to be realized is a relocation, the vehicle to be relocated
is made unavailable to other requests and relocations and waits for the relocation
staff to come pick it up.

"Personnel Move Start" and "Relocation Start" are the events that correspond
to the beginning of the actions a personnel can do. The personnel is then set to
corresponding state "Personnel Moving" or "Personnel Driving", respectively. In the
case of "Relocation Start", the relevant vehicle state is changed to "Vehicle Under
Relocation". Also, the spot where the vehicle was parked is released and a spot at
the relocation destination station is booked.

"Personnel Move Start" and "Relocation Start" trigger "Personnel Move End"
and "Relocation End" respectively. At the end of both of these events, the state
of the corresponding personnel is set to "Personnel Available" again. If applicable,
the relocated vehicle is parked in a spot, whose state is switched to "Spot Occupied",
and made available for incoming requests. Both events trigger then a new "Personnel
Action Set" event to query the next task of the personnel.
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Availability related events

Some elements such as vehicles (in the case of maintenance or during cleaning) or
personnel (end of shift, start of shift) may not be available to the system during
certain periods of time during the simulation. The following listed events induce
such state modifications. Most of them are introduced exogenously at the beginning
of the simulation in the event list and are not triggered by other events happening
during the simulation. However, the simulation framework can be easily modified
to accommodate such a case if one was interested in modeling random vehicle
breakdowns and their effect on service management for instance.

"Vehicle Occupation Start" switches a vehicle to "Vehicle Unavailable" state
and removes it from the pool of available and working vehicles. If parked, the
corresponding spot can also be released if the corresponding vehicle has been
brought out of the system, to a maintenance center for example. If the withdrawal
is temporary, a "Vehicle Occupation End" event may be added to the event list to
account for the return of the vehicle in the system. In the cases presented in this
thesis, this event is never used.

"Vehicle Occupation End" has the opposite effect of a "Vehicle Occupation Start"
event as it returns an available vehicle to the simulation. The vehicle has to appear
at a specific available spot in the system and is added to the list of available vehicles.
This type of event is used to initialize the positions of every vehicle in the simulation.

"Personnel Availability Start" and "Personnel Availability End" put/remove
the personnel in/from the system in accordance with the beginning and end of
his/her shifts. Notably, "Personnel Availability Start" calls a new "Personnel Action
Set" event in order to define the first task of the staff taking his/her service.

Additional events

Alongside the core events presented in the previous paragraphs, other events may be
added to allow the operator to collect statistics or to act on the system at a specific
time for some background tasks. In the studies led so far using the simulation
framework, such events have always been exogenously introduced at the beginning
of every simulation run.

"Statistics Calculation" obtains the snapshot of the system at a given time. This
permits the calculation of useful statistics at a given time, even if the system has
no specific events happening at that time.
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"Simulation End" ends the simulation at a precise point in time. The program
can then terminate.

"Reset Vehicles" is an example of an exogenous event that has an action on the
system. It is introduced to replicate simply the final spreading of vehicles in the case
of a static redistribution performed when the system is closed if it is not operating
24/7 or in the periods where it experiences very low demand. It was used in the
case study of Section 2.5 during the night, when the system was still open but
with a demand close to 0, and will be detailed there.

2.3.3 Simulation modules
Flexibility in the simulation framework is introduced by defining different modules.
Contrary to the events, which take care of the progression of the simulation in time,
the modules are in charge of the decisions to be taken and communicate with one
another to synchronize the operations. They are called by the events happening
in the system and react to the modifications triggered by the events.

Demand management module

The demand management module makes decisions related to the acceptance or
rejection of incoming requests. This decision depends on the rules set by the operator
on the system: the demand management module reproduces these conditions inside
the simulation. For instance, in the case study presented in Section 2.5, the module
checks at the station closest to demand location whether a vehicle with an adequate
charging level is available. If matching vehicles exist, the demand is accepted and
the vehicle with the highest battery level is assigned to its service. If no such vehicle
is parked at the considered station, all stations in a nearby range (in this case, 500
meters), examined sequentially from the closest to the farthest, are also considered
until a suitable vehicle appears. The demand is rejected when none is found. We also
suppose that users are willing to walk to reach the vehicle that is selected for them.
The system presented in Chapter 3 applies different rules for demand acceptance
and requires a different demand management module. The demand management
module mainly, but not exclusively, interacts with the demand related events.

Relocation decision module

The relocation decision module selects the relocations to be performed and assigns
them to the working personnel. Many relocation strategies have been researched
over the years and may be adapted to the framework. The relocation decision
module defines and updates the task schedule of every personnel, which consists
in a list of tasks to undertake. The optimization models described in Section 2.5
are embedded in this module, as well as the dynamic relocation models presented

18



2. An event-based simulation framework for carsharing systems

in Subsections 3.3.1 and 3.3.2 of Chapter 3. The interactions of this module
with the simulation events may be numerous as relocation decisions are largely
impacted by vehicle movements.

Other modules

Another important module is the statistics module, which keeps track of the key point
indicators defining the performance. Collecting statistics using a separate module
permits a high flexibility and allows an easy definition of new custom statistics. This
module can be called by an event, "Statistics Calculation", whenever the operator
deems it necessary to collect information, or by one of the core events defined earlier.

Other modules can be defined and associated with the general simulation
framework to test new features. For example, a new external module related to
vehicle breakdown and maintenance could be added to make informed decisions
regarding where and when returning vehicles should be positioned back in the
station network.

2.3.4 Input
To be initialized, the simulator requires the following input formatted adequately
within 10 text files (in .txt format). Any distance is provided in meters, any
duration or time in seconds. These inputs and their details are based on the
dataset characteristics of the case study presented in Section 2.5. They may need
to be adapted if other datasets do not provide the same information or additional
inputs are required for specific policies.

In the first text file, the following details must be provided for each station: an
ID; a name (which can be empty); an address (which can also be empty); longitude
and latitude coordinates in degrees; the round trip capacity, i.e., the number of
spots serving round trip vehicles; the one-way capacity, i.e., the number of spots
serving one-way vehicles; the extra capacity, which corresponds to capacity outside
the station if vehicles were to be parked elsewhere. Indeed, the regulations in
Section 2.5 allow users to drop-off vehicles in the vicinity of stations when there is
no available space in the case of on-way trips without spot booking at destination.
The extra spots link these vehicles to the considered station. Note that we could
consider round trip spots and one-way spots as belonging to two different systems
that work in parallel. The built simulation environment offers the possibility to
model both of them by defining one-way and round trip spots.

The three next text files contain matrices that respectively give the distance,
the relocation time and the moving time between any two stations in the system.

The fifth and sixth text files relate to personnel information. One contains the
list of personnel with their ID and name while the second contains the availability
of each personnel. In that last file, the shifts of each personnel have to be detailed
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by giving the ID of the personnel, the start shift station, the start time of the
shift and the end time of the shift.

The seventh, eighth and ninth files detail the list of vehicles, their initial positions
and their types, respectively. The list of vehicles contains the Vehicle Identification
Number, the vehicle type and the type of service the vehicle provides (one-way or
round trip). The initial position list associates each Vehicle Identification Number
with a starting service time, a starting station, a starting spot in that station and
an initial battery charging level. Eventually, the type list associates each vehicle
type with its energy characteristics, namely the maximum distance range it can
travel with full battery and its maximum charging duration.

The tenth file is related to demand input. For each demand, the simulator
requires an ID, the starting location, the ending location, the booking time, the
stated rental start and end times, the realized rental start and end times, the stated
trip length, the realized trip length as well as two booleans indicating if the demand
is one-way and if it is a reservation made long in advance.

Information between files, for instance the vehicle types listed in the vehicle
type file and the type of vehicle associated to each vehicle in the vehicle list, must
be coherent. Otherwise, the simulator cannot be initialized and throws an error.
Examples of input files and formatting are provided in Appendix A. Additional
specific inputs have to be provided for the different modules that have been selected
for the runs. Such inputs can be the minimum charging level to allow a rental or the
times at which a snapshot of the system state must be taken for statistical purposes.

2.3.5 Simulation framework summary
Figure 2.1 graphically recapitulates the simulator structure, focusing on the events
and modules interactions. As explained earlier, events are mainly executioners
of decisions taken by the modules.

That is the case of the "Rental Request" event or the "Personnel Action Set" event.
Whenever an event occurs, the state of the system may be modified. This may induce
modifications in the relocation plan or in the way future demands may or may not be
accepted. Consequently, any event may then trigger a rerun of routines in modules;
for example, consider a system with no knowledge of vehicle return times (as will be
the case in Chapter 3), the return of a vehicle is therefore an unexpected event. The
appearance of an additional available vehicle at the destination station makes the
up-to-date relocation plan obsolete and imposes rerunning the relocation decision
routines inside the module. The versatility and flexibility desired in the framework
implies that any event and any module may interact: this is represented by the blue
curved arrows at the border of the event structure frame. The statistics module has
no impact on the running of the simulation and therefore only has a receiving arrow.

Overall in the basic structure, there exists three main group of events, which
form two separate chain of events and a group of isolated events. One chain relates
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to the rental operations of the system and the second to the relocation operations.
Both work independently from one another in terms of logic but are implicitly
interacting because they act on the same resources, namely vehicles and spots,
and impact each other through the modules.

Figure 2.1: Simulation framework structure: modules and events.
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2.4 Switching rental type: from round trips to
one-way operations

The simulator was built for and first applied on a case study based on a real system
implemented in the city of Nice, France. The system uses electric vehicles that charge
when parked in stations. Initially, the system was allowing only round trips, forcing
users to return vehicles to the station where they had picked them up. No relocations
needed to be performed and vehicle scheduling was straightforward. In order to
increase the system’s attractiveness, the operators wished to transform it into a
one-way system. The envisioned policies aim at increasing customer satisfaction
and therefore strengthening customer loyalty to the system while minimizing the
burden of the operator and the associated costs.

Introducing one-way trips has three main side effects: (i) the possibility to
make reservations far in advance may be removed as scheduling becomes more
complicated, (ii) users may have to cruise to find an available spot to drop-off their
vehicles as no spot is attached to a vehicle and (iii) the repartition of vehicles among
stations may become highly imbalanced. We aim at counterbalancing these issues
by introducing three specific features described in the following subsections.

In accordance with the operator, the following regulations for the newly allowed
one-way rentals apply. Shortly before undertaking their trip, maximum 30 minutes
in advance, users look for sufficiently charged vehicles in the stations around them,
prioritizing the closest ones within a limit of 500 meters. A demand is rejected
only if no matching vehicle is found. When users finish their trips, they look for
an arrival spot at their preferred destination station. If no spot is available inside
the station, they need to reroute to a station with available parking spots.

2.4.1 Allowing both short-term and long-term reservations
In a round trip based system where users give information about their return time,
scheduling is straightforward and vehicles will always be returned to their origin
spot at the same station. In many one-way systems, the destination of the trip may
be allowed to change en route as well as the return time. This greatly complicates
in advance scheduling. If the possibility of booking a vehicle long in advance is lost,
customers who prefer securing their trip early may consider not using the system.

Allowing both short-term and long-term reservations makes the system more
complicated to operate but may suit better the variety of needs of potential
customers. The study is therefore extended to evaluate how both types of demand
with different planning horizons may be accounted for and how this affects system’s
performance. Long-term demands are supposed to be all already accepted but not
yet planned and assigned to vehicles. A specific demand module is added to the
simulation framework to assign vehicles to the accepted reservations as the day
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goes. Each reservation is reminded to the system two hours before its announced
start and a matching vehicle is looked for at the wished origin station. As long as
no matching vehicle is found, the search for a suitable vehicle is made in priority
after each realized event. The rental process occurs then in the same way as for
short-term rentals because both modules converge on "Rental Fix" event.

2.4.2 Partial floating
With the one-way rental regulations presented earlier, customers may complain
when they cannot find available spots at the end of their trips. They then have to
return their vehicle to more remote stations, further increasing their travel time.
To avoid cruising for parking and moving customers away from their destination,
the operator can allow vehicle drop-off in the vicinity of their desired station
outside of the existing parking spots when they are all occupied. In the simulation
framework, such vehicles are parked in virtual extra spots associated with the
closest station and given in priority to new customers if their battery level is
high enough. Otherwise, they need to be relocated to stations where they can
be charged as the extra spots are non-charging. Hence, a careful monitoring of
vehicles outside stations is necessary. Note that a similar approach in which the
capacity of stations may be temporarily enlarged by allowing parking nearby was
also considered in Nourinejad and Roorda (2014).

2.4.3 Introducing dynamic staff-based relocations
Because of spatio-temporal asymmetry in the demand, most carsharing systems
quickly reach a problematic imbalance in available resource distribution, leading
to a poor level of service. To counter that effect, dynamic staff-based relocations
can be performed during the day to maintain vehicles rightly spread and ensure
the availability of cars and parking spots everywhere at all times. The strategy
proposed in this study relies on a regular update of the personnel tasks depending
on the system state evolution. In order to define a relocation plan, the operator
needs to define the movements of the relocation staff with and without vehicles
such that the final distribution of vehicles is suited for the rental requests to appear
in the near future. In other words, the operator needs to select the relocations to be
performed and how they should be assigned to the working staff. Making both types
of decisions simultaneously is complex as they are intricate. Therefore, we propose
a procedure that heuristically separates the timing of these two types of decisions
in two steps, taking care first of selecting the sets of relocations to be performed
before assigning their realization to the relocation staff. Before describing it in
more details, we underline that this procedure assumes that, at any time of the day,
it is possible to define an ideal distribution of vehicles among stations, which is
the most suitable to serve future incoming demands. Improving the state of the
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system consists then in performing relocations as to reach this ideal distribution
or at least bring the system closer to it. In this study, we choose to consider that
the ideal distribution is time independent, but the formulation can be expanded
to the case of time-dependent configurations.

The first step of the procedure is the relocation choice problem, where the
current vehicle distribution is compared to the ideal vehicle distribution. From
this comparison, the proposed model outputs a set of relocations to be performed.
The second step, the personnel tasking problem, assigns each relocation of this
set, which is an input now, to a relocation personnel and defines the sequence in
which each of the personnel performs the relocations that he/she has been assigned.
The output of this second step is the future working schedule of every relocation
personnel. The procedure is summarized in Figure 2.2.

Figure 2.2: Relocation schedule definition procedure for the case study of Nice.

In our approach, both steps are modeled as mixed-integer linear programming
problems. This sequence of problems is embedded in a rolling horizon framework,
that is, the entire procedure is rerun whenever unforeseen events happen, e.g. a new
short-term rental request or the end of a trip. As the number of unexpected events is
quite high, only the first few tasks returned by the framework are generally applied
before the schedules are updated. In both problems, we do not consider in the
objective the cost of energy (electricity or gasoline) due to performing relocation as
it is very small compared to daily staff employment costs, particularly because the
system uses electric vehicles. We study the impact of different staff and fleet sizes in a
scenario-based approach, and consequently staff and fleet sizes are given as an input
and not defined as decision variables in the optimization procedure. Monetary costs
related to performing a relocation (in particular vehicle cost per kilometer traveled)
are discarded from the objective functions of the subsequently presented problems
and we mainly focus on maximizing the efficiency of the relocation staff activity.
This approach also presents the advantage of not requiring to find an adequate value
of time for relocation staff activities that would allow to combine monetary and
time-based components in the objective functions. The relocation choice problem
and the personnel tasking problem are detailed in the next paragraphs.
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Relocation choice problem

The first step of the procedure, i.e., the relocation choice problem, consists in
choosing the best set of relocations to be performed in the near future to improve
the state of the system. It outputs the set of distributions that will be assigned
to the working relocation staff. We define the ideal distribution by considering
the long-term reservations already accepted by the system and for each station
the inventory at the station and in the ones around. As it is assumed that any
request can be served by stations close enough to the request desired origin point,
i.e. within a 500 meters radius, it is not necessary to have vehicles at a specific
station as long as there are some in the surrounding stations. Specifically, we
associate to each station the set of all nearby stations in a 500 meters radius,
which is called here the cluster of the station.

We define hereafter three criteria that a distribution of vehicles has to respect to
be ideal for this case study. These criteria are arbitrary and based on common sense;
other approaches to define ideal distributions can be explored or applied instead of
this one. The goal is to ensure vehicles are available to serve long-term reservations
while the rest of the fleet is spread such that there is always a vehicle accessible
by walking from any station. As we do not consider historical data, it may also
be interesting to spread the vehicles as much as possible between stations to avoid
imposing users to walk to get service, although we do not measure this discomfort.
The criteria apply either to stations or to clusters associated with each station:

1. Minimum vehicle fleet at a station
For stations where accepted long-term reservations will begin in the near
future, there needs to be a minimum number of vehicles that corresponds to
the number of long-term reservations starting from the station in the next
two coming hours.

2. Target vehicle fleet in a cluster
As future short-term demand remains unknown, a range for the total number
of available vehicles inside each cluster, i.e., in the vicinity of each station, is
defined. This range may be fitted to historical data but is fixed arbitrarily in
this study.

3. Equitable vehicle distribution inside clusters
In order to avoid accumulation of vehicles at busy destinations and favor
service at any station, vehicles should be spread as uniformly as possible
among stations inside the same cluster. If historical demand patterns were
used, the ideal vehicle repartition inside clusters could be not uniform as to
place vehicles in stations expecting a larger demand for vehicles and empty
spots in preferred vehicle drop-off locations. A small deviation from the mean
number of vehicles per station is tolerated.
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The relocation choice model’s objective aims at finding a set of origin-destination
relocation pairs as to minimize the total driving duration of the relocation staff.
The selected set of relocations has to bring the system to an ideal state in terms of
vehicle distribution, which is defined by the model constraints. However, it may be
impossible to fully comply with the criteria enumerated previously, notably as they
may contradict one another. In such cases, no feasible ideal vehicle distribution
exists and the problem has no feasible solution. Yet, in order to enter the second
step of the relocation definition procedure, a set of relocations to perform must
still be output. Thus, instead of strictly enforcing the constraints that ensure
the compliance with the previously defined criteria, the problem is relaxed by
introducing penalty variables that allow to violate the constraints at the cost of an
increase of the objective function. This allows to always find a distribution that
approaches the ideal ones. We apply different penalty weights depending on the
importance of respecting each type of criterion. First, it is of utmost importance to
guarantee vehicles to long-term reservations. Second, the number of vehicles in a
cluster should be in the target range to maximize the probability to serve incoming
short-term requests. Third and least important is to distribute vehicles equally
within clusters as the chosen modeling assumes users agree to walk to nearby stations.
The model, relevant sets, parameters and decision variables are presented hereafter.

Sets
C Set of clusters
N Set of stations
Ni Set of stations in cluster i ∈ C

Parameters
NCmax

i Maximum value of the acceptable range for cluster i ∈ C.
Its value is set here to 2|Ni|.

NCmin
i Maximum value of the acceptable range for cluster i ∈ C.

Its value is set here to |N i| − (1 + E( |Ni|3 )).
n0
j Number of vehicles at station j ∈ N at the time where optimization is run
nmin
j Number of reservations expected to begin from station j ∈ N in the planning horizon
Cjk Travel duration by car from station j to station k ∈ N
δ Maximum station inventory to mean cluster inventory deviation.

δ is fixed to 1.
Peq Penalty weight related to the equitable spreading of vehicles inside each cluster.

Peq is fixed to 1.
Pb Penalty weight related to the availability of vehicles in each cluster for short-term requests.

Pb is fixed to 10.
Pmin Penalty weight related to the availability of vehicles at stations for known long-term reservations.

Pmin is fixed to 100.
Decision Variables

NCi Total number of vehicles parked in stations of cluster i ∈ C.
nj Number of vehicles parked at station j ∈ N after relocations have been performed
ujk Number of vehicles to be relocated from station j to station k ∈ N .
αi and βi Penalty variables related to the availability of vehicles in each cluster i ∈ C for short-term requests
µij and νij Penalty variables related to the equitable spreading of vehicles between stations j ∈ Ni
ωj Penalty variables related to the availability of vehicles at station j ∈ N

for known incoming long-term reservations

Table 2.1: Sets, parameters, and decision variables for the relocation choice model.
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min
∑

(j,k)∈N
k 6=j

Cj,kuj,k +
∑
i∈C
j∈N i

Peq(µi,j + νi,j) +
∑
i∈C

Pb(αi + βi) +
∑
j∈N

Pminωj (2.1)

s.t. NCi =
∑
j∈Ni

nj ∀i ∈ C (2.2)

nj = n0
j +

∑
k∈N

(uk,j − uj,k) ∀j ∈ N (2.3)

nj + ωj ≥ nmin
j ∀j ∈ N (2.4)

NCmin
i ≥ NCi + αi ∀i ∈ C (2.5)

NCi − βi ≤ NCmax
i ∀i ∈ C (2.6)

− δ < nj −
NCi
|Ni|

+ µi,j ∀i ∈ C,∀j ∈ Ni (2.7)

nj −
NCi
|Ni|

− νi,j < +δ ∀i ∈ C,∀j ∈ Ni (2.8)

NCi ∈ N, αi ≥ 0, βi ≥ 0 ∀i ∈ C (2.9)
uj,k ∈ N ∀j, k ∈ N (2.10)
νi,j ≥ 0, µi,j ≥ 0 ∀i ∈ C,∀j ∈ Ni(2.11)
nj ∈ N, ωj ≥ 0 ∀j ∈ N (2.12)

Objective (2.1) minimizes the driving time needed to perform all relocations and
is penalized to account for the difference between the actual final vehicle distribution
and the closest ideal one with respect to each penalty type. The first penalty term
is related to the uniform distribution of vehicles within a cluster, the second penalty
term to the availability of vehicles inside each cluster and the third penalty term to
the service of long-term reservations. Constraints (2.2) link the number of vehicles
in every cluster to the number of vehicles at each station. Constraints (2.3) calculate
the number of vehicles to be relocated between stations. Constraints (2.4) set a
minimum for the number of vehicles at each station while constraints (2.5-2.8) set
bounds for the number of vehicles in each cluster and at each station with respect to
the equitable spreading of vehicles inside clusters and minimum vehicle fleet in every
cluster criteria. Remaining constraints (2.9-2.12) define the variables’ domains.

Personnel tasking model

The personnel tasking model assigns the set of relocations selected by the relocation
choice model to the staff (i.e., (j, k) ∈ S s.t. uj,k > 0). The tasking problem
is formulated as a network-flow problem, where stations are nodes, personnel
actions (i.e., relocations and moves) are arcs and personnel are flows. Flows
enter the network from their source nodes, i.e., the personnel’s current positions
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or starting positions if they are not yet in service. Once they have covered all
relevant relocation and move arcs, they exit by joining a virtual sink node that is
accessible from every node by traveling a zero cost arc. The objective is to maximize
the number of covered relocation arcs by the personnel within a predefined time
horizon, which is taken equal to the reminder time of long-term reservations. The
relevant sets, parameters and decision variables are presented in Table 2.2. The
problem is formulated on page 28.

Objective (2.13) maximizes the number of relocations covered by the personnel.
Relocations performed to serve long-term reservations are weighted in order to
prioritize their realization. Constraints (2.14) forbid a personnel to undertake several
tasks at the same time. Constraints (2.15) and (2.16) ensure that each flow starts
at its source node and ends at the sink. Constraints (2.17) guarantee that every
relocation arc is traveled at most once. Constraints (2.18) are flow conservation
constraints at nodes. Constraints (2.19) set the start of each flow depending on the
availability of personnel. The definition of every personnel’s schedule, including
potential waiting times, is handled by constraints (2.20). Constraints (2.21) and
(2.22) limit the scheduling of tasks according to the personnel availability and
the planning horizon. Constraints (2.23) enforce the time windows to respect for
the travel of arcs that aim at serving a long-term reservation, i.e., arcs belonging
to Abook. Constraints (2.24) and (2.25) link arc travel times with task schedules.
Finally, constraints (2.26-2.29) define the variables’ domains.

Sets
N Set of all nodes (excepted the sink node), i.e. stations
Ns Subset of flow source nodes, i.e. starting stations
ne Sink node
A Set of arcs, i.e. relocations and moves
AR Subset of relocation arcs
Abook Subset of relocation arcs required to be traveled to serve long-term demands
AM Subset of move arcs
Ain
n /Aout

n Subset of arcs coming to/leaving from node n ∈ N ∪ ne
asink
n Arc leaving from source node n ∈ Ns and directed to ne
K Set of flows, i.e. available personnel
Kn Set of flows starting at source node n ∈ Ns

L = {0...2|AR|+ 1} Task index of each personnel. We also note L? = {0..2|AR|}
Parameters

ca Travel duration of arc a ∈ A (i.e. its travel cost)
T start
k /T end

k Availability start/end time of personnel k ∈ K
H Planning horizon
tmin
a /tmax

a Minimum and maximum time to start traveling arc a ∈ Abook

η A weight priority parameter for relocations performed to serve long-term reservations
M A big constant

Decision Variables
ua,k,l Binary variable - 1 if arc a is traveled by personnel k ∈ K during task l ∈ L, 0 otherwise
Tk,l Start time of task l ∈ L for personnel k ∈ K
wk,l Waiting time for personnel k ∈ K before beginning task l ∈ L
τa Start time of relocation a ∈ Abook

Table 2.2: Sets, parameters, and decision variables for the personnel tasking model.
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max
∑
k∈K

∑
l∈L?

(
∑

a∈Abook

ηua,k,l +
∑

a∈AR\Abook

ua,k,l) (2.13)

s.t.
∑
a∈A

ua,k,l ≤ 1 ∀k ∈ K,∀l ∈ L (2.14)∑
a∈Aout

n

ua,k,0 = 1 ∀n ∈ Ns,∀k ∈ Kn (2.15)
∑

a∈Ain
ne

∑
l∈L

ua,k,l = 1 ∀k ∈ K (2.16)

∑
l∈L

∑
k∈K

ua,k,l ≤ 1 ∀a ∈ AR (2.17)
∑
a∈Ain

n

ua,k,l =
∑

a∈Aout
n

uakl+1 ∀k ∈ K,∀l ∈ L? (2.18)

Tk0 = wk,0 + T start
k (1− uasink,k,0

n
) ∀k ∈ K (2.19)

Tk,l+1 = Tk,l + wk,l+1 +
∑
a∈A

caua,k,l ∀k ∈ K,∀l ∈ L? (2.20)

T end
k ≥ Tk,2|AR|+1 ∀k ∈ K (2.21)
H ≥ Tk,2|AR|+1 ∀k ∈ K (2.22)
tmin
a ≤ τa ≤ tmax

a ∀a ∈ Abook (2.23)
τa ≤ Tk,l +M(1− ua,k,l) ∀a ∈ Abook,∀k ∈ K,∀l ∈ L? (2.24)
τa ≥ Tk,l −M(1− ua,k,l) ∀a ∈ Abook,∀k ∈ K, ∀l ∈ L? (2.25)
ua,k,l = {0, 1} ∀a ∈ A, ∀k ∈ K,∀l ∈ L (2.26)
Tk,l ≥ 0 ∀k ∈ K,∀l ∈ L (2.27)
wk,l ≥ 0 ∀k ∈ K,∀l ∈ L (2.28)
τa ≥ 0 ∀k ∈ K,∀l ∈ L (2.29)

2.5 Application to a real carsharing system in
Nice

2.5.1 Case study description
The system consists of 59 stations, spread all over the Nice agglomeration area, with
a higher density towards the center of the city as seen in Figure 2.3. In the study,
station capacity is supposed to be uniform and fixed at three vehicles per station.
Vehicles are electric and plugged at stations where they recharge while expecting
their next assignment. As explained in the previous section, it is assumed that
users look for vehicles in a 500 meters radius around their wished origin stations.
The clusters are built according to this rule, as explained before.

Demand is extrapolated from real demand collected on the system. As the system
was until then operating with round trips only, the real round trip transactions
are split into several one-way trips using the GPS positions sent to the system
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Figure 2.3: Location of the stations of the system in the agglomeration of Nice.

whenever a car is locked or unlocked, as in Boyacı, Zografos, and Geroliminis (2015).
During a rental, if a vehicle is locked for more than 30 minutes, the original trip
is divided into two trips. The first trip is from the start of the original trip until
the locking time, the second trip is from the start of the unlocking time to the end
of the original trip. We use the origin of the original trip and the locking location
as the first trip’s origin and destination locations of the first trip, respectively.
Similarly, we use the unlocking location and the destination of the original trip as
the origin and destination locations of the second trip, respectively. This division is
done recursively. When the locking/unlocking locations do not match an existing
station, we consider that the obtained one-way trips end and start at the station
closest to these locations. If this station is further than 500 meters away from the
locking/unlocking location, the splitting process is not realized for this locking.
As a result, an original round trip demand can be used to create more than two
one-way trips. The average duration of a rental in this system after this procedure
is 50 minutes. For simulation purpose, input seeds are generated through a random
selection from the pool of split one-way demands. Each seed contains rental requests
for 10 consecutive days in order to attenuate the effect of simulation start and
consider the impact of potentially imbalanced distribution in the mornings. Three
levels of daily demand, i.e, number of rental requests per day, are tested – 50, 100
and 200 – along with four different percentages for long-term reservations – 0%, 25%,
50% and 100%. The impacts of different tactical, strategic, operational parameters
and relocation strategies on these different cases are investigated.

Two fleet sizes, named V1 and V2, with different number of parking spots
and vehicles are considered. V1 places 1 vehicle and 2 free spots in every station
with a total fleet size equal to the number of stations. V2 is similar to V1 except
that the 10 stations with the largest demand receive an additional vehicle and
an extra parking spot, having then 2 free spots and 2 vehicles. In that case, the
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total fleet size is equal to the number of stations plus 10. In parallel, various
minimum battery levels allowing rental are tested, in a range between 20% and
60%. Different numbers of working personnel is also tested, ranging from 4 to
19 personnel, distributed in various shifts throughout the day. Eventually, four
different relocation policies are considered:

1. SNo: "No relocation strategy", in which no relocations are performed.

2. SRe: "Reset strategy", where vehicles are returned back to their original
position every night. No planning for this static relocation is considered.
We suppose that enough staff is hired to perform the relocations during the
system closing/off-peak hours. The Reset is handled in simulation by the
"Reset Vehicles" event described in Section 2.3. In the simulation, we suppose
that vehicles are returned every night to the position that is given by the
vehicle initial position list input.

3. SOR: "Relocations only for reservations strategy", where the model previously
presented is used but constraints (2.5- 2.8) are deactivated. Consequently,
the ideal distribution depends then only on known long-term reservations and
does not require any balanced vehicle distribution inside and between clusters.

4. S7: The relocations are selected and performed according to the entire
optimization procedure presented earlier. In the case of dynamic relocations,
i.e., SOR and S7, a dynamic schedule is kept for each relocator and updated
whenever necessary, that is, whenever a relocator becomes idle and needs to
be assigned a new task.

For performance evaluation, three main indicators are followed through simulation.
The level of service is calculated as the cumulative request service rate at any
point in time. Rejection counts per station highlight the disparities between
locations. Accumulation or lack of vehicles in stations is carefully tracked as the
proposed policies aim at balancing the asymmetries created by serving demands but
also allow drop-off of vehicles at stations without respecting capacity restrictions.
These three principal measurements are complemented by vehicle state snapshots
that show the repartition of the state of the vehicles in the fleet between their
different potential states.

2.5.2 Results
Results from this subsection as well as the models and design of the policies from the
previous section were obtained before the start of this thesis work by the author of the
thesis. They are presented here because they illustrate well the modeling possibilities
of the simulation framework, which has been largely modified, restructured and
enhanced throughout the thesis work in order to improve its modularity.
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Impact of system characteristics and tactical decisions

When no relocations are performed, adding vehicles, i.e., switching from a V1
to V2 vehicle distribution, in the system increases demand acceptance rate by
3%, independently of the demand level considered. In comparison, introducing
relocations is more efficient as the improvement ranges between 10 and 17%,
depending on the demand level. As expected in the V2 case, rejection rate decreases
principally in stations that have received an additional vehicle. Runs with V1
distribution showed that more than half of the rejections occurred in less than a
third of the stations, hence the additional 10 vehicles in the busiest stations in
the definition of configuration V2. Note that in any of the configurations studied,
the cumulative percentage of requests served decreases in the first couple days
of each run before stabilizing.

Modifying the battery threshold that allows rental has a very limited impact. The
level of service decreases very slowly with an increasing threshold. For the remainder
of this chapter, battery threshold is always fixed at 40%, a value that allows the vast
majority of the demand trips to be served without running out of energy during them.

Increasing the number of personnel working impacts the level of service only
when the number of personnel is small. Personnel is distributed to work in 7
hours overlapping shifts due to working regulations in France. Night shifts have
less personnel relocating as demand is scarce. At high staffing values, i.e., larger
than 7 personnel working per day, lost demand marginally decreases by only 1
to 5% when the staff size is doubled, depending on the demand level considered.
Consequently, for the remainder of this chapter, we present results with the number
of personnel set to 7 only.

Finally, the worst side effects of the partial floating policy remain very limited
as the number of vehicles parked outside stations with insufficient battery to
start a rental remains very small. Even if no relocations were to be performed,
a minimum service could be imagined every few days to collect these vehicles
and park them in charging spots.

Impact of various management strategies

In this section, we focus on the comparison between relocation strategies. Battery
threshold to allow rental is set to 40% and chosen initial vehicle distribution
is set to V1. Figure 2.4 shows the lost demand ratios for total demand (TD),
short-term demand (STD) and long-term demand (LTD) as a function of the
percentage of long-term demands in the total demand for a daily demand level
of 100 requests. Note that the graphs do not have the same scale as looking
at the percentage of short-term/long-term demand accepted when there is 100%
long-term/short-term requests is irrelevant.

32



2. An event-based simulation framework for carsharing systems

0%

10%

20%

30%

40%

50%

60%

0% 20% 40% 60% 80% 100%

TD
 lo

st
 a

s 
a 

%
 o

f 
TD

Long-term demand % in total demand

S7 SNo SRe SOR

0%

10%

20%

30%

40%

50%

60%

0% 10% 20% 30% 40% 50%

ST
D

 lo
st

 a
s 

a 
%

 o
f 

to
ta

l S
TD

Long-term demand % in total demand

S7 SNo SRe SOR

0%

10%

20%

30%

40%

50%

60%

25% 35% 45% 55% 65% 75% 85% 95%

LT
D

 lo
st

 a
s 

a 
%

 o
f 

to
ta

l L
TD

Long-term demand % in total demand

S7 SNo SRe S7

Figure 2.4: Lost demand characteristics for 100 rental requests per day and different
proportions of long-term reservations for the four investigated relocation policies.

The most efficient strategy is S7, independently of the percentage of long-term
reservations. In extreme cases, its performance can be compared to SRe and
SOR when long-term demand is 0% and 100%, respectively. At high demand
levels, i.e. 200 demands per day, SRe even outperforms S7 on specific seeds
although the performance of S7 is slightly better in average. In mixed demand
cases, S7 outperforms all other policies. In particular, the poor performance of SOR
with regard to the short-term demands highlights the importance of an equitable
distribution of vehicles among the stations. Therefore, defining an ideal distribution
better suited to the historical trip vehicle patterns could potentially further improve
the level of service. S7 is also better at handling reservations than SNo and
SRe since the long-term demand remains approximately constant below 10%, no
matter the long-term reservation percentage. However, since the operator has to
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guarantee a vehicle to any reservation accepted previously, such a value may still be
unfortunately too high. Note also that the percentage of long-term demand impacts
the performance with regard to the service of short-term demands because resources
may be blocked very long in advance to ensure the service for long-term reservations,
hence reducing the number of available vehicles to serve short-term requests.

The different strategies investigated lead to different vehicle accumulation
patterns in the stations of the system. In particular, accumulation outside of stations
caused by the partial floating policy should be avoided. The vehicle accumulation
state of each station is defined by a pair (Ox,Ey), where x is the number of vehicles
parked in the station’s spots and y is the number of vehicles parked outside of
the station due to partial floating regulation. Figure 2.5 summarizes the system
accumulation state for the 4 different strategies considered (no relocation, reset,
only mandatory relocations and designed strategy) as two superposed graphs. Daily
demand is 100 requests per day and long-term reservation percentage is 50%. In
ordinate, from 0 to 59 are presented the number of stations in each possible O state;
from 59 to 118 are presented the number of stations in each E state with vehicles
parked outside the station. In short, the top part refers to E states, the bottom to
O states. Also, values for closing hours of the system, i.e. between 12 pm and 6 am,
are not displayed on the graph as the station states do not vary then.
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Figure 2.5: Station states accumulations with respect to time for the four investigated
relocations policies SNo (top left), SRe (bottom left), S7 (top right) and SOR (bottom
right) and for one demand seed of 100 rental requests per day with 50% long-term
reservations.
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SRe presents a periodical pattern, as a result of the immediate reset performed
at the end of each day. For all three other strategies, the variations in the first
simulated days are important but reach a full steady state, notably for the O states,
around the third day. Unlike with SNo and SOR, the number of stations with state
O3 is very small with the S7 strategy. Also, the number of stations with high E
states remains limited with S7. SRe also has few stations in high E states thanks
to the periodical reset but presents more high O states throughout the day. In the
case of S7, accumulation is avoided, likely because of the proactive equilibrating
features of the relocation choice model represented by constraints (2.5) and (2.6).
Besides, the number of stations with no vehicles in their spots (O0 state) is also
smaller when S7 is applied, maximizing vehicle availability in most stations.

2.6 Summary
This chapter has presented the basics of a versatile carsharing simulation framework
which can analyze existing systems under different loads and working conditions, as
well as test new policies aiming at improving the level of service. The simulation
framework relies on interacting modules that act on the simulator chain of events.
The simulation framework was used on an existing system in Nice, France. Several
features were added to allow partial floating and introduce long-term reservations.
Four different relocation strategies were also tested: a no relocation strategy, a reset
relocation strategy and two variants of a dynamic relocation policy. The latter
work in a rolling horizon framework and implement the output of a sequence of
optimization problems which aim at (i) finding the best relocations to perform to
return the system closest to a predefined ideal distribution with minimum total
relocation driving duration and (ii) assign these relocations to be done to the staff.
This policy maximizes vehicle availability in as many stations as possible and limits
the accumulation of vehicles outside stations. Improving it further would require
to better define the concept of ideal distributions.
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3
Dynamic prediction-based relocation

policies in one-way station-based
carsharing systems with complete journey

reservations

This chapter is based on the article:

• M. Repoux, M. Kaspi, B. Boyacı, and N. Geroliminis (2019). “Dynamic
prediction-based relocation policies in one-way station-based carsharing
systems with complete journey reservations”. In: Transportation
Research Part B: Methodological 130, pp. 82–104

The work therein has been performed by the author in collaboration with Dr.
Mor Kaspi, Dr. Burak Boyacı and Prof. Nikolas Geroliminis.

3.1 Introduction
In this chapter, we focus on the development of proactive staff-based relocation
methods in carsharing, which aim at reducing present imbalances in vehicle and
spot availability as well as preparing the system for the expected future demand.

The type of system studied, namely a one-way station-based carsharing system
implementing complete journey reservations, presents an original operational pattern
that we take advantage of. In a carsharing system enforcing a complete journey
reservation regulation, both a vehicle and a destination spot need to be reserved
at the time of booking. Notwithstanding, a vehicle can be booked only up to
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an hour before the rental effectively starts, whereas the destination spot is kept
booked until the vehicle is dropped-off by the user. Note that a reserved vehicle
is locked for the user that has booked it until either pick-up or cancellation, that
is, it cannot be booked by another user. Any reservation can be modified by the
customer at any time subject to resource availability. Users pay by the time they
have been using the system, starting from the reservation time and until the end
of the rental. We emphasize that the journey reservation policy should not be
viewed as a conventional reservation system. Namely, the exact booking times at
which resources are about to be blocked are not known to the operators in advance.
Similarly, the exact resource release times are not known in advance, i.e., the times
in which vehicles will be taken and returned. From the user’s point of view, such
rental conditions are particularly favorable as customers are guaranteed a spot
at the destination of their choice for an unlimited amount of time whereas the
main drawback lies in the inability to book a trip very far in advance. From the
operator’s point of view, such rules imply that reserved resources cannot be utilized
for any other action. In a system with full reservation information (for example
in Boyacı, Zografos, and Geroliminis (2017)) where the operator knows the exact
time a vehicle will be returned, it could, for instance, utilize this parking spot in
between for other vehicles/passengers. Therefore, the operator’s main concern is to
find the right balance between the attractiveness of the system towards the users
and operational costs. A journey reservation policy may potentially enhance the
vehicle and spot shortages due to reserved resources, further emphasizing the need
to accompany this policy with a reliable and effective relocation policy.

The contributions of this chapter are the following: first, we develop a Markovian
model that utilizes reservation information in order to estimate the expected demand
losses due to vehicle and spot shortages. Second, we integrate the model in a new
proactive and dynamic relocation policy. Third, we compare this new policy to a
benchmark no relocation case, to a state-of-the-art inventory rebalancing relocation
policy that combines classical approaches from the literature and to a centralistic full-
knowledge relocation model. Fourth, we report the results of a unique collaboration
with the Grenoble carsharing system which allowed us to test various policies in
the field. Finally, we further evaluate the performance of the proposed policies
using an event-based simulation framework.

The remainder of this chapter is organized as follows: Section 3.2 reviews
specifically relocation policies in carsharing systems and identifies the gaps this
research aims at closing. The proposed dynamic relocation policies and the
centralistic full-knowledge relocation model are then presented in Section 3.3. Section
3.4 introduces the case study based on the Grenoble system and presents the field
experiments conducted in collaboration with the system operator. In addition,
the results of an extensive simulation experiment are presented and discussed.
Concluding remarks and future research directions are given in Section 3.5.
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3.2 Literature review
To improve the level of service in carsharing systems, most of the emphasis at the
operational level has been put on devising methods to redistribute vehicles in the
system. Vehicle relocation aims at guaranteeing available vehicles and parking spots
where and when needed. For an extensive review regarding relocation mechanisms in
one-way carsharing systems, we refer the reader to Illgen and Höck (2018b). In this
chapter, we also disregard relocations made outside of the system’s opening hours
as in Chemla, Meunier, and Calvo (2013) and Raviv, Tzur, and Forma (2013) in the
case of bikesharing systems and focus on relocations made in parallel to operations.

In the literature, two main approaches have been considered: staff-based
relocations, where carsharing system employees move vehicles (Barth and Todd,
1999; Boyacı, Zografos, and Geroliminis, 2015, 2017; Gambella et al., 2018; Kek,
Cheu, and Chor, 2006), and user-based relocations, where customers adapt their trips
according to the operator’s suggestions and incentives in order to better distribute
vehicles in station-based systems (Barth, Todd, and Xue, 2004; Di Febbraro, Sacco,
and Saeednia, 2012, 2018). These approaches have also been adapted to free-floating
systems by Weikl and Bogenberger (2015). Though many studies have focused on
staff-based relocations, only a few of them include in their model the routing of the
relocators (Boyacı, Zografos, and Geroliminis, 2015, 2017; Gambella et al., 2018;
Nourinejad et al., 2015). Active relocation strategies may be also accompanied
by passive regulation measures, for instance by controlling vehicle inventories at
stations through pricing. This kind of mechanism encourages users to pick-up and
drop-off vehicles in preferable stations and has proved effective in reducing the
need for staff-based relocations. Various models introducing this feature can be
found in Angelopoulos et al. (2018), Jorge, Molnar, and Almeida Correia (2015),
Waserhole and Jost (2016), and Waserhole, Jost, and Brauner (2013). Other
passive regulations such as parking reservation policies (Kaspi, Raviv, and Tzur,
2014; Kaspi et al., 2016) have also been considered and have shown to improve
system performance. Although staff-based relocation and passive regulations are
often implemented together in practice, the effect of combining active and passive
measures was rarely studied in the vehicle sharing literature. To the best of our
knowledge, the only research that has considered simultaneously relocations and
passive regulations is Pfrommer et al. (2014). Specifically, their study considers
the combination of dynamic relocations and price incentives and demonstrates the
ability to trade-off reward payouts to customers against staff related costs. In this
chapter, we study, for the first time, the combination of dynamic relocations and a
complete journey reservation policy with the aim of utilizing reservation information
in order to improve staff-based relocation decisions.

Few studies have considered future demand stochasticity to plan for better relo-
cation movements and improve the system’s level of service. Nair and Miller-Hooks
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(2011) formulate a stochastic mixed-integer program to make off-line relocation
decisions. A joint-chance constraint is introduced to set a lower bound on the future
level of service. The performance of the model is tested by dividing the day in
several consecutive periods and generating a separate plan for each period. Ma,
Wang, and Li (2018) present a methodology to derive station-specific relocation
triggering threshold values in which demand stochasticity is explicitly considered.
These thresholds constitute a simple and straightforward way for system operators
to detect in real-time overloaded/depleted stations from/to which performing a
relocation would be beneficial. However, in their case study, the staff is assumed to
be large enough to accomplish all needed vehicle relocations in order to reach the
computed threshold values. In addition, staff routing is ignored and the relocation
costs are computed per relocation performed, whereas staff related costs are typically
a function of the working shifts and not the amount of relocations performed. The
authors show that their calculation process generally outputs values different from
the ones obtained with classical procedures that ignore stochasticity. Operationally,
the introduction of these thresholds results in an overall improved level of service
at the cost of minor profit decreases in some stations. More recent studies have put
the emphasis on building mid-term relocation plans taking into account stochastic
demand. In Wang, Liu, and Ma (2019), a probabilistic approach is introduced to
evaluate the risks of a station falling short of resources. For each station, an upper
and a lower threshold are defined for each station given fixed alarming probabilities.
The relocation plan is then obtained as the solution of an integer linear program.
Besides the level of service improvement due to relocation, the authors observe
that smaller alarming probabilities lead to an increased number of relocations to be
performed even if the integer linear program optimizes the movements of staff. Song
and Murata (2018) rely on stationary distributions of Markov chains to forecast the
number of vehicles rented at each station. Based on this, they obtain the surplus
and shortages at each station and use a Genetic Algorithm to devise a relocation
plan for the next three hours. Their approach is tested in simulation using historical
data and improves slightly the state of an already well-working system.

This study focuses on dynamic relocation policies, in which relocation operations
are executed while the system is actively providing service. Demand is revealed
online and the decisions regarding relocations are taken in real-time. Among
one of the earliest studies on carsharing, Barth and Todd (1999) measure the
performance of the carsharing system by the total time users wait for available
resources, assuming users are willing to wait unlimitedly. In their work, dynamic
decisions are implemented within an event-based simulation in order to assess the
impact of relocation decisions on the performance of the system. Three main policies
are studied: a policy where relocations are made based on immediate needs and
two policies with demand knowledge, one based on historically observed patterns
at specific times and the other on average historical demand information. User
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waiting times are shown to reduce significantly when more information regarding
future demand is available. Kek, Cheu, and Chor (2006) consider two types of
dynamic relocation policies, namely shortest-time and inventory balancing, that are
tested within a simulation framework. The former focuses on speed by selecting an
origin-destination pair such that an acceptable service state is recovered as soon as
possible in at least one of the stations. The second prioritizes vehicle move efficiency
and pairs only stations which have complementary needs for vehicles and spots. The
inventory-balancing technique is shown to reduce the number of relocations needed
while maintaining a comparable level of service while the shortest time relocation
policy is shown to decrease zero-vehicle time in stations. The One Vehicle One Spot
policy (OVOS), presented in Subsection 3.3.1, combines these two approaches by
considering simultaneously stations with resource shortages and the time required
for the potential relocation activities. Nourinejad and Roorda (2014) propose
a dynamic relocation approach in the form of two complementary optimization
models related to vehicle inventory and parking inventory, respectively. These
models are executed every time a new request appears in the system. Relocations
are optimized only with regard to demand already known to the system, namely,
users whose booking request was accepted and who have not yet started their trips.
Some uncommon features are also introduced: (i) any request acceptance status
can be modified from its request time until its rental start time and (ii) station
capacity is not a tight operational constraint as system operators may park vehicles
outside the station if needed in exchange of extra parking fees. This approach is
embedded in a simulation framework to test the impact of trip reservation time
on the level of service and fleet size needs. Their case study in Toronto leads to
the conclusion that, with their method, an increased trip reservation time can
drastically reduce the fleet size needed without reducing the level of service. Weikl
and Bogenberger (2015) present a practice-ready hierarchical relocation scheme for
free-floating carsharing systems. The scheme includes a mixture of optimization
problems and heuristic methods, with a global objective to maximize sales and
operator’s profit. Static staff-based relocation decisions are made independently
for several periods of the day, where the length of each period is a few hours. Real
demand realizations during a period are therefore not used to update relocation
decisions. Results obtained from a field test led in a Munich carsharing system
during three nights spread over three different periods of the year demonstrate
the implementability of the proposed scheme and that it outperforms the policy
implemented by the operators of the system. However, the significance of the results
is limited due to the small number of days tested.

To conclude, with respect to the existing literature and in accordance with gaps
identified by Illgen and Höck (2018b), this study addresses three aspects that have
not been examined yet. First, the combination of a journey reservation policy and a
completely dynamic relocation policy is considered by utilizing real-time reservation
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information in the relocation decisions. Second, a stochastic representation of the
future demand is modeled through a Markovian model that predicts the expected
demand loss based on historical data. The model can be fully evaluated off-line and
its output can be accessed efficiently during the real-time decision process. Thus,
stochastic information is incorporated in real-time decisions in order to generate a
proactive relocation policy, where the impact of different decisions can be explicitly
quantified and compared. Third, though many of the above mentioned papers
validate their approaches through simulation experiments, the result of implementing
these approaches in the field is rarely reported whereas we have implemented the
developed policies in a real-case study environment for a period of three weeks.

3.3 Dynamic relocation policies
In this section, we present two dynamic staff-based relocation policies designed
to generate real-time relocation decisions and an optimization that outputs an
approximated upper bound on the performance of the system. Specifically, in
Subsection 3.3.1, we present the OVOS policy, which integrates simple rules to
prioritize stations according to their vehicle and parking availabilities while preferring
time efficient relocations. In Subsection 3.3.2, we introduce a proactive prediction-
based policy that employs a Markovian model to estimate the expected demand
loss while taking into account reservation information. Finally, in Subsection 3.3.3,
we describe a rolling horizon optimization framework for vehicle and personnel
relocations. This framework assumes full knowledge of the daily demand and
solutions obtained through it are used to approximate upper bounds on the
performance of the system.

3.3.1 One Vehicle One Spot Inventory policy (OVOS)

The aim of this reactive policy is to guarantee at least one available vehicle and one
available spot at every station. By reaching this state, the next incoming request
is guaranteed to be satisfied. Consequently, the system should respond as fast as
possible to any station with no available vehicles or no available parking spots. To
this extent, the OVOS policy is a mixture of two well-studied dynamic relocation
approaches, namely, inventory balancing and shortest-distance.

In the dynamic setting considered here, a relocation decision is made any time
a relocator completes a relocating task, i.e., reaches a relocation destination. In
addition, note that when the inventory levels are in a satisfying state, the relocators
will not be assigned with new tasks. Therefore, on any occasion that some relocators
are idle, a relocation decision is triggered every time the state of the system changes,
namely any time a reservation is made, a vehicle is taken, or a vehicle is returned.
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Under the complete journey reservation policy, some vehicles and parking spots
may be blocked due to reservations. In other words, the sum of available vehicles
and parking spots may be smaller than the capacity of the station. In fact, at some
points in time, a station may have no available vehicles and no available parking
spots. In addition, in the considered operation mode, relocators are required to
reserve a vehicle and a spot, as users do. Therefore, when a relocator is assigned
with a task, a vehicle must be available at the origin and a parking spot must
be available at the destination.

Let βs and πs denote the number of available vehicles and available parking spots
in station s, respectively. At decision points, these values are retrieved and updated
by considering on-going relocation tasks. βs is increased by the number of on-going
relocation tasks with destination s and πs by the number of on-going relocation
tasks that will originate in station s, i.e., the number of vehicles that were reserved
by relocators but still have not been picked-up. Vehicles reserved by the users are
not considered because the exact pick-up times of the users are not known and some
users may cancel or modify their reservation. The decision process is composed
of three steps: (i) classification of potential origins and potential destinations, (ii)
prioritization of potential origin-destination pairs and (iii) selection of an origin-
destination pair according to a shortest distance criterion. At decision points,
stations are first classified based on their potential to be an origin or a destination
of a relocation. In Table 3.1, four classes of origins and destinations are presented,
denoted by O0, O1, O2, O3 and D0, D1, D2, D3, respectively. These classes define
priorities regarding the stations vehicles should be relocated to and from according
to their current available resource inventory states. Note that a station having
βs ≤ 1 is not considered as a potential relocation origin, as it has either the minimum
required level of available vehicles or no available vehicles. Similarly, a station
having πs ≤ 1 cannot be considered as a potential relocation destination.

Relocation origin classes Relocation destination classes
O0 = {s ∈ S|βs ≥ 2, πs = 0} D0 = {s ∈ S|βs = 0, πs ≥ 2}
O1 = {s ∈ S|βs ≥ 3, πs = 1} D1 = {s ∈ S|βs = 1, πs ≥ 3}
O2 = {s ∈ S|βs ≥ 3, πs ≥ 2} D2 = {s ∈ S|βs ≥ 2, πs ≥ 3}
O3 = {s ∈ S|βs = 2, πs ≥ 1} D3 = {s ∈ S|βs ≥ 1, πs = 2}

Table 3.1: OVOS policy - origin and destination classes.

Next, sets of origin-destination pairs are generated and prioritized according
to the priority levels displayed in Table 3.2. Note that priorities are presented in
decreasing order for selecting an origin-destination pair, i.e., priority 1 level contains
the most urgent pairs of stations for a relocation. Lastly, an origin-destination
pair is selected from the highest non-empty priority level. Specifically, among all
candidate origin-destination pairs having the same (highest) priority, we select
the pair that minimizes relocation duration. This duration is the sum of the
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time required for the relocator to reach the origin station and the driving time
from the origin to the destination.

Priority OD pair sets
1 {(o, d)|o ∈ O0, d ∈ D0}
2 {(o, d)|o ∈ O0, d ∈ D1}, {(o, d)|o ∈ O1, d ∈ D0}
3 {(o, d)|o ∈ O0, d ∈ D2 ∪D3}, {(o, d)|o ∈ O2 ∪O3, d ∈ D0}
4 {(o, d)|o ∈ O1, d ∈ D1 ∪D2}, {(o, d)|o ∈ O2, d ∈ D1}

Table 3.2: OVOS policy – relocation pair prioritization.

As can be observed in Table 3.2, the highest priority is given to pairs that contain
an origin with no available parking spot and a destination with no available vehicle.
Next in priority are pairs in which one station has no available vehicle/no parking
spot and the other station has only one available parking spot/one available vehicle.
Following are pairs in which one of the stations has no available vehicle/parking
spot and the last priority level considers pairs in which at least one of stations
has only a single vehicle/parking spot available. We note that the prioritization is
motivated by the lack of resources and not by the available resources. For example,
a station having one available vehicle and two available parking spots will have
the same priority as a station with one available vehicle and four available spots.
One could argue that the latter should be preferred, as selecting such station as
a destination would lead to more equitable distribution of available parking spots.
However, this kind of consideration may lead to longer relocation times and therefore
a less efficient allocation of the relocators’ work time.

To conclude, the significance of the OVOS policy is in combining two important
factors related to relocation: inventory management and relocation duration, while
its simple structure makes it easy to implement and communicate to the operators.
In Subsection 3.4.3, we will demonstrate the effectiveness of this policy as compared
to the operator’s policy. We note that in systems where stations exhibit highly
asymmetric demand rates, target levels higher than one might need to be considered.
However, as in most carsharing systems station capacities are rather low, a target
level of 1 is often the most suitable.

3.3.2 Markovian Estimation policy
In this strategy, the impact of relocation choices on the future level of service of the
system is quantified in order to make proactive relocation decisions. For this purpose,
we formulate a Markovian model that utilizes historical demand information in
order to estimate near-future shortage of vehicles and parking spots at a station.
Such a modeling approach was initially proposed by Raviv and Kolka (2013) to
measure user dissatisfaction in bike-sharing systems and was later adopted by several
studies in the vehicle sharing literature. However, none of the previous studies
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accounted for reservation information in the model. Such information is important
especially for short term estimation periods as it reduces uncertainty regarding
vehicles and parking spots that are about to become available. In what follows,
we describe a Markovian model for a single station that incorporates reservation
information, which complexifies the chain structure, and we explain how the output
of the model is used for real-time relocation decisions. The Markovian model is
applied for all stations in the system and for any potential decision period. To
simplify the presentation of the model, we consider next a given station s at a
given decision time t. This allows us to temporarily omit indices representing the
stations and the decision time. Specifically, without loss of generality, the decision
time occurs at the beginning of the prediction horizon.

Consider a single station with a given number of parking spots, denoted by
C. Under the complete journey policy, each parking spot may be in one of the
five following states: available vehicle (av); reserved vehicle for a one-way trip
(rv); reserved vehicle for a round trip (rv’); reserved parking spot (rp); available
parking spot (ap). The distinction between (rv) and (rv’) is necessary to represent
accurately station inventory dynamics. Indeed, the pick-up of a vehicle reserved for a
round-trip does not free up a spot, contrary to the pick-up of a vehicle reserved for a
one-way trip. We denote therefore the state of station s at time t by the quadruplet
(xav, xrv, xrv′ , xrp) where xav represents the number of available vehicles, xrv and
xrv′ represent the number of reserved vehicles for one-way trips and round-trips,
respectively, and xrp represents the number of reserved spots. As capacity is fixed,
the number of available parking spots is directly given by C − xav − xrv − xrv′ − xrp.

The transitions between the states of the station are due to seven events that
may occur at the station: (i) spot booking when a one-way trip request to the
station is accepted; (ii) vehicle booking when a one-way trip request from the
station is accepted; (iii) vehicle booking when a round trip request at the station
is accepted; (iv) vehicle pick-up when a one-way rental starts; (v) vehicle pick-up
when a round trip rental starts (vi) vehicle drop-off when a one-way rental ends;
(vii) vehicle drop-off when a round trip rental ends.

We model the evolution of the station as a continuous time Markov chain.
Particularly, we assume that the arrival of vehicle requests at a station follows time
heterogeneous Poisson processes with rates λv(t) for one-way trips and λ′v(t) for
round trips. Similarly, the arrival of parking spot requests at a station also follows
a time heterogeneous Poisson process with rate λp(t). This rate corresponds only
to the parking spot request rate of one-way trips. In the case of round trips, the
destination spot is in fact also the starting spot and is therefore directly booked when
the corresponding vehicle is reserved. Further on, we assume that the time between
the users’ reservation and their arrival at the station is exponentially distributed
with mean µv(t)−1 for one-way trip requests and that the spot reservation duration
at the station is exponentially distributed with mean µp(t)−1 and µ′p(t)−1 for one-way
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trips and round trips respectively. This Markov chain structure does not explicitly
represent the pick-up of a vehicle in the case of round trip request. Such event
does not directly impact the state of the station as the corresponding spot remains
blocked to other requests until the vehicle is returned. Therefore, we ignore this
event and rather model directly the transition (of rate µ′p(t)) between the reservation
of a vehicle for a round trip request and its drop-off at the end of the corresponding
rental. The transition rates out of state (xav, xrv, xrv′ , xrp) are summarized in Table
3.3. A graphical example of a continuous time Markov chain for a station with
two parking spots is shown on the next page in Figure 3.1.

Event Current state Next state Trans.
rate

Booking of available vehicle (xav, xrv, xrv′ , xrp) (xav − 1, xrv + 1, xrv′ , xrp) λv(t)
for a one-way trip xav > 0
Booking of available vehicle (xav, xrv, xrv′ , xrp) (xav − 1, xrv, xrv′ + 1, xrp) λ′v(t)
for a round trip xav > 0
Pick-up of booked vehicle (xav, xrv, xrv′ , xrp) (xav, xrv − 1, xrv′ , xrp) xrvµv(t)
for a one-way trip
Drop-off of vehicle (xav, xrv, xrv′ , xrp) (xav + 1, xrv, xrv′ , xrp − 1) xrpµp(t)
after a one-way trip xrp > 0
Drop-off of vehicle (xav, xrv, xrv′ , xrp) (xav + 1, xrv, xrv′ − 1, xrp) xrv′µ

′
p(t)

after a round trip xrv′ > 0
Booking of available spot (xav, xrv, xrv′ , xrp) (xav, xrv, xrv′ , xrp + 1) λp(t)
for a one-way trip xav + xrv + xrv′ + xrp < C
- (xav, xrv, xrv′ , xrp) Any other 0

Table 3.3: Transitions between states in the independent station Markov chain model.
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Figure 3.1: Graphical representation of the continuous time Markov chain for a station
with a capacity of two parking spots.

Consider for instance state (1,0,0,0), the state in which the station has 1 available
vehicle, 0 reserved vehicles (for round-trip and one way-trip), 0 reserved spots and
1 available spot. The potential transitions from this state are the following: the

46



3. Dynamic prediction-based relocation policies in one-way station-based carsharing
systems with complete journey reservations

available vehicle is booked for a one-way trip (λv, to (0,1,0,0)); the available vehicle
is booked for a round trip (λ′v, to (0,0,1,0)); the available spot is booked for a
one-way trip (µp, to (1,0,0,1)). The potential transition to this state are as follows:
a vehicle in a one-way trip is dropped-off at the station and the reserved spot is
filled (µp, from (0,0,0,1)), a vehicle is picked-up for a one-way trip and frees a spot
(µv, from (1,1,0,0)), a vehicle performing a round trip is returned to its reserved
spot and the vehicle becomes available (µ′p, from (0,0,1,0)).

Let (xav, xrv, xrv′ , xrp) be the state of the station s at time t, δ the estimation hori-
zon and πxav ,xrv ,xrv′ ,xrpyav ,yrv ,yrv′ ,yrs (τ) the probability that the station is in state (yav, yrv, yrv′ , xrs)
at time τ , t ≥ τ ≥ t + δ. The expected demand loss due to vehicle and parking
shortage at station s during δ is:

EL(xav, xrv, xrv′ , xrp) =
∫ t+δ

t

C∑
i=0

C−i∑
j=0

C−i−j∑
k=0

π
xav ,xtrv ,xrv′ ,xrp
0,i,j,k (τ)(λv + λ′v)(τ)dτ

+
∫ t+δ

t

C∑
i=0

C−i∑
j=0

C−i−j∑
k=0

π
xav ,xrv ,xrv′ ,xrp
i,j,k,C−i−j−k (τ)(λp(τ))dτ

In the first term of the sum, the term in the integral represents the rate of
requests that cannot be fulfilled due to shortages in available vehicles, obtained
by multiplying the probability for vehicle shortage at time τ by the arrival rate of
requests for vehicles λv(τ)+λ′v(τ). Similarly, in the second term of the sum, the term
in the integral represents the rate of requests that cannot be fulfilled due to shortage
in available parking spots, obtained by multiplying the probability for parking spot
shortage at time τ by the arrival rate of requests for parking spots λs(τ). The
evaluation of the expected demand loss is numerically obtained by applying the
approximation method proposed in Raviv and Kolka, 2013. We note that in a single
run of the procedure, the expected demand losses for all possible initial states are
obtained. For real-time implementation, we precalculate the expected demand loss
for every station, every period of the day and every possible initial state. Specifically,
we discretize the day into time periods of length ∆ and given a prediction horizon
δ, we run the approximation method for every station and every period.

In the considered operation mode, relocators are required to reserve a vehicle and
a spot. Therefore, a station is considered as a potential origin for a relocation only if
xav ≥ 0 at the decision time. If the origin station is in state (xav, xrv, xrv′ , xrp) when
the relocation task is assigned, it will transition to state (xav − 1, xrv + 1, xrv′ , xrp).
That is, an available vehicle has been reserved, thus decreasing the number of
available vehicles by one and increasing the number of reserved vehicles by one.
O(xav, xrv, xrv′ , xrp) denotes the expected avoided demand loss during the estimation
period if the station is selected to be an origin of a relocation and is defined as follows:

O(xav, xrv, xrv′ , xrp) = EL(xav, xrv, xrv′ , xrp)− EL(xav − 1, xrv + 1, xrv′ , xrp)

Equivalently, a station is considered as a potential destination for a relocation only
if at the decision time xav +xrv +xrv′+xrp < C. Similarly, if the destination station
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is in state (xav, xrv, xrv′ , xrp) when the relocation task is assigned, the station will
transition to state (xav, xrv, xrv′ , xrp + 1). Then, D(xav, xrv, xrv′ , xrp), the expected
avoided demand loss during the estimation period if the station is selected to be
the destination of a relocation, is given by:

D(xav, xrv, xrv′ , xrp) = EL(xav, xrv, xrv′ , xrp)− EL(xav, xrv, xrv′ , xrp + 1)

At a decision time, the expected avoided losses are calculated for all stations, only
with respect to their current states. For the sake of clarity, we omit hereafter the
state arguments and introduce a station index to differentiate between stations.
That is, the expected avoided loss at station s if it is selected as an origin or
as a destination for a relocation, are denoted by Os and Ds, respectively. The
expected avoided demand loss due to a relocation from station s1 to station s2
is the sum Os1 + Ds2 . Under this policy, any pair of stations (s1, s2) for which
Os1 + Ds2 > 0, is considered as a candidate for a relocation. In cases where no
candidates exist, no relocation is performed.

Finally, in selecting a pair from the set of candidates, we wish to balance
the expected avoided demand loss O/D against the time required to execute the
relocation task. In order to do so, we calculate the expected avoided demand
loss per time unit spent relocating. Specifically, let move(s1) the time required
for the relocator to reach station s1 from its current location at decision time
t and drive(s1, s2) the time required for the relocator to drive a vehicle from s1
to s2. The total time required to relocate a vehicle from s1 to s2 is given by
move(s1) + drive(s1, s2) and the expected avoided demand loss per time unit spent
relocating is given by (Os1 +Ds2)/(move(s1) + drive(s1, s2)). The relocation pair
that has the highest expected avoided demand loss per time unit spent relocating
is selected as the next relocation to perform. Let P be the set of candidate pairs
for a relocation, we select the relocation pair (o?, d?) such that:

(o?, d?) = arg max
(s1,s2)∈P

Os1 +Ds2

move(s1) + drive(s1, s2)

As in the OVOS policy, a relocation decision is made any time a relocator
completes a relocating task or when the state of the system is changed while
some relocators are idle.

In order to make the online relocation pair decisions in real time, the Markovian
Estimation policy requires an off-line stage. In this pre-processing stage, we calculate
the expected demand loss over the horizon δ for any time of the day and any possible
initial state for each station, following the calculation method from Raviv and
Kolka (2013). The day is divided in periods of 5 minutes starting respectively at
{0, 5, 10, ..., 17270, 17275}. Given the historical rate values and for every station s,
every initial state (xav, xrv, xrv′ , xrs) and every period start time tstart, we calculate
ELststart(xav, xrv, xrv′ , xrs) and store its value. We explain hereafter how these stored
values are used in real-time later. At any decision point t (i.e., with an idle
relocator), the current inventory state of all stations is first retrieved. Second, for
all candidate stations to be an origin/destination for a relocation, O/D is calculated
by retrieving EL for the relevant station states at the period containing t. Third,
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the idle relocator is assigned with the best-origin destination pair, i.e., the one
with the highest expected avoided demand loss per time unit spent relocating. The
online process is represented in Figure 3.2.

Figure 3.2: Online relocation decision algorithm using the Markovian Estimation
procedure.
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3.3.3 An approximate upper bound model for benchmark-
ing the performance of dynamic policies

As will be demonstrated in Section 3.4, the dynamic staff-based relocation policies
presented above have shown to perform well in terms of the number of accepted
requests. In order to further evaluate the quality of these policies, we wish to
bound the potential additional improvement that may be obtained by any other
dynamic relocation policy. For this purpose, we employ a centralistic approach with
in-advance full knowledge of the demand. Recall that in a dynamic setting, decisions
are taken without knowing the exact future demand realizations. Furthermore,
under the considered operational regulations, any user request that can be served
is accepted. However, from a global perspective, the system might be better off
not accepting certain requests. Clearly, a centralistic approach that simultaneously
decides which requests to accept and which relocations to perform, having full
knowledge of future demand, will perform better than any dynamic policy.

To that end, we developed a mathematical model that we present in details in
Appendix B. Specifically, we adapt the operations optimization model presented
in Boyacı, Zografos, and Geroliminis (2017) to the specific settings of carsharing
systems implementing complete journey reservation. The model is a time-indexed
mixed-integer linear program (MILP) formulation designed to maximize the number
of accepted requests. It receives as an input the full daily demand data, including:
time of request, starting and ending times of the requested rentals and their starting
and ending locations. The primary objective of the model is to maximize the
number of accepted request, subject to flow conservation constraints of vehicles
and relocators, capacity constraints, parking and vehicle reservations constraints.
The model is solved via a rolling horizon framework, that is, the demand input
consists of several consecutive days and the model is solved iteratively, day-by-day.
Specifically, the end locations of the vehicles in a given day are taken as the initial
locations of the vehicles in the following day.

While the time data related to the demand and the movement of vehicles and
relocators is given in fine resolution, a rougher time discretization is applied in the
optimization model for tractability reasons. Specifically, the durations of the rentals
and the relocation durations were rounded up to the closest discrete value. As a
result, the output of the model is not theoretically an upper bound on the number
of accepted requests, but instead only a good approximation of it.

3.4 Experimental Results
The dynamic relocation policies described in the previous section were tested taking
the Grenoble carsharing system as a case study. In Subsection 3.4.1, we describe
the characteristics of the Grenoble system and the data derived from it for the
purpose of our experiments. In Subsection 3.4.2, we describe the setup and results
of fields experiments we conducted in collaboration with the operators of the system.
Subsection 3.4.3 presents an extensive numerical experiment conducted in order
to further validate the results obtained in the field.
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3.4.1 Case Study
The Grenoble carsharing system was inaugurated in September 2014 and was
operational until November 2017. It implemented the complete journey reservation
policy. Note that similar reservation based policies are currently applied in other
cities like Toyota City, Japan and Bangkok, Thailand. The system consisted of
27 stations dispersed in the city center and some surrounding suburbs, including
the university campus. In total, 121 parking spots were installed in the system.
The capacities of the stations ranged from three to eight parking spots, where the
majority of stations had a capacity of four. Figure 3.3 displays the locations of
the stations and their capacities over the Grenoble map.

Figure 3.3: Location of the carsharing station in the agglomeration of Grenoble.

The vehicle fleet consisted of 70 ultra-compact electric vehicles, although in
practice, only 40 to 55 vehicles where available for rent at a given time due to
maintenance requirements. Two types of vehicles were deployed in the system,
the Toyota i-ROAD and the Toyota COMS. The first is a two-seater, three-wheel
vehicle with rear wheel steering that required basic training and the second is a
one-seater four-wheel vehicle with a small trunk. The vehicles’ maximum speed
corresponds to the speed limit in urban areas in France, 50 km/h, thus forbidding
them to enter the Grenoble ring road highway. Both types of vehicles are electric
and their common full battery range is about 50 kilometers. Therefore, rentals are
considered terminated only when vehicles are plugged to the station docks. The
system operated 24 hours a day, 7 days a week. Usage fee was fixed to 1 € per
15 minutes, independently of the distance traveled

In reality, vehicles are required to have a minimum level of battery to be available
for rent. In the simulation part of this case study, we disregarded battery restrictions.
Preliminary simulation runs have shown that in the case study, battery limitations
only marginally impact the results. Illgen and Höck (2018a) support this fact by
demonstrating that EV carsharing may perform as good as classic carsharing with
some particular demand characteristics as well as fleet and vehicle settings such as
ours. If the battery charging and range requirements are not negligible, EV-based
systems should have more cars with shorter ranges (and therefore less expensive) with
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a well-developed charging infrastructure. In such cases, the limitations coming from
EVs are well mitigated. Also, a proper analysis regarding energy consumption and
trip distances as in Brendel et al. (2018) facilitates the smart deployment of EVs for
the operator in carsharing systems and appeases the users’ potential battery anxiety.

Prior to our study, relocation was performed by two staff members on weekdays
between 9 a.m. and 5 p.m., i.e., after the start of the demand peak and before
its end. Relocation decisions were taken by the relocators with the help of a
decision-support tool, a web API identifying critical stations based on the current
state of the system. The relocators’ decisions were often motivated by other side
requirements as they were also responsible for vehicle maintenance and for the
training of new users. Also, no end-of-the-day relocations (to reset the system to
a good state) were performed during the low-usage period of the system, namely
at night. Such relocation strategies are out of the scope of this study. Besides,
introducing relocation night shifts comes at the price of increased salaries due
to arduous working conditions. Consequently, in our study, the early morning
fleet positioning for the next day is influenced by the previous days’ operations
and relocations. The effect of resetting vehicle distribution at night vs. dynamic
relocation policies was previously examined by the authors in Repoux, Boyacı, and
Geroliminis, 2015 and in Chapter 2 of this thesis.

The operators of the system have shared with us the trip transaction data
ranging from September 2014 to April 2017. We have pre-processed data and
removed unrealistic transactions or transactions that were irrelevant to our analysis.
Specifically, we ignored all relocation transactions and any trips transaction with
very short or very long rental duration. In addition, round trips with a duration
shorter than 5 minutes were also ignored.

Figure 3.4 presents the distribution of the demand over the periods of the
day. The daily distribution shows that the majority of the demands were evenly
spread between 7 a.m. to 8 p.m., with some slight decreases in the late mornings
and the early afternoons.

Figure 3.4: Hourly observed demand variations during the day for the Grenoble system.
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Figure 3.5 and 3.6 display the spatial distributions of demands over the network.
Naturally, stations in the heart of Grenoble (stations 1, 2, 3, 4, 5 and 7) exhibited
the highest rental intensity while suburban locations (stations 22, 23, 24 and 26)
were least used. In Figure 3.6, the diameter of the bubbles is proportional to
demand intensity at stations.

Figure 3.5: Distribution of observed demand by station in the Grenoble system.

Figure 3.6: Geographical distribution of observed demand in the Grenoble system.

Next, we used the processed trip transaction data to estimate hourly renting and
returning rates at each station. This time resolution was chosen so as to describe
precisely enough dynamic variations while having a sufficient number of data leading
to statistically meaningful values. First, for each station and each time period, we
counted the total number of rents/returns and divided by the number of transactions
in the data. To smoothen the observed rates, the rate of each time period is
calculated as a moving average considering the preceding and following periods.
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Two additional parameters important for our experiments are the vehicle and
parking spot reservation durations. They represent the time elapsed from customer
booking to vehicle pick-up and to vehicle drop-off, respectively. The vehicle
reservation duration is most likely user-specific, however, user IDs were not provided
in the trip transaction data. We assume that vehicle reservation durations are
neither station-specific nor time-specific. That means we suppose that all users
have the same behavior regarding their access to vehicle time independently of their
location or their reservation time. Spot reservation duration may depend on the
considered origin-destination pair and reservation time. Due to the limited number
of transactions for some ODs, we converged to destination-specific reservation
durations. Doing so, we suppose that the spot reservation duration is approximately
the same at any time of the day and depends only on the location of the destination
station and its accessibility.

Statistical tests show that the spot and vehicle reservation events may follow
a Poisson process for 66% of the 1-hour periods in a day. However, the inter-
event durations for the other events do not follow exponential laws. Therefore, we
approximate the real distributions to exponential ones for the needs of the Markovian
model. The effectiveness of the method is later demonstrated in Subsection 3.4.3.

3.4.2 Field implementation and testing

The collaboration with the Grenoble carsharing system provided us a unique
opportunity to test the designed dynamic policies in the field. Two field experiments
were set in June and September-October 2017. The objectives of these experiments
were as follows: (i) understand how the system operates and what issues are met
in real operations; (ii) test the performance of the system under higher demand
loads; (iii) test and document the effect of various relocation strategies; (iv) collect
data that is unavailable in the information system, in particular, the fraction of
unfulfilled requests and the relocators’ traveling times. These field tests were also
an opportunity for the system operator to test a wide variety of other regulations.
Consequently, the policies presented in this study were not the only ones tested.
We briefly comment on other policies tested in our discussion of the results.

The preparation for the field test included the introduction of mechanisms
to increase demand significantly, the adjustment of relocators’ schedules and the
design of a web interface for relocation tasks assignment. We elaborate about these
procedures next. We have set as a target to reach 100 rentals per day during the field
experiment, that is, to increase the average daily demand observed in the period by
about 200%. This target was selected as it was more or less the demand level that
the system operators were aiming at reaching. In addition, closing the gap between
the actual demand level and the targeted 100 rentals, via extra exogenous demand,
seemed realistic with the resources that were at our disposal during the experiment.
We have increased demand through two mechanisms: first, some frequent users
of the system were offered free usage during the period of the field experiment in
order to increase demand by regular users. Second, we hired temporary employees
to artificially generate more rentals during the day. In the rest of this subsection,
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we refer to these employees as drivers to differentiate them from regular users. The
rentals performed by the drivers were generated in compliance with the demand
patterns exhibited in the trip transaction data. In addition, extra round trips were
virtually performed by blocking some vehicles at their spots for a period of time
through the control management system. We emphasize that no specific information
about the artificially added demand was available to the tested relocation algorithms.
Besides increasing the demand to the targeted level, hiring drivers had another
prominent benefit. Drivers were asked to log the driving requests that they were
unable to perform due to unavailable vehicles or parking spots. They were thus
providing information regarding unfulfilled requests, information that is typically
unavailable to vehicle-sharing system operators. As the characteristics of the driver
requests follow the patterns observed in the trip transaction data, the percentage
of unfulfilled driver requests provide a rough estimate of the global percentage of
unfulfilled requests in the system during the experiment days.

During the field experiment, relocators’ schedules were adapted such that at
least one relocator was available to perform relocations during the active periods of
the system. Namely, two staff members were working in overlapping 7-hour shifts
spanning from 7am to 8pm. In order to efficiently communicate relocation decisions
to the relocators, we designed a web application interface. The application was
hosted on a server and accessible for the relocators through their smartphones.
Every time the application was queried by a relocator, the corresponding algorithm
was providing the best relocation task to perform next, taking into account the
relocator’s location and the current state of the system.

During the field experiment we have tested four relocation policies, namely, no
relocation, the OVOS policy, the Markovian Estimation policy and the operator’s
policy. In addition, during two days of the experiment (02.10.2017, 03.10.2017) we
have tested the impact of jockey redistributions. Specifically, a pool of preferred
frequent users (jockey users) were offered free trips that originated at target origin
stations and ended at target destination stations. These trips were dynamically
identified and updated using the algorithms presented in Section 3.3. The jockeys
had access to another web platform where current relevant trips were listed. During
the last day of the second field experiment, we also tested the impact of origin-
destination shifting. In that case, drivers were advised to shift to stations in walking
distance from their origin/destination stations based on resource (vehicle/spot)
availability While developing proper algorithms to enhance relocations through
jockeys’ actions is an interesting research direction, we consider it beyond the
scope of this work as it includes additional behavioral and pricing aspects that
would have to be further investigated.

The results of the two field experiments are summarized in Table 3.4, Table
3.5 and Table 3.6. The tables report for each day of the experiment the relocation
policy applied, the number of available vehicles in the system, the number of realized
demands (in total, by drivers and by users), the amount of redistributions performed
(by relocators and by jockeys when applicable) and the percentage of driver requests
that were unfulfilled due to vehicle or parking spot shortages.
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Tuesday Wednesday Thursday Friday
27.06.2017 28.06.2017 29.06.2017 30.06.2017

Relocation Policy No Relocation OVOS OVOS Operator
Number of vehicles 50 53 48 48
Daily demands 100 103 117 105
- realized by users 63 77 76 69
- realized by drivers 37 26 41 36
Relocators per shift 1 1 1 1
Redistributions - 28 20 23
Jockey redistributions NA NA NA NA
Unfulfilled drivers’ 29% 13% 18% 31%
requests

Table 3.4: Results from the first field experiment, June 2017.

Tuesday Wednesday Thursday Friday
26.09.2017 27.09.2017 29.09.2017 30.09.2017

Relocation Policy OVOS OVOS Operator No Relocation
Number of vehicles 40-50 40-50 40-50 40-50
Daily demands 108 117 112 114
- realized by users 68 78 79 83
- realized by drivers 40 39 33 31
Relocators per shift 1 1 1 -
Redistributions 20 26 24 -
Jockey redistributions NA NA NA NA
Unfulfilled drivers’ 17% 26% 33% 39%
requests

Table 3.5: Results from the second field experiment, September - October 2017.

Monday Tuesday Wednesday Thursday
02.10.2017 03.10.2017 04.10.2017 05.10.2017

Relocation Policy OVOS Markovian Markovian Markovian Policy
Policy Policy + OD Shifting

Number of vehicles 40-50 40-50 40-50 40-50
Daily demands 105 121 94 110
- realized by users 73 81 64 83
- realized by drivers 32 40 30 27
Relocators per shift 1 1 1 1
Redistributions 14 23 25 13
Jockey redistributions 8 4 NA NA
Unfulfilled drivers’ 31% 26% 22% 14%
requests

Table 3.6: Results from the second field experiment, September - October 2017.
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As can be observed, the target level of 100 rental requests per day was reached
in 11 out of 12 days of the experiments. User demand accounted for about two
thirds of the total demand. During the second field experiment (for which results
are presented in Tables 3.5 and 3.6), the number of available vehicles varied greatly
due to maintenance actions taken in parallel to the experiment.

Most of the documented unfulfilled driver requests were due to vehicle shortages
in the origin stations. This can be explained by the relatively low number of vehicles
distributed in the system. In addition, the booking process through the app required
to reserve a vehicle before reserving a destination spot. As a consequence, some
unfulfilled requests attributed only to a lack of vehicles at the origins may also have
been unfulfilled due to a lack of available parking spots at the destinations.

On average, the OVOS policy and the Markovian Estimation policy performed
considerably better than the no-relocation policy and the operator policy in terms
of the percentage of unfulfilled driver requests. This was obtained with the same
number of relocators, performing more or less the same amount of relocations. We
note that, unfortunately, during the experiment, the operator’s information system
was not differentiating between reserved vehicles and reserved spots. In order to
apply the Markovian Estimation policy, the states of the reserved resources were
estimated by extrapolating online information and historical data. In some cases,
imperfect estimations may have led to non-optimal relocation decisions. Nevertheless,
the Markovian Estimation policy performed well. We are confident that with the
exact information regarding the reserved vehicles and spots, which is typically
available, the Markovian Estimation policy would have produced even better results.
This is shown later in Subsection 3.4.3 through detailed simulation tests.

During the first field experiment, we also followed the aggregate availability state
of the system with regards to the definition criterion of the OVOS policy: 1 vehicle
and 1 parking spot available. We present this evolution in Figure 3.7. The three
curves describe the number of stations in each of the following inventory states: at
least 1 available vehicle and 1 available spot, no available spot, and no available
vehicle. The graph emphasizes the positive impact of any relocation policy on the
general state availability of resources in the system compared to no relocation policy.
Only in cases where a relocation policy (in that experiment either Operator or
OVOS) is implemented, the system is able to reach a high number of stations with
available vehicles and spots and maintain them in a relatively good state. Note
that the drop of the red curve in the evening of June 30 happens because relocators
stopped their operation earlier (around 5pm instead of 8 pm).

The main outcome of the field experiments is that they have demonstrated
the ability to implement the proposed policies in real-world systems. Specifically,
they allowed us to test the policies under real-world conditions and evaluate their
performance taking into account many factors that cannot always be represented
accurately in mathematical or simulation models. However, the significance of the
obtained results is limited by the number of days in which the experiments were
carried out. To reinforce these results, we have used an event-based simulation
framework to test the relocation policies under various system settings, as will
be presented in the following subsection.
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Figure 3.7: Evolution of the number of the number of stations in three different resource
aggregated states during the first field experiment.

3.4.3 Simulation
The event-based simulation framework used in our experiments has been described
in Chapter 2 of this thesis. For the study presented in the current chapter, specific
demand and relocation modules have been developed to represent precisely the
complete journey reservation requirements, the OVOS policy and the Markovian
Estimation policy. Thanks to the modular structure of the simulation framework,
the integration of these modules was straightforward.

Regarding simulation input, the location of all stations and their capacities
were obtained from the operator’s information system. Driving times and walking
times between stations of the system were derived using Google Maps and public
transport trip durations were obtained from the public transport service provider
of the Grenoble area. The latter two were used to represent the moving time of
relocators, taken as the minimum of using public transportation and walking time.
Vehicle fleet types were provided by the system operator based on the used vehicles’
specifications. The initial locations of the vehicles were arbitrarily fixed and were
the same for all simulation runs having the same fleet size.

With respect to the demand, we generated 100 random demand realizations per
demand load, based on the patterns exhibited in the trip history transactions. Each
realization consists of ten consecutive operating days, as simulating several days
consecutively reduces significantly the effect of the initial vehicle distribution on the
system’s performance. Rentals were drawn from the pool of historical transaction
data in the following manner. A random value uniformly drawn between 0 and 1
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is assigned to each transaction. Transactions are then sorted in ascending order
according to these values and the n first rentals constitute the demand for the first
day, n being the number of demands per day considered. The n next transactions
correspond to the second day of the seed and so on until the tenth day. As to
relocators’ shifts, each shift was set to span over the entire demand peak, that
is starting from 7am and finishing at 8pm.

The experimental design consists in four levels of daily demand, three fleet sizes
and three relocator staff sizes, as summarized in Table 3.7. In the rest of this
subsection, we refer to each combination of the three as a system configuration.
Demand levels range between 100 demands per day and 400 demands per day. The
former is the target level set during the field experiments while the latter corresponds
to approximately ten daily rentals per vehicle in the real system setting. Thus, the
extreme case of 400 demands per day allows us to see how the policies perform
in a heavy-loaded case. Investigated fleet size values were selected symmetrically
around 60 vehicles, which is half the total number of spots installed in the system.
The 40 vehicles and 80 vehicles cases describe situations with a surplus of spots
and a surplus of vehicles, respectively.

Demand per day 100, 200, 300, 400
Fleet size 40, 60, 80
Staff size 1, 2, 3

Table 3.7: System configurations tested in the simulation experiment.

The simulation results are presented in Table 3.8, Table 3.9 and Table 3.10 for
system configurations using one, two and three relocators, respectively. In each
table, the first three columns present the tested system setting, namely the daily
total demand, the fleet size and the tested relocation policy or used optimization
model. The next five columns represent under each setting the percentage of
served requests, the number of relocations performed, the relocators’ idle time,
moving time and driving time. These values are calculated by averaging over
100 different 10-days simulations corresponding to the 100 demand realizations
generated for each demand load. We note that the results presented for the
Markovian policies were obtained using a 2-hours prediction horizon. Prediction
horizons of 1 and 3 hours were also tested and have resulted with very similar
performance, demonstrating that the model is not sensitive to reasonable prediction
horizons. For all configurations tested, the OVOS and the Markovian policies have
resulted with significantly higher percentages of served requests, as compared to
the no-relocation policy. This outcome reconfirms the conclusions of many previous
studies. Namely, that relocations can increase significantly the quality of service
provided to the users of the system. Comparing the OVOS and the Markovian
Estimation policy demonstrates that accounting for reservation information and
historical demand results with an increase of 1.4% up to 4.7% in the percentage of
served demand. A deeper analysis shows that the improvement is consistent over
almost all the demand realizations. In fact, in 24 out of the 36 tested configurations,
the Markovian Estimation policy performs better than the OVOS policy on all
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demand seeds. In each of the remaining 12 configurations, a maximum of 3 demand
realizations, over the 100 tested, exhibited better results with the OVOS policy
than with the Markovian Estimation policy. One might argue that the improvement
that the Markovian policy offers as compared to OVOS policy is not very high.
However, we highlight that the reactive OVOS policy already results with a fairly
high level of service. In addition, in several configurations, the potential additional
improvement is quite small as suggested by the approximated upper bound. The
smallest relative improvements correspond to configurations where the percentage
of served requests is already close to 95% or high-demand single-staff configurations,
where relocations have only a minor effect. Depending on the configuration, shifting
from the OVOS policy to the Markovian policy closes between 13% to 45% of the
remaining gap towards the approximated upper bound. Recalling that the bound
is an approximation based on centralistic decision making using full knowledge of
the demand, the actual relative improvement is most likely much higher.

Focusing on the relocators’ activities, we see that in most configurations, under
the OVOS and the Markovian policies, the relocators spend approximately the
same time idling. This emphasizes that the improvement is not coming from a
higher resource utilization but from the more efficient task selection for the available
personnel. Notably, considerably higher idle times are overserved for the OVOS
policy only in cases with low daily demand (100 per day) and two to three relocators
working. In such cases, the vehicle rotation rate is also low and generally vehicle
inventories as well. The chances for the system to be in a good state according to
the OVOS policy criteria are higher and the relocators have higher probability to
remain idle. On the contrary, the Markovian Estimation policy, which estimates the
future losses having aggregate knowledge over the demand, may induce inventory
shortages in order to fill up or deplete stations where demands are more likely to
appear. This results in a higher number of relocation movements in cases where
the global performance is already high. We observe also that, in general, driving
time proportion is slightly higher in the Markovian Estimation policy than in
the OVOS policy while the idling time is approximately the same. Relocators
spend then more time effectively transferring resources than accessing them, which
results in an improved level of service.

With respect to the fleet size, we observe that the configurations with 60 vehicles
generally result with better performance as compared to the 40 and 80 vehicle
configurations. Interestingly, the configuration with 80 vehicles performs much
better than the 40 vehicle case, even though the two cases represent mirroring
vehicle/parking spot asymmetry. Moreover, for high daily demands, in some
configurations, using 80 vehicles gives the best performance. This outcome aligns
with the analytical results of Fricker and Gast (2016) for bike sharing systems,
stating that the ideal fleet size is approximately half of the number of parking spots in
the system plus the average number of vehicles traveling Indeed, in the case studied
system, under high daily demand, this number is likely to be closer to 80 than to 60.

As for the staff size, a decreasing marginal contribution is observed, namely the
contributions of the second and third relocators are smaller than the improvement
seen introducing the first relocator. Specifically, for low demand levels, the
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added value of the second and third relocators is limited, independently of the
policy applied.

Demand Vehicles Policy % served Relocations Relocator activity
per day Idle Move Drive

No Relocations 59.5 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 80.1 % 31.5 2.9 % 66.6 % 30.5 %

Markovian Estimation 84.7 % 33.9 1.5 % 63.2 % 35.3 %
Approx. UB 94.7 % 21.9 4.0 % 50.7 % 45.3 %

No Relocations 68.8 % 0.0 100.0 % 0.0 % 0.0 %
100 60 OVOS 88.5 % 24.8 3.0 % 67.2 % 29.8 %

Markovian Estimation 92.3 % 35.3 1.6 % 63.7 % 34.7 %
Approx. UB 97.1 % 19.5 5.2 % 52.7 % 42.1 %

No Relocations 68.4 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 87.7 % 30.1 2.4 % 70.3 % 27.3 %

Markovian Estimation 90.2 % 33.9 1.6 % 67.2 % 31.2 %
Approx. UB 96.4 % 20.7 4.4 % 51.0 % 44.6 %

No Relocations 55.3 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 66.8 % 32.7 1.9 % 72.8 % 25.2 %

Markovian Estimation 70.6 % 32.6 1.6 % 66.0 % 32.5 %
Approx. UB 83.2 % 22.6 3.6 % 50.5 % 45.8 %

No Relocations 65.5 % 0.0 100.0 % 0.0 % 0.0 %
200 60 OVOS 77.3 % 26.4 2.0 % 69.4 % 28.6 %

Markovian Estimation 80.9 % 35.3 1.6 % 65.5 % 32.9 %
Approx. UB 89.5 % 22.9 3.4 % 49.9 % 46.8 %

No Relocations 66.1 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 78.6 % 33.5 1.7 % 66.3 % 32.0 %

Markovian Estimation 80.7 % 37.1 1.5 % 65.4 % 33.1 %
Approx. UB 88.1 % 23.3 3.1 % 49.1 % 47.8 %

No Relocations 51.4 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 58.7 % 32.4 1.8 % 74.9 % 23.2 %

Markovian Estimation 61.6 % 30.9 1.6 % 67.1 % 31.3 %
Approx. UB 75.0 % 22.5 3.8 % 51.0 % 45.2 %

No Relocations 61.7 % 0.0 100.0 % 0.0 % 0.0 %
300 60 OVOS 69.8 % 28.9 1.6 % 71.3 % 27.1 %

Markovian Estimation 72.6 % 34.8 1.5 % 66.4 % 32.1 %
Approx. UB 82.6 % 23.2 3.2 % 50.0 % 46.8 %

No Relocations 62.9 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 71.8 % 35.3 1.6 % 64.0 % 34.4 %

Markovian Estimation 73.8 % 37.4 1.4 % 65.0 % 33.5 %
Approx. UB 81.7 % 23.5 2.9 % 49.4 % 47.6 %

No Relocations 47.8 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 52.8 % 32.3 1.8 % 75.8 % 22.4 %

Markovian Estimation 55.0 % 29.4 1.7 % 67.6 % 30.8 %
Approx. UB 69.4 % 22.4 3.7 % 51.6 % 44.7 %

No Relocations 58.0 % 0.0 100.0 % 0.0 % 0.0 %
400 60 OVOS 64.1 % 30.5 1.5 % 72.2 % 26.2 %

Markovian Estimation 66.2 % 33.4 1.5 % 66.7 % 31.7 %
Approx. UB 77.7 % 23.2 3.0 % 50.6 % 46.4 %

No Relocations 59.7 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 66.6 % 36.3 1.7 % 63.1 % 35.2 %

Markovian Estimation 68.1 % 36.5 1.5 % 65.2 % 33.4 %
Approx. UB 77.5 % 23.6 2.6 % 50.0 % 47.4 %

Table 3.8: Simulation results with one personnel.
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Demand Vehicles Policy % served Relocations Relocator activity
per day Idle Move Drive

No Relocations 59.5 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 86.1 % 52.6 15.0 % 53.5 % 31.4 %

Markovian Estimation 89.7 % 62.4 2.8 % 60.8 % 36.4 %
Approx. UB 97.8 % 35.0 5.9 % 54.8 % 39.2 %

No Relocations 68.8 % 0.0 100.0 % 0.0 % 0.0 %
100 60 OVOS 92.9 % 46.0 19.3 % 55.3 % 25.4 %

Markovian Estimation 95.6 % 64.7 2.2 % 61.1 % 36.7 %
Approx. UB 98.2 % 33.3 5.7 % 55.9 % 38.4 %

No Relocations 68.4 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 92.2 % 51.3 20.7 % 54.6 % 24.7 %

Markovian Estimation 94.0 % 63.0 2.0 % 63.9 % 34.1 %
Approx. UB 98.0 % 34.3 5.4 % 53.8 % 40.8 %

No Relocations 55.3 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 71.6 % 64.4 2.3 % 67.7 % 30.0 %

Markovian Estimation 75.9 % 59.3 1.9 % 64.9 % 33.2 %
Approx. UB 92.3 % 43.7 3.6 % 52.2 % 44.2 %

No Relocations 65.5 % 0.0 100.0 % 0.0 % 0.0 %
200 60 OVOS 81.8 % 49.0 3.7 % 66.0 % 30.3 %

Markovian Estimation 86.5 % 65.1 1.6 % 64.2 % 34.2 %
Approx. UB 95.7 % 40.7 4.1 % 53.2 % 42.7 %

No Relocations 66.1 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 82.8 % 59.1 3.2 % 67.9 % 28.9 %

Markovian Estimation 85.9 % 67.0 1.6 % 64.8 % 33.6 %
Approx. UB 95.3 % 41.6 3.7 % 52.5 % 43.8 %

No Relocations 51.4 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 62.4 % 67.3 2.0 % 71.2 % 26.7 %

Markovian Estimation 65.8 % 56.3 1.9 % 66.1 % 32.1 %
Approx. UB 81.8 % 44.9 3.5 % 52.0 % 44.5 %

No Relocations 61.7 % 0.0 100.0 % 0.0 % 0.0 %
300 60 OVOS 73.4 % 50.7 2.4 % 68.1 % 29.5 %

Markovian Estimation 77.6 % 62.9 1.6 % 65.4 % 33.0 %
Approx. UB 89.5 % 45.3 3.0 % 51.9 % 45.1 %

No Relocations 62.9 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 75.4 % 60.7 1.8 % 67.5 % 30.7 %

Markovian Estimation 78.5 % 67.1 1.5 % 64.6 % 33.8 %
Approx. UB 89.2 % 45.9 2.8 % 51.1 % 46.1 %

No Relocations 47.8 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 55.6 % 67.2 2.2 % 72.8 % 24.9 %

Markovian Estimation 58.2 % 53.7 1.9 % 66.5 % 31.5 %
Approx. UB 74.7 % 44.9 3.2 % 52.6 % 44.2 %

No Relocations 58.0 % 0.0 100.0 % 0.0 % 0.0 %
400 60 OVOS 67.0 % 53.5 1.9 % 69.7 % 28.4 %

Markovian Estimation 70.4 % 60.6 1.7 % 65.9 % 32.4 %
Approx. UB 83.1 % 46.8 2.5 % 51.5 % 46.1 %

No Relocations 59.7 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 69.6 % 61.5 1.7 % 65.8 % 32.5 %

Markovian Estimation 72.3 % 65.3 1.6 % 64.6 % 33.8 %
Approx. UB 83.4 % 47.6 2.4 % 50.3 % 47.3 %

Table 3.9: Simulation results with two personnel.
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Demand Vehicles Policy % served Relocations Relocator activity
per day Idle Move Drive

No Relocations 59.5 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 88.0 % 61.9 32.0 % 41.8 % 26.2 %

Markovian Estimation 91.2 % 86.1 9.7 % 55.2 % 35.1 %
Approx. UB 97.9 % 47.5 6.5 % 56.1 % 37.4 %

No Relocations 68.8 % 0.0 100.0 % 0.0 % 0.0 %
100 60 OVOS 94.1 % 55.5 39.4 % 41.2 % 19.5 %

Markovian Estimation 96.4 % 89.7 6.8 % 56.4 % 36.8 %
Approx. UB 98.2 % 47.0 6.1 % 56.6 % 37.3 %

No Relocations 68.4 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 93.5 % 59.2 40.7 % 40.0 % 19.3 %

Markovian Estimation 94.8 % 87.4 4.8 % 60.4 % 34.8 %
Approx. UB 98.1 % 47.9 5.7 % 54.7 % 39.6 %

No Relocations 55.3 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 73.8 % 84.2 5.1 % 63.2 % 31.7 %

Markovian Estimation 77.8 % 82.7 4.6 % 62.2 % 33.2 %
Approx. UB 95.7 % 57.9 4.9 % 53.7 % 41.4 %

No Relocations 65.5 % 0.0 100.0 % 0.0 % 0.0 %
200 60 OVOS 84.5 % 74.1 11.7 % 59.4 % 28.9 %

Markovian Estimation 88.6 % 92.8 2.0 % 62.5 % 35.5 %
Approx. UB 96.7 % 54.0 5.3 % 54.6 % 40.1 %

No Relocations 66.1 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 85.2 % 82.7 11.1 % 61.4 % 27.5 %

Markovian Estimation 88.0 % 95.6 1.9 % 63.2 % 34.9 %
Approx. UB 96.6 % 55.2 4.9 % 53.5 % 41.6 %

No Relocations 51.4 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 64.0 % 91.5 3.4 % 68.4 % 28.2 %

Markovian Estimation 67.4 % 79.2 3.8 % 64.1 % 32.1 %
Approx. UB 86.9 % 65.1 3.5 % 53.3 % 43.2 %

No Relocations 61.7 % 0.0 100.0 % 0.0 % 0.0 %
300 60 OVOS 75.7 % 76.2 4.3 % 64.6 % 31.0 %

Markovian Estimation 80.2 % 89.4 1.7 % 64.3 % 34.0 %
Approx. UB 93.3 % 61.6 3.7 % 53.8 % 42.5 %

No Relocations 62.9 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 77.5 % 86.2 3.4 % 67.1 % 29.6 %

Markovian Estimation 81.0 % 95.7 1.6 % 63.7 % 34.7 %
Approx. UB 93.1 % 61.7 3.4 % 53.6 % 43.0 %

No Relocations 47.8 % 0.0 100.0 % 0.0 % 0.0 %
40 OVOS 56.8 % 93.3 4.2 % 70.1 % 25.7 %

Markovian Estimation 59.5 % 75.8 3.8 % 64.6 % 31.6 %
Approx. UB 78.8 % 66.2 3.3 % 53.4 % 43.3 %

No Relocations 58.0 % 0.0 100.0 % 0.0 % 0.0 %
400 60 OVOS 68.8 % 78.3 2.7 % 66.6 % 30.7 %

Markovian Estimation 72.7 % 86.1 1.7 % 65.2 % 33.1 %
Approx. UB 87.4 % 67.4 2.7 % 53.2 % 44.1 %

No Relocations 59.7 % 0.0 100.0 % 0.0 % 0.0 %
80 OVOS 71.3 % 85.6 2.0 % 67.2 % 30.8 %

Markovian Estimation 74.7 % 92.8 1.6 % 64.0 % 34.4 %
Approx. UB 88.0 % 67.3 2.6 % 52.8 % 44.6 %

Table 3.10: Simulation results with three personnel.
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A higher number of relocations leads to a higher number of customers served
at the expense of the relocators’ salaries and relocations’ driving costs. This is a
first-order effect highlighting the direct impact of relocations on the level of service.
Besides, there exists a second-order effect related to customers’ loyalty in highly
reliable systems. By performing relocations, the carsharing operator gains demand
both in the short term, by serving the demand on the specific day, and in the
long term, by building trust and encouraging customers to use the system more
regularly. However, this second-order effect cannot be assessed in the scope of
this study. To complete the discussion, we provide hereafter in Tables 3.11, 3.12
and 3.13 a small cost-benefit analysis for the 200 demands per day case as to see
how the extra revenue received from the extra demands served covers relocators’
expenses. Estimations for various costs involved are taken from Boyacı, Zografos,
and Geroliminis (2015) with a fixed vehicle cost of 20 € per day, a cost per kilometer
traveled of 0.01 € per kilometer and a relocator salary cost of 18 € per hour.

Demand Vehicles Policy % served Relocator cost Vehicle cost Distance cost Revenue Revenue
(1 €/15 min) (3.3 €/15 min)

No Relocations 55.2 % 0.0 € 800.0 € 6.4 € 539.3 € 1779.5 €
40 OVOS 66.7 % 216.0 € 800.0 € 8.1 € 656.0 € 2164.7 €

Markovian Estimation 70.7 % 216.0 € 800.0 € 8.6 € 696.0 € 2296.7 €
No Relocations 65.6 % 0.0 € 1200.0 € 7.7 € 656.4 € 2166.0 €

200 60 OVOS 77.4 % 216.0 € 1200.0 € 9.5 € 771.6 € 2546.3 €
Markovian Estimation 80.9 % 216.0 € 1200.0 € 9.9 € 804.9 € 2656.1 €

No Relocations 66.2 % 0.0 € 1600.0 € 8.1 € 690.2 € 2277.6 €
80 OVOS 78.7 % 216.0 € 1600.0 € 9.8 € 802.7 € 2649.0 €

Markovian Estimation 80.7 % 216.0 € 1600.0 € 10.0 € 821.0 € 2709.4 €

Table 3.11: Cost-benefit analysis of relocation configurations with one personnel.

Demand Vehicles Policy % served Relocator cost Vehicle cost Distance cost Revenue Revenue
(1 €/15 min) (3.3 €/15 min)

No Relocations 55.2 % 0.0 € 800.0 € 6.4 € 539.3 € 1779.5 €
40 OVOS 71.7 % 432.0 € 800.0 € 9.2 € 706.1 € 2330.3 €

Markovian Estimation 76.0 % 432.0 € 800.0 € 9.8 € 747.1 € 2465.3 €
No Relocations 65.6 % 0.0 € 1200.0 € 7.7 € 656.4 € 2166.0 €

200 60 OVOS 81.9 % 432.0 € 1200.0 € 10.4 € 812.6 € 2681.7 €
Markovian Estimation 86.5 % 432.0 € 1200.0 € 11.1 € 853.9 € 2818.0 €

No Relocations 66.2 % 0.0 € 1600.0 € 8.1 € 690.2 € 2277.6 €
80 OVOS 82.8 % 432.0 € 1600.0 € 10.6 € 837.3 € 2762.9 €

Markovian Estimation 86.0 % 432.0 € 1600.0 € 11.1 € 860.0 € 2838.1 €

Table 3.12: Cost-benefit analysis of relocation configurations with two personnel.

Demand Vehicles Policy % served Relocator cost Vehicle cost Distance cost Revenue Revenue
(1 €/15 min) (3.3 €/15 min)

No Relocations 55.2 % 0.0 € 800.0 € 6.4 € 539.3 € 1779.5 €
40 OVOS 73.8 % 648.0 € 800.0 € 9.9 € 725.5 € 2394.3 €

Markovian Estimation 77.8 % 648.0 € 800.0 € 10.5 € 765.8 € 2527.2 €
No Relocations 65.6 % 0.0 € 1200.0 € 7.7 € 656.4 € 2166.0 €

200 60 OVOS 84.4 % 648.0 € 1200.0 € 11.0 € 835.9 € 2758.5 €
Markovian Estimation 88.6 % 648.0 € 1200.0 € 11.9 € 872.2 € 2878.2 €

No Relocations 66.2 % 0.0 € 1600.0 € 8.1 € 690.2 € 2277.6 €
80 OVOS 85.2 % 648.0 € 1600.0 € 11.2 € 856.5 € 2826.5 €

Markovian Estimation 88.1 % 648.0 € 1600.0 € 11.9 € 877.1 € 2894.4 €

Table 3.13: Cost-benefit analysis of relocation configurations with three personnel.

Driving distance cost is negligible compared to other important costs, especially
the relocators’ salary cost. Strategic and tactical investment costs may be disre-
garded here as they are the same in all studied cases. Table 3.11 shows that, in the
one relocator case and 60 vehicles in operation, extra revenue only covers 72% of
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the additional costs due to the relocator’s work according to the Grenoble pricing.
Nevertheless, comparable France-based carsharing systems offer prices at least three
times higher than the ones proposed in Grenoble. If the prices of CitéLib by Ha:mo
were aligned to the one of Bluely (i.e., 3.3 € per quarter of an hour), the Lyon
system, the coverage percentages would rise up to 235%, 158% and 115% for 60
vehicles in operation and respectively one, two and three relocators working. In
such conditions, it becomes highly beneficial for the operator to hire relocators
while providing a high level of service to the customers, taking advantage of both
first and second-order effects of relocation operations.

3.5 Summary
In this chapter, we introduced a dynamic proactive relocation algorithm for
carsharing systems implementing a complete journey reservation regulation. The
embedded Markovian model benefits from all available and historical information
to estimate quantitatively near-future demand losses at every station in the system.
The main key performance indicator used to evaluate the algorithm was the number
of served requests. The introduced algorithm was compared to a dynamic reactive
inventory-based policy (OVOS), to a static centralistic full-knowledge model and
to a benchmark no-relocation case both on the field, in collaboration with the
Grenoble carsharing system, and through an extensive simulation study using the
simulation framework developed in Chapter 2.

The field experiments have highlighted challenges unmet in computational studies
and therefore, further linked research and practice towards the implementation
of efficient relocation algorithms. During the experiments, demand load was
artificially increased using hired drivers. The additional data collected by the
hired drivers allowed us to reveal information that is typically not available to
system operators, for example, the number of unfulfilled service requests. These
experiments underlined the positive effect of the two proposed dynamic relocations
as compared to not performing relocations and to the relocation policy used by
the operators of the system.

The simulation experiments have reinforced the results obtained in the field
and allowed us to perform a deeper comparison between the OVOS policy and the
Markovian policy. Specifically, we exhibited that the Markovian policy results
with superior performance even though relocators’ activities were distributed
similarly under both policies. This indicated that the improved performance
was mainly obtained due to smarter dynamic relocation decisions. Also, the
results from the approximated upper bound model (with perfect knowledge of
future demand) demonstrate that the further improvements obtained with any
complex dynamic relocation policy are rather limited. In addition, the simulation
results have once more highlighted the strong effect that fleet sizing may have on
operational performance, impact that is only partially mitigated by the introduction
of relocations. The interaction between all parameters and settings in carsharing is
complex and highly non-linear. This emphasizes the importance for any practitioner
to identify the most effective elements (namely fleet size, station capacities, rental
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rules) as well as the ones specific to the system’s environment and demand.
Through this study, we have first shown that a better informed carsharing system

provides a higher level of service, i.e., serves more demands. We have proposed a
model that takes advantage of the aggregated historical data and current system
information. Using this partial and incomplete information to smartly plan for
relocations, benefits the system and its customers. The approximate upper bound
model further extends the comparison by evaluating the level of service in a full
extensive information case. This incentivizes practitioners to conceive systems
where information is easily retrievable and usable for the future improvements.
Second, this study also shows the importance of basic meaningful policies through
the example of OVOS. Although OVOS does not incorporate any proactive features,
it still performs well and close to the Markovian Estimation level of service. It was
also shown in the field experiments that it outperformed the operator’s previous
strategy with its very simple set of rules. A well-designed basic policy is also usually
easier to set and it is easier and faster to spot incoherence, which is crucial for
day-to-day operations. Third, this work demonstrates that coherent staff-based
relocation policies have an important impact, especially regarding the effect of
the first relocator. Additional relocators only have a limited impact. Although
staff-based relocation improves the system’s level of service, it might still not be
sufficient to keep the customers in the long term. To further increase the level of
service, operators may explore other management and rental models. Some of them
might require a partial restriction of the customer’s freedom by asking, for instance,
him/her to give a return time window. Therefore, a system operator has to find the
best trade-off between the flexibility given to the users, the means at its disposal
and the achievable level of service through the rules it sets for rental.
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4
Operational analysis of an innovative

semi-autonomous on-demand
transportation system

This chapter is based on the article:

• M. Repoux, M. Kaspi, and N. Geroliminis (2020). “Operational analysis
of an innovative semi-autonomous on-demand transportation system”.
Working Paper

The work therein has been performed by the author in collaboration with Dr.
Mor Kaspi and Prof. Nikolas Geroliminis.

4.1 Introduction
Nowadays, a wide variety of innovative public transportation services operate with
the aim of providing a private taxi-like service, at costs similar to traditional public
transit. In particular, the last decade has seen a substantial rise of on-demand
shared mobility systems such as car-sharing, bike-sharing, ride hailing and carpooling
amidst others. These systems aim at providing a level of service comparable to
private vehicles but rely on public transportation system organization, bridging
the gap between these modes and mitigating the downsides of each of them. The
convenience of private transportation means is to be preserved: direct services
between origins and destinations at desired times are offered as much as possible.

Major stakeholders in mobility, such as automotive and public transport com-
panies, researchers and municipalities, firmly believe that vehicle automation can
improve the service provided by on-demand shared-mobility systems and ease
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the operational management of such systems. For instance, several pilot projects
involving autonomous bus shuttles are now under way (Iclodean, Cordos, and
Varga, 2020). Although research on autonomous vehicles (AVs) progresses fast,
numerous barriers remain for a large-scale introduction of them, especially in mixed-
traffic conditions (Litman, 2017). Historically, the lag between the introduction
of a new technology in the automotive industry and the moment it is widespread
spans several decades. Optimistic previsions foresee a large scale deployment of
autonomous vehicles in 10 to 15 years. Several issues remain unsolved, specifically
regarding technology price and accuracy, certification and regulations (taking also
into account the need for international coordination and standards), insurance and
driver’s/vehicle’s responsibility, data privacy, road safety and cybersecurity. All
these questions have to be answered and this may potentially delay the advent of the
autonomous mobility era by one to two decades at least (Fagnant and Kockelman,
2015). In addition, this emergence largely depends on users’ behavior towards
autonomous mobility. Drivers and commuters will consider a trade-off between their
wealth and the mobility pricing that results from the deployment of autonomous
vehicles. In Bansal and Kockelman (2017), several scenarios are studied and the
authors show how autonomous vehicles may penetrate the automotive market in
the long-term. The most optimistic scenario leads to an 74.7% penetration rate by
2040 while the most pessimistic one considers only 1 car over 5 shall be autonomous
by 2040. Based on those analyses, we believe that semi-autonomous systems, such
as the Multi-Layered Personal Transit System (MuLPeTS), come with some of
the benefits brought by automation while being already fully operational. Their
deployment may also smoothly start the transition towards an autonomous mobility
future by getting users accustomed to the usage of autonomous vehicles. Large
companies, for instance car manufacturers like Renault with its EZ-PRO project
(Groupe Renault, 2018), consider them as an important intermediate step towards
full automation and have therefore their research teams focus on the topic. Note that
the present study was undertaken in partnership with a major car manufacturer.

In this chapter, we focus on a specific prototype semi-autonomous public trans-
portation system named the Multi-Layered Personal Transit System (MuLPeTS), in
which privacy, convenience and flexibility are key points. As of today, the MuLPeTS
is technically ready to be deployed and can be implemented without the need for new
regulations contrary to fully autonomous systems. Transportation is carried out by
convoys of electric vehicles of small capacity. Due to legal restrictions, each convoy
consists of a human-driven lead vehicle followed by a platoon of autonomous trailers.
Trailers can travel autonomously whenever the infrastructure is ready to handle
fully autonomous vehicles. In MuLPeTS in particular, trailers travel autonomously
over short distances at the proximity of stations where passengers can board and
alight and in areas. That is, they can attach and detach from lead vehicles as they
pass nearby stations while lead vehicles cycle non-stop in the system to collect
trailers. Passengers make their entire journey in the same trailer, i.e., they do not
have to transfer, while trailers may successively travel within different convoys in
order to reach the passengers’ destinations. Switching to another convoy requires
the trailer to detach from the first convoy and travel on its own to a station. There,
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it will wait for the second convoy to pass nearby and leave the station autonomously
to attach to it. Trailers inside a convoy communicate between themselves and
with the lead vehicle. This permits an efficient platooning that guarantees safety
for passengers and other road users (cars, buses, pedestrians, etc.). Convoys can
then move safely in a non-protected environment where human-driven vehicles
operate and travel at higher speeds. In operations, a lead vehicle passes next to
stations according to a sequence, which is denoted as the lead vehicle route. The
sequence of stations at which a trailer stops is called a trailer path. Operating the
system consists in deciding on lead vehicle routes, trailer paths, convoy compositions
and passenger assignment to trailers. This task can be performed in a static or
dynamic way. Initially, this type of system was foreseen to operate in small urban
areas as a complementary mean of transportation to other public transit modes
in the conditions of a last-mile service. Specific attention is paid to the mobility
of elderly and handicapped people: the operator aims therefore at providing a
last-mile service with a dense network of access points. Nevertheless, a larger
implementation is conceivable but brings additional challenges both in terms of
operations and optimization of the system. Figure 4.1 features an example of a
MuLPeTS over a small network with passengers, trailers and leaders figured by
red hexagons, green rectangles and blue triangles respectively. The system on the
figure is composed of 5 stations with 2 to 4 platforms each, 3 lead vehicles and 9
trailers. At the zoomed-in station, a trailers with 2 passengers on board is entering
just after having detached from a leader. Two trailers are already parked, which
leaves a free platform for the entering trailer to park.

Figure 4.1: Schematic representation of MuLPeTS operations.

From a scientific aspect, this system describes a new type of problem in
transportation, similar to a multi-type multi-commodity flow problem but in which
the movement of some type of commodities is restricted by the movements of the
other types. These interactions make the modeling and the efficient management of
these multi-layered systems a challenging task. To provide a good service, the system
needs to be carefully studied at the different strategic, tactical and operational
levels. For instance, station capacity and locations as well as fleet sizes must be
decided upon. In this study, we consider that strategic and tactical decisions are
fixed and primarily focus our attention on operational decisions and policies, which
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relate to lead vehicle routing, trailer pathing and passenger assignment, and on
their impact in real time conditions, i.e., with dynamic and stochastic demand.
To that end and given the hardness of the problem, we decompose operations in
three parts: (i) lead vehicle routing, (ii) trailer path definition and (iii) passenger
assignment. Based on this decomposition, we propose a framework relying on a
mix of a static mixed-integer linear program for (i) and dynamic on-line policies for
(ii) and (iii). For testing and evaluating the performance of our policies, we have
built a custom event-based simulation framework, that incorporates reasonable user
behavior and collects the key point indicators for this system. Additionally, the
simulator also allows testing for different fleet sizes and station capacities within a
scenario-based approach for strategic and tactical decision making.

This chapter is organized as follows: in Section 4.2, we position the MuLPeTS
with respect to different existing systems and problems from the literature. Then,
Section 4.3 introduces the operational problem for MuLPeTS before Section 4.4
presents the proposed solution approach by detailing the methods and policies
for the decisions regarding lead vehicle routing, trailer pathing and passenger
assignment. Specifically, a mixed-integer linear programming formulation for lead
vehicle routing is presented alongside a set of heuristics and decision rules for
trailer pathing and passenger assignment. In Section 4.5, the simulation framework
used to virtually replicate the system and apply the dynamic policies is described.
Section 4.6 evaluates the performance of the operational framework and of the
proposed policies on a real-world based case study featuring a corridor-like network.
Section 4.7 concludes this study with remarks, recommendations and future work
directions for the development of MuLPeTS.

4.2 Positioning the MuLPeTS in the literature
The MuLPeTS presents a distinctive operational pattern, which has only recently
been described in the transportation literature. Hasebe et al. (2017) and Hasebe,
Tsuji, and Kato (2017) have first introduced this transportation concept as a last-
mile mobility system. In a first publication (Hasebe, Tsuji, and Kato, 2017), the
authors proposed a simple operational policy, where all movements are managed by
a central operator: the network is partitioned in different zones and every trailer
in the system indicates zones it successively aims at. Passengers board trailers
headed to the zone of their destination station. The authors also put emphasis on
methods to keep the system running, should the central command fail. The second
publication (Hasebe et al., 2017) focuses on the avoidance of system deadlocks due
to limited parking capacity at stations. One should note that the system introduced
in these works is slightly different than the one we propose. Indeed, in the case
of Hasebe, Tsuji, and Kato (2017) and Hasebe et al. (2017), the human-driven
lead vehicles can have passengers on board and are required to stop in stations to
attach and detach trailers, namely they do not travel continuously. More recently,
in the field of city logistics, a comparable operational concept has been presented
by Scherr et al. (2019). The authors of this study consider the interest of using
autonomous vehicles for transporting goods from distribution centers to satellite

70



4. Operational analysis of an innovative semi-autonomous on-demand
transportation system

locations in the city. Last-mile delivery is then performed from these satellite
locations to the customer by another service. In this setting, the interest of logistics
service providers resides in the reduction of qualified manpower to hire. As the road
infrastructure is not yet entirely adapted for autonomous vehicles, they propose
using them in combination with human-driven vehicles. Like MuLPeTS, in zones
where autonomous vehicles are forbidden to travel on their own, they join convoys
led by human-driven vehicles and detach from them when reaching a zone adapted
for autonomous driving. Delivery is performed by both types of vehicles. To evaluate
the gains obtained with a mixed fleet, the authors formulate a mixed-integer linear
program using a time-expanded network to decide on the fleet size for each type
of vehicle and the deliveries performed by each vehicle. They account specifically
for synchronicity constraints related to forming convoys. Compared to operating
exclusively human-driven vehicles, using mixed fleet results in savings ranging
from 5 to 20% of the costs depending on the network configuration, namely with
different distributions of AV-friendly zones, and type of service provided, next-day
or same-day delivery. In the case of MuLPeTS and the case study in this chapter,
the AV-friendly area is largely reduced compared to this city logistics case as an
autonomous trailer travels on its own only in the vicinity of stations. Also, in
Scherr et al. (2019), the availability timing of goods to be transported from the
distribution center is supposed to be fully known: a delivery plan can then be
derived statically before the start of the operations. If additional requests for
goods stochastically appeared during the course of operations, as it is the case
with passengers in a public transportation system such as the MuLPeTS, efficient
dynamic rerouting algorithms would be required. Other systems using autonomous
vehicles may present layered operational patterns. In Boysen, Schwerdfeger, and
Weidinger (2018), autonomous robots deliver single packages to customers starting
from a truck that travels around the delivery area. The location and timing at
which robots leave the truck are chosen as to minimize late customer deliveries.
The truck can be seen as a moving hub that permits robots to limit their energy
consumption and to reach customers that would be out of range if they were to
depart from the central depot. In this problem, both the truck route and the timing
of robot departures from the truck have to be decided upon simultaneously.

As specific literature is scarce, we show next how the MuLPeTS relates to a
wide variety of existing problems and highlight the similarities and differences that
MuLPeTS exhibits with various research areas. We consider that this problem can be
seen as a generalization of existing problems in the literature as none of them can fully
address all the requirements of the objectives and constraints that the MuLPeTS sets.

MuLPeTS operation and planning related problems belong to the family of
Vehicle Routing Problems. If we omit the lead vehicle layer, the setting resembles
a Dial-a-Ride problem, an extension of Pick-up and Delivery Problems. In the
general case, demand is not known in advance and revealed with time, making
the problem intrinsically dynamic. Although not all passengers have to be served,
the number of served requests should be maximized. Low service rate may reduce
future demand, as in the long-term passengers avoid using unreliable transportation
alternatives. For more information on dynamic Dial-a-Ride problems, the reader is
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referred to Berbeglia, Cordeau, and Laporte (2010), Ho et al. (2018), Molenbruch,
Braekers, and Caris (2017), and Pillac et al. (2013). We emphasize that the layered
structure of the MuLPeTS has major consequences on the interstation travel costs
for passengers. Travel time depends on the movements of the trailer to which a
passenger is assigned, while the movements of this trailer depend on the routing
plans and schedules of the lead vehicles that it successively follows. Therefore,
unlike in most Dial-A-Ride and Pick-up and Delivery problems, the travel costs
between different locations will vary dynamically. The multiple layer interactions
complicate greatly the problem, which can be seen as three intertwined subproblems
already difficult to solve separately, namely two layered variants of Vehicle Routing
Problems for trailers and lead vehicles where some outputs of the one layer are
inputs to the other layer, and a passenger assignment subproblem.

Given the station-based network structure, the MuLPeTS also shares many
similarities with Personal Rapid Transit (PRT) systems. Personal Rapid Transit
consists of trailers traveling inside guided pathways over a network of stations
at which passengers embark and disembark. Once a passenger enters a trailer,
he/she travels directly to his/her destination through the shortest path defined
over the network. Only a few systems are operating at present in the world, the
ones from Morgantown, Virginia (West Virginia University, n.d.), and Heathrow
airport, London (Ultra, n.d.), being the most famous ones. Personal Rapid Transit
systems require a large initial investment to buy the trailers and build the network
since it operates in a fully-protected environment. In comparison, a MuLPeTS
runs on existing road infrastructures and requires only the building of platforms,
stations and guided sections of short length, with reduced implementation costs.
Anderson (2000) addresses a variety of questions related to the attractiveness of
PRT systems for the user, its costs and fleet size. Core operational needs such as
trailer relocation and trailer routing are also highlighted. Strategies for these latter
points are proposed and tested through simulation in Andréasson (1994, 2003). New
heuristics for proactive vehicle relocation are proposed in Lees-Miller, Hammersley,
and Wilson (2010) and Lees-Miller and Wilson (2012), where the PRT operational
problem is formulated as a multi-vehicle truckload pick-up and delivery problem.
Schweizer et al. (2012) propose a static traffic assignment model to calculate the
flow of occupied and empty trailers on each link based on passenger demand. The
obtained assignments allow effective fleet size decisions and highlight important
relocation schemes. The values and observations resulting from the model are
tested and confirmed in a microsimulation framework that implements a vehicle
relocation algorithm. Like for PRT, the questions of relocation, vehicle demand
and vehicle routing are central for MuLPeTS. The additional lead vehicle layer
further complicates the problem as it restricts the movements of the trailers. In
other words, the operational planning problem of the MuLPeTS generalizes the
PRT operational problem in several aspects.

Given the structure of the network and the type of service provided, the
MuLPeTS evidently belongs to the family of public transportation services. A
major difference with classic public transportation systems lies in the passenger
assignment process and the resulting network load. In the MuLPeTS, assignment
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remains in the full responsibility of the operator, who is in charge of the entire
station-to-station movement of the passenger who embarks. Decisions regarding
passenger trajectory in the system are fully centralized. Consequently, passenger
departure time models, path choice modeling or any type of traffic assignment
considerations are irrelevant and disregarded in this chapter. In the MuLPeTS
dynamic setting, the possible paths between the passenger’s origin and destination
constantly change due to the routing of the upper layers of lead vehicles and trailers.
The operator must therefore assign the passenger in the best possible way in order
to reach a high quality of service given limited resources.

The use of lead vehicles and trailers make the MuLPeTS resemble an urban train
circulating on roads instead of railways. The complexity of railway-related problems
requires in general to break them to several different subproblems to be addressed
separately and sequentially, top down from the strategic ones to the operational
ones. A review and several examples of the variety of problems treated in railway
optimization can be found in Borndörfer et al. (2018), Caprara et al. (2007), and
Cordeau, Toth, and Vigo (1998). Among those, the problems that share high
similarities with MuLPeTS are train routing, scheduling and timetabling, rolling
stock circulation and resource assignment. Various solutions to these are proposed
in Abbink et al. (2004), Alfieri et al. (2006), Cacchiani, Caprara, and Toth (2019),
Fioole et al. (2006), Holmberg, Joborn, and Lundgren (1998), Peeters and Kroon
(2008), and Robenek et al. (2016). Intrinsically, the problems met in MuLPeTS and
railway optimization are of the same nature. Solution techniques and methods from
railway optimization might be adapted to model and solve the MuLPeTS problem
and vice versa. However, some important differences with a rail system should be
noted. First, the capacity of the vehicles is small and strongly limiting in the case of
MuLPeTS when compared to trains (one to two orders of magnitude less). Second,
the new system is envisioned to provide an on-demand service in small urban areas
whereas trains are a mass transportation system mostly providing intercity and
interdistrict services. Third, disconnecting and connecting times between lead
vehicles and followers is negligible in MuLPeTS. Trailer automation avoids having
to stop the whole convoy at each drop-off or pick-up in stations. Fourth, to reach
their destination from their origin, MuLPeTS passengers do not have to transfer
contrary to passengers with certain specific ODs in railway transportation. As a
consequence, demand patterns and passenger expectations might be different.

The interactions between the three types of layers can be simplified by restricting
some routing decisions, for example, by using fixed routes for the lead vehicles.
Operationally, communicating tasks to the drivers of the lead vehicles would then
become easier and the traveling time from one station to another for any trailer could
be estimated with more certainty, making trailer pathing and passenger assignment
easier. If we ignore the trailer vehicle layer, we have the problem of designing
fixed routes and frequencies for the lead vehicles to satisfy the passenger demands,
namely a Transit Route Network Design Problem (TRNDP). The TRNDP was
vastly studied in the past decades and has many variations depending on passenger
assignment assumptions, capacity restrictions, restrictions on the structures of the
routes and so forth. For more information, see the surveys by Kepaptsoglou and
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Karlaftis (2009), Schöbel (2012), Farahani et al. (2013), Ibarra-Rojas et al. (2015)
and Iliopoulou, Kepaptsoglou, and Vlahogianni (2019). Exact methods are seldom
used as the modeling of waiting times and delays due to transfers is complex and
generally leads to non-linear formulations. In the specific field of corridor planning,
different lining strategies such as deadheading, short-turning and stop-skipping have
been investigated to create express services that reduce passenger travel times, taking
into account their waiting times, and spare some vehicles. Examples can be found in
Cortés, Jara-Díaz, and Tirachini (2011), Leiva et al. (2010), and Tang et al. (2016).
The models derived in these papers describe precisely the systems’ working order but
consider non-convex objectives, not guaranteeing then the optimality of the obtained
solutions. To obtain optimal solutions, Schöbel and Scholl (2006) have proposed
an exact formulation for the line planning problem that explicitly introduces the
inconvenience related to transfers in the objective function. However, the waiting
time at origin or at any transfer stations for the next line to board is not considered.

Several of the problems mentioned above in this review consider two-layer
problems. In these, any commodity has to be assigned to an upper-level commodity
which operates the transportation from origin to destination. Compared to the
surveyed literature, the introduction of a third layer in MuLPeTS and the dynamic
on-demand type of service further complicates the planning and operational problems.
It results in a higher intricacy that calls for specific adapted methods and strategies.

The contribution of this work can be summarized in four points. First, we define
and study for the first time the MuLPeTS operational planning problem. Second,
we propose a ready-for-implementation operational framework that considers lead
vehicle routing, trailer pathing, and passenger assignment. In particular, lead
vehicle routes are partially fixed with the help of an exact formulation that explicitly
considers waiting times at origin stations and at any transfer locations on the network
due to the headways between vehicles. Third, we develop a tailored event-based
simulation framework incorporating the various decision modules and evaluate the
performance of the system under various settings and operational policies. Fourth,
we provide managerial and operational insights crucial for successful real-world
implementations of the system.

4.3 Problem definition
The operational management problem of MuLPeTS is defined as follows: given
a network, speed limitations, fleet sizes for lead vehicles and trailers, passenger
demand for journeys, capacity restrictions and synchronization requirements, find
a route for each lead vehicle, a path for each trailer and an assignment for each
passenger that results in the best level of service. We assume all main costs related
to the purchasing and maintenance of the mobile resources and to the workforce
are already predetermined. Given the type of system considered, typical electric
vehicle characteristics and the price of electricity, we may disregard the costs
per kilometer traveled for all vehicles in the system as these costs are negligible
compared to manpower cost for instance. The objective is to provide the best
service possible with given resources.
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4.3.1 Input
The input of the MuLPeTS operational problem consist of three main information
components, concerning the network, the vehicles and the demand for service. The
network consists in a set of stations that are connected with one another with road
arcs. A station is a location in the network where passengers can alight or board
trailers. It has a fixed number of platforms, this number being the station capacity.
Interstation travel times are given for each pair of stations directly connected and
defined as the shortest existing route between them on the network. In this problem,
a section is a portion of road comprised between two points in the network where
convoys may take or come from different directions, that is any part of the network
between two junctions. A section can be seen as the smallest unbreakable part of
an arc connecting two stations. In other words, an arc is a sequence of sections.
As soon as a convoy enters a section, it has to travel it entirely.

Capacity restrictions consider the limitations of the system in terms of accu-
mulation of vehicles at stations, flow of convoys on sections, passenger volume on
board trailers and convoy maximum length. Each trailer has a passenger capacity,
limiting the total volume of passengers on board. Each lead vehicle has a trailer
capacity, limiting the number of trailers that can follow it at any moment. Each
section has a convoy capacity, limiting the flow of convoys that can pass on it as
to ensure a safe headway in case of a braking emergency.

The passenger demand for journeys is given in the form of a list that contains for
each journey its request time, its origin station, its destination station, its boarding
and alighting durations, its maximum waiting time before receiving an assignment
and its maximum travel time. The two last input values are related to the existence
of an opt-out option for passengers. The passenger demand for journeys also contains
the volume of each request, which is defined as the size of unbreakable passenger
groups. For instance, a wheelchair’s volume is 2 if it occupies two spaces in a trailer
or a family can have a volume of 3 when a parent travels with his two children.

Synchronization requirements define the time frame in which a lead vehicle
can exchange trailers at the station it passes nearby. Parking maneuvers are not
instantaneous. Upon entering a station, a trailer has a parking duration before
unloading passengers. In the same way, upon leaving a station, a trailer has an
exit duration. When a lead vehicle is about to arrive at a station on its route,
it communicates its presence to the trailers parked there with a fixed advance
as to ensure that trailers may finish loading passengers and leave their parking
before attaching to the lead vehicle’s convoy.

4.3.2 Output
The route of a lead vehicle consists in the sequence of stations that it passes by
and the schedule of these visits. In a lead vehicle route, two successive stations
in the route sequence must also follow one another on the network, namely a lead
vehicle does not skip stations. The path of a trailer consists in the sequence of
stations that it parks at and the schedule of these visits. Stations the trailer passes
by without stopping when following a lead vehicle are not referenced. Assigning
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a passenger consists in selecting a trailer to embark and the positions of his/her
boarding and alighting in the trailer path.

4.3.3 Objective
The objective is to maximize the level of service provided to the passengers. When
a passenger places a request, he/she expects to be served within a reasonable time.
Therefore, in this problem, the performance of the system is measured by the
following two indicators: (i) the service rate provided to users, i.e., the number
of requests served divided by the total number of requests, and (ii) the excess
time incurred by the passengers when they use the MuLPeTS compared to another
reference transportation alternative. In this study, this alternative consists in a
taxi company providing a perfect and immediate service to any passenger placing a
request. The considered taxis travel at the same speeds as the convoys and take
the shortest path on the network to reach their destination.

4.3.4 Modeling assumptions
Lead vehicles are supposed to travel at two different constant speeds, a lower one
in the vicinity of stations and a higher one when far from them. Deceleration and
acceleration phases are not modeled for the sake of simplicity. Also, convoys are
supposed never to collide, even if they arrive on the same section of the network
at concomitant times. In reality, these issues would be handled by modulating the
speeds of the convoys such that eventually the travel times are equivalent to the
ones obtained with constant speed and no collision assumptions.

When a trailer enters a station with no available parking, two outcomes are
possible: (i) the entering trailer bypasses the station and attempts entering the
station the next time it passes in the vicinity of the station or (ii) the trailer queues
at the entrance until a platform is freed. The first option does not guarantee that
the trailer will ever stop at the station and may be incomprehensible from the
passenger’s point of view. Therefore, we consider that the operations are such that
a planned stop at a station is never skipped even if the station is already full.

Passenger boarding and alighting durations are supposed to be constant, no
matter the number of passengers who board and alight. This assumption is
reasonable as trailers have a small capacity.

4.4 Solution approach
In this section, we describe extensively the approach devised to solve in real-time
the problem defined in the previous section, taking into consideration lead vehicle
routing, trailer pathing and passenger assignment. The performance of a system
implementing this approach under different system settings and operational policies
is analyzed in Section 4.6, using a purpose-built event-based simulation framework
introduced in Section 4.5. The solution method for real-time management of the
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complex operations of MuLPeTS we propose consists in the combination of a mixed-
integer linear program, heuristics and principles that altogether take care of the
lead vehicle routing, trailer pathing and passenger assignment. The approach has to
be easily applicable in a real-world system and should aim at maximizing customer
satisfaction while limiting the system’s management complexity.

The routing of vehicles and assignment of passengers exhibit cyclic dependencies
regarding the decisions to be taken. Trailer paths are completely dependent of
passengers’ ODs while lead vehicle routes depend on the trailer paths. However,
selecting a trailer for a passenger or selecting a lead vehicle to join for a trailer
implies that the paths of the trailer and the lead vehicle, respectively, are known
to a certain extent. Although approaches could be devised to decide the route of
lead vehicles in real time given the destination of trailers following it, we choose an
approach in which the routes of lead vehicles are statically predetermined according
to average daily demand patterns. In this case, the routing of the lead vehicles does
not only take into account the already realized demand but also the expected future
demand. Another major advantage of fixing the routes of the leading vehicles is
that it reduces some uncertainty in the on-line pathing of trailers and the on-line
passenger assignment. Indeed, the duration spent at any station waiting for a
lead vehicle from a specific route can be approximated as half of the headway
between lead vehicles on that route.

As a consequence, the general framework we propose has two layers: a tactical
layer determines the lead vehicle routes to be used and the number of lead vehicles
in service on each of the selected routes and an operational layer handles in real
time trailer pathing and passenger assignment. The entire process is outlined
in Figure 4.2. The stages of this process are described in the remainder of this
section, as depicted in the figure on page 78.

4.4.1 Lead vehicle routing optimization

As described above in the planning approach taken in this study, the fixed routes
of the lead vehicles are determined off-line. We present in this subsection an
optimization model designed to decide upon promising lead vehicle routes. The
model assumes full knowledge of the expected Origin-Destination (OD) demand
during each period of the day. Furthermore, the model approximates the MuLPeTS
by completely ignoring the intermediate layer, i.e., the trailers. The aim of the
model is to decide upon the routes to be used and the number of lead vehicles to
be assigned to each route, so as to minimize the total approximated travel time of
the passengers. Thus, the static lead vehicle routing optimization model can be
seen as a special case of the TRNDP. In Section 4.6, we examine the performance
of the lead vehicle plans via simulation and demonstrate their quality.

Next, we present the proposed optimization model, detailing the notations, sets,
parameters and decision variables. All potential routes to be selected come as an
input to the problem and consist in a sequence of stations that lead vehicles will
pass by and can interact with. By definition, routes are cyclic. The two main
decision components are then: (i) the number of lead vehicles assigned to each
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Figure 4.2: Outline of the proposed solution approach to the operational problem.

potential route and (ii) the itinerary assigned to each OD pair. Naturally, the
second component depends on the offered service, i.e., the first decision component.
Here, we assume that each OD-pair can be assigned to either an itinerary that is
on a direct route between the origin and destination stations, or an itinerary that
consists of two routes with a single transfer. We note that in real world operations
and in the simulation, a trailer may transfer more than once during a passenger
journey. Nevertheless, in order to avoid too many transfers that are forced by the
resulting lead vehicle plans, we wish to obtain plans that potentially allow any
OD pair to be served by at most one transfer.

The total travel time of an itinerary is calculated as follows: in the case of a
direct route, the travel time is the direct ride time τ i,jr between the origin i and the
destination j on route r plus the expected waiting time at the origin station gr

2n ,
approximated as half the headway on the route, i.e., the cycle time of the route
gr divided by the number of lead vehicles assigned to route n. In the case of an
itinerary that includes a transfer, the riding time σi,jr1,r2 is calculated as the direct
riding time from the origin i to a transfer station on the first route r1 plus the direct
riding time from the transfer station to the destination station j on the second route
r2. The additional waiting time in this case is the sum of the expected waiting time
at the origin station gr1

2n1
and of the expected waiting time at the transfer station gr2

2n2
.

For each combination of (i, j, r1, r2), there may be more than one possible transfer
station and therefore, a transfer station that minimizes the total travel time of the
itinerary is selected for each itinerary. Sets, parameters and decision variables are
presented in Table 4.1 and the model is presented on page 79.

78



4. Operational analysis of an innovative semi-autonomous on-demand
transportation system

Sets
S Set of stations
R Set of potential routes
U Set of sections of the network
V i Set of routes that travel through station i ∈ S
P i,j Set of route pairs (r1, r2) enabling an itinerary from stations i to j ∈ S through a transfer station
Wu Set of routes using section u ∈ U
Bu,r Set of station pairs (s1, s2) such that section u ∈ U is traveled when going from s1 to s2 ∈ S on route r ∈ R

Parameters
δi,j Passenger demand from station i to station j ∈ S
γr Cycle time of route r ∈ R
τ i,jr Riding time from station i to station j ∈ S on route r ∈ R (direct)
σi,jr1,r2 Riding time from station i to station j ∈ S using routes r1 and r2 ∈ R (with transfer)
θ Maximal number of lead vehicles to be used in the solution
α Maximal flow of convoys on a section
κ Convoy capacity

Decision Variables
xr,n Binary variable - 1 if route r ∈ R is assigned n ≤ θ vehicles, 0 otherwise
yi,jr,n Binary variable - 1 if demand from OD (i, j) ∈ S is served directly by route r ∈ R assigned with n ≤ θ vehicles, 0 otherwise
zi,jr1,r2,n1,n2 Binary variable - 1 if demand from OD (i, j) ∈ S is served with transfer by route r1 ∈ R assigned with n1 ≤ θ vehicles

and route r2 ∈ R assigned with n2 ≤ θ vehicles, 0 otherwise
ti,j Travel time from station i to j ∈ S in the current route plan

Table 4.1: Sets, parameters, and decision variables for the lead vehicle routing problem.

min
∑
i,j∈S

δi,jti,j (4.1)

s.t.
θ∑

n=0

xr,n = 1 ∀r ∈ R (4.2)

∑
r∈Vi

θ∑
n=1

xr,n ≥ 1 ∀i ∈ S (4.3)

∑
r∈R

θ∑
n=1

nxr,n ≤ θ (4.4)

∑
r∈Wu

θ∑
n=1

nxr,n

gr
≤ α ∀u ∈ U (4.5)

∑
r∈
Vi∩Vj

θ∑
n=1

yi,jr,n +
∑

(r1,r2)
∈Pi,j

n1+n2
≤θ∑
n1≥1
n2≥1

zi,jr1,r2,n1,n2 = 1 ∀i, j ∈ S, i 6= j (4.6)

ti,j =
∑
r∈
Vi∩Vj

θ∑
n=1

(τ i,jr +
gr

2n
)yi,jr,n +

∑
(r1,r2)
∈Pi,j

n1+n2
≤θ∑
n1≥1
n2≥1

(σi,jr1,r2 +
gr1

2n1
+
gr2

2n2
)zi,jr1,r2,n1,n2 ∀i, j ∈ S, i 6= j (4.7)

yi,jr,n ≤ xr,n ∀i, j ∈ S, r ∈ Vi ∩ Vj , n ≤ θ (4.8)

zi,jr1,r2,n1,n2 ≤ xr1,n1 ∀i, j ∈ S, (r1, r2) ∈ Pi,j , n1 + n2 ≤ θ (4.9)

zi,jr1,r2,n1,n2 ≤ xr2,n2 ∀i, j ∈ S, (r1, r2) ∈ Pi,j , n1 + n2 ≤ θ (4.10)

∑
i,j
∈Bu,r

δi,j(yi,jr,n +
∑

(r1,r)
∈Pi,j

θ−n∑
n1=1

zi,jr1,r,n1,n +
∑

(r,r2)
∈Pi,j

θ−n∑
n2=1

zi,jr,r2,n,n2 ) ≤ κ
nXr,n

gr
∀U ∈ U , r ∈ Wu, n ≤ θ (4.11)

xr,n ∈ {0, 1} ∀r ∈ R, n ≤ θ (4.12)

yi,jr,n ∈ {0, 1} ∀i, j ∈ S, r ∈ Vi, n ≤ θ (4.13)

zi,jr1,r2,n1,n2 ∈ {0, 1} ∀i, j ∈ S, (r1, r2) ∈ Pi,j , n1 + n2 ≤ θ (4.14)

ti,j ≥ 0 ∀i, j ∈ S (4.15)
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The objective function (4.1) consists in the total travel time of all expected
passengers, namely each OD demand δi,j is multiplied by its calculated total travel
time ti,j. Constraints (4.2-4.5) are related to route plan definition. Constraints
(4.2) represent the selection of the number of lead vehicles for each potential
route. Note that a route can have no lead vehicles assigned to it. Constraints
(4.3) ensure network coverage, namely that each station is visited by at least one
lead vehicle. Constraint (4.4) guarantees that the total number of lead vehicles
assigned to routes is lower than the number of lead vehicles available in the system.
Constraints (4.5) verify the adequacy of the route plan with respect to section
capacity, limiting the lead vehicle flow passing on each section. Constraints (4.6-4.7)
handle the assignment of passengers to routes. Constraints (4.6) require that each
OD pair is assigned to exactly one itinerary, direct or with transfer, and constraints
(4.7) calculate the travel time of each OD-pair according to the assigned itinerary.
Constraints (4.8-4.11) ensure the coherence between the offered service defined by
the first sets and the assignments controlled by the second sets. Constraints (4.8),
(4.9) and (4.10) verify that each OD-pair is assigned to an itinerary that can be
provided by the selected route plan. Constraints (4.11) check that the capacity of
any route, namely the total capacity of its lead vehicles, is sufficient to transport
the passengers of the OD pairs that have been assigned to it. Finally, constraints
(4.12-4.15) define the domains of the decision variables.

In this model, the simplifications made in the representation of the system
dynamics suppose that a good set of routes and frequencies can be obtained while
disregarding the middle layer, i.e., the trailer layer. Indeed, in the calculation of
the travel times in this model, it is assumed that trailers are always available where
needed and that they do not impose any instantaneous capacity restrictions. Also,
the collective characteristics of the system, i.e., that several users may share the
same trailer, will generally prevent direct trips for most of the users: trailers will
have to park at intermediate stops in order to embark/disembark passengers or
change lead vehicles en route to their next destination. As a consequence, the
real travel time of a passenger in the system consists of three components: (i)
the waiting time at the origin, (ii) the time spent in a trailer effectively traveling
and (iii) the time spent in intermediate stops. The second component is directly
impacted by the design of the lead vehicle routes. Contrary to many exact line
planning formulations, the proposed model takes effectively into account the second
component by approximating the waiting time at origin (and at any transfer point) as
half the headway between vehicles on the used route. However, the third component
of travel time is largely underestimated as we do not account for potential undesired
intermediate stops when the passenger travels. Such stops would only extend their
travel times. In spite of these limitations and simplifying assumptions, the model
outputs presented in Section 4.6 outperform in terms of service rate the lead vehicle
route sets previously envisioned by the operator. They keep travel times low enough
while ensuring that service rate remains relatively uniform between OD pairs. The
number of possible routes a lead vehicle can be assigned grows with the number of
stations and is dependent on the topology of the network. As the assignment is
carried out for the entire fleet of lead vehicles in parallel, the decision space grows
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exponentially with the number of potential routes and lead vehicles. Therefore, and
despite the aforementioned simplifications, the underlying optimization problem
remains computationally complex as this is essentially a TRNDP known to be
NP-hard (Kepaptsoglou and Karlaftis, 2009).

4.4.2 Trailer interstation travel time preprocessing

The interstation travel times defined in the geometry input of the network correspond
to the travel time between two stations when traveling within a lead vehicle. They
neither take into account the need to wait for a suitable convoy to attach to
nor the synchronization requirements that induce travel time differences between
lead vehicles and trailers due to parking maneuvers. These durations impact the
travel times of passengers and must be included in travel time calculations. In
our approach, approximated travel times for trailers between any pair of stations
as well as the associated itinerary, including potential transfers, are preprocessed
before proceeding to trailer pathing and passenger assignment. As a matter of
fact, when a lead vehicle route links directly two stations A and B, the expected
trailer travel time between stations A and B using this specific lead vehicle route is
approximated as the sum of the input travel times between successive stations in
the route sequence from A to B plus half the headway between lead vehicles on the
route to account for waiting time. On top of that is added a penalty to account
for parking maneuvers at departure and arrival that further delay the travel time
compared to lead vehicles. When a transfer is required or beneficial to link A and B,
the expected travel time from A to B is equal to the sum of the expected travel time
from A to a transfer station plus the expected travel time from the same transfer
station to B. In that case, all potential transfer stations between the two routes are
investigated and the one leading to the shortest expected travel time is kept as the
one where the transfer shall occur. If several stations provide the shortest expected
travel time, the one with the least number of transfers already assigned is chosen
as to distribute the transfer load as much as possible. Transfers are also penalized
with a specific penalty similar as the one for direct travels, except that it takes into
account potential boarding and alighting durations at the transfer station. All best
itineraries obtained are stored for use in the simulation. To execute this calculation,
we devise a modified all-pairs shortest path algorithm that integrates the specificities
described above. Sets, input and output of the algorithm are detailed in Table 4.2.

The algorithm starts by considering all direct trailer travels that can be made
with the route plan output at the previous solution approach stage. Based on them,
it considers all itineraries that can be realized with a transfer. If the itinerary with
transfer results in a better approximated trailer travel time, it replaces the existing
best itinerary and approximated trailer travel time. As one of the itineraries has
changed and has been improved, it is necessary to recheck all OD pairs to see if this
change can also improve their itineraries in turn. Therefore, a stopping boolean is
modified as to trigger a new visit of the OD itinerary assignment loop. The outer
while loop of the algorithm terminates eventually when the expected trailer travel
time of all (i, j) pairs has not been improved during the last iteration.
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Sets
S Set of stations
R Set of routes
Sr Set of stations on route r ∈ R

Input
Ai,jr Direct travel time on route r ∈ R between stations i and j ∈ S
hr Headway on route r ∈ R
p1 Penalty related to departure from origin station and arrival at destination station (parking maneuvers)
p2 Penalty related to stop at transfer station(parking maneuvers+potential boarding and alighting)

Output
T i,j Shortest travel time from station i to station j ∈ S
I i,j Best itinerary sequence from station i to station j
σi,j Transfer station used in the best itinerary to go from station i to j ∈ S
τ k Number of transfers made at station k ∈ S

Table 4.2: Sets, input and output for the trailer interstation travel time algorithm.

Algorithm 1: Trailer inter-station travel time preprocessing algorithm.
1 Initialize T i,j =∞, σi,j = ∅, I i,j = ∅ ∀(i, j) ∈ S;
2 Initialize τ k = 0 ∀k ∈ S;
3 foreach r ∈ R do
4 foreach i ∈ S do
5 foreach j ∈ Sr do
6 set T i,j = Ai,jr + hr

2 + p1;
7 set I i,j = [j];

8 continue = true;
9 while continue do

10 continue = false;
11 foreach i ∈ S do
12 foreach j ∈ S do
13 foreach k ∈ S do
14 if T i,k + T j,k + p2 < T i,j then
15 set T i,j = T i,k + T j,k + p2;
16 if σi,j 6= ∅ then
17 set τσi,j = τσ

i,j − 1;
18 set σi,j = k;
19 set τ k = τ k + 1;
20 set I i,j = [I i,k Ik,j];
21 continue = true;
22 else if (T i,k + T j,k + p2 = T i,j & σi,j 6= ∅) then
23 if τσi,j > τ k + 1 then
24 set τσi,j = τσi,j − 1;
25 set σi,j = k;
26 set τ k = τ k + 1;
27 set I i,j = [I i,k Ik,j];
28 continue = true;
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4.4.3 Trailer pathing
While the lead vehicle routing is partially fixed by the model in Section 4.4.1,
trailer pathing is handled completely dynamically as the system operates. Trailer
movements encompass two different types of movement: service movements and
relocation movements. Service movements happen when the trailer has passengers
on board. As such, they are highly interconnected with passenger assignment
decisions. Relocation movements correspond to empty trailer movements.

Trailer relocation

Spatial and temporal demand imbalance results in an inadequate distribution
of trailers, which later leads to a suboptimal service. Empty trailer movements,
namely relocations, aim at repositioning trailers to face future demand and/or free
parking capacity for serving trailers that are queuing at stations or entering stations.
Although relocation consumes space on convoys without moving passengers, it has
proved to be efficient in many other types of services, for example vehicle-sharing
systems (Boyacı, Zografos, and Geroliminis, 2015; Kek, Cheu, and Chor, 2006;
Nourinejad et al., 2015). For MuLPeTS, four main relocation policies are proposed,
alongside the base no relocation case:

• R-base0 is the most basic relocation policy. Empty trailers parked in stations
are removed whenever space is insufficient to park entering trailers. The list
of the stations they are sent to is the output of the relocation station selection
algorithm that takes into account the route of the lead vehicle currently
collecting trailers, the parking and queuing state of the candidate stations and
the capacity on board the trailers that are known to stop at any station in a
predefined time horizon. The algorithm is briefly described after all envisioned
policies have been listed.

• R-base is an improved base relocation policy. It is identical to R-base0 except
that the relocation station selection algorithm in that case also considers
not only the current state of candidate stations but also the future volume
of demand it will face in a predefined time horizon. This future demand is
obtained by multiplying a time- and station-specific demand request rate,
estimated from a demand survey, with the predefined time horizon chosen by
the operator.

• R-pro is a proactive relocation policy. Instead of moving empty trailers only
when space is required at a station, empty trailers may now be transferred any
time they would be more useful at another station according to the relocation
station selection algorithm. R-pro still includes the features of R-base.

• R-ex is an exchange relocation policy, that builds up on R-pro. Under this
policy, empty trailers undergoing relocation and currently on the move can
be dropped-off from lead vehicles before they have reached their destinations
if space on the lead vehicle convoy is required for trailers serving passengers
at the moment.
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The relocation station selection algorithm is pivotal to the relocations policies
introduced above. This algorithm selects the candidate stations to relocate trailers
and works as follows considering a given relocation planning horizon H. The only
possible candidate stations to relocate trailers are the ones that belong to the lead
vehicle route of the vehicle that may collect the trailers. No relocation with transfer
is considered. For each such station, the demand for trailers is computed as the
sum of the current number of passengers waiting to be assigned to a trailer and
of the number of requests expected to appear during H (this second term is not
considered in the case of R-base0). The supply of trailers corresponds to the sum of
the remaining capacity available on board each trailer at the moment the said trailer
reaches the corresponding station. This remaining capacity corresponds to the
volume of passengers that could be taken on board, supposing that they alight at the
very end of the defined path, i.e., after all known passengers that have already been
assigned. Stations are then ranked according to their demand-supply difference.

The ranking list does not need to be larger than the lead vehicle capacity. The
algorithm stops when the selected stations list size has reached that value or when
there are no more candidate stations to examine. A station may appear at several
positions in the ranking list, although each time its supply is increased by the
capacity of an empty trailer, as we consider that a new trailer has already been
selected to be relocated there. Besides, when calculating supply, the effects of
retrieving a trailer from the current station are taken into account as to avoid
sending trailers away when they are more useful at their current location, especially
in the case of a proactive relocation policy.

Trailer path modification

When serving passengers, trailers are shared and therefore, their paths are recurrently
updated as new passengers are assigned. Those passengers start their trip while
others are already in the middle of theirs. Two different path modification heuristics
are considered:

• M-end: at end path modification rule. In this case, the existing path cannot
be modified, namely new stations to be visited can only be added at the end
of the path. Consequently, the travel times of passengers already on board
are not changed. When tentatively assigning a new passenger, the trailer
path is scanned to check if his/her origin and destination stations are already
included in the path and if their respective positions are compatible to provide
service. The current load on the candidate trailer is then retrieved to ensure
capacity is still respected with the new passenger on board. In the worst case,
origin and destinations are appended at the end of the current path.

• M-insert: insertion path modification rule. Contrary to M-end, the destination
of the considered passenger can be introduced at any position in the path.
The destination can only be inserted after the first position in the path where
the origin of the currently examined passenger can be found. If several such
positions exist, the selected boarding position in the trailer path is the latest
before the inserted destination position in order to minimize time spent on
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board by the passenger and maximize available capacity on board the trailer.
On the one hand, the insertion of an extra station in the path may delay
passengers already assigned. On the other hand, it may lead to an improvement
if the extra added station modifies the alighting and boarding positions of
passengers already assigned to the trailer and reshapes the path in a way that
improves the expected remaining travel times of already assigned passengers.
Specifically, after an insertion, the boarding and alighting positions of some
passengers assigned to the trailer may be moved forward as to minimize their
remaining travel time. A path cleaning heuristic takes care of checking if such
opportunities exist. Given the modified path with the insertion of the new
passenger, all assigned passengers are considered in their order of alighting.
If beneficial, their alighting position is moved forward in path as much as
possible. Afterwards, the heuristic checks if some stations can be eliminated
from the path by reassigning passengers or because they do not have any more
passengers boarding and alighting. As a general rule, the heuristic proceeds
to the modification of the path, boarding and alighting positions only if no
passenger expected travel time is impaired in the process.

4.4.4 Passenger assignment
Passenger assignment consists in selecting the trailer in which the passenger will
be proposed to travel and in updating the path of the former accordingly. Various
policies regarding assignment timing, choice of potentially suitable trailers, path
modification rules, selection criteria for the best trailer and passenger opt-out model
are addressed successively in this subsection.

Assignment timing and order

First, the timing of the assignment has to be considered, as the assignment decision
is final and cannot be modified later. No other assignment proposition will be made
in the future if the passenger refuses it. The conditions for refusal are examined
later when the passenger opt-out model is described. Assignment is made when the
passenger places a request. However, if no trip proposition can be made because
of a lack of trailers or lack of seating space on trailers, the passenger waits at the
station until the system provides him with a travel option. The system looks for
tentative travel options whenever a trailer may stop at the passenger origin station,
namely when a lead vehicle signals its next arrival at the station to proceed to
trailer exchange. In the case where several passengers wait for an assignment at
the station, two different tentative assignment orders can be used

• The assignment is made in the order of arrival (A-fifo), i.e., the passenger who
has been waiting to be assigned for the longest time is tentatively assigned
first.

• The assignment is made in the order of arrival (A-batch) but considering
batches of passengers. Namely, if the passenger to be tentatively assigned
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has station s1 for a destination, we assign to the same trailer in the same
conditions any other passenger that has also s1 as a destination until there is
no more capacity in the trailer. This way, we group all passengers headed to
the same destination in the same trailer, aiming at maximizing the occupancy.

Trailer pool selection

Second, the pool of trailers to select the best trailer from has to be defined. To
that end, three types of trailer sets are considered: S-parked contains the trailers
currently parked or queued at the passenger origin station; S-extra contains the
trailers that may be diverted immediately to the passenger origin station (this
happens only when a lead vehicle passes by the station and new travel options
are sought out for passengers waiting); and S-future contains the trailers that will
stop in the near future. For the latter, with all known trailer paths and trailer
travel times estimated in 4.4.2, the operator can, at any point during the operations,
estimate the stopping time of any trailer that has the passenger origin station in its
path. Four different trailer pools are built by the union of some of these sets:

• P1 = {S-parked}

• P2 = {S-parked ∪ S-extra}

• P3 = {S-parked ∪ S-future}

• P4 = {S-parked ∪ S-extra ∪ S-future}

Selection criterion

Fourth, many trailers may provide travel options with different characteristics.
Therefore, a decision criterion needs to be applied to select the best among them.
The most natural approach is to minimize the travel time of the incoming passenger.
However, applying this bluntly may fail and greatly impair passengers’ travel
experiences, risking losing them in the long term. Indeed, such an approach ignores
the users already in the trailer, the time they already spent traveling and their
expected arrival times. Therefore, constraints related to other passengers’ remaining
travel times and durations already spent in the trailer have to be considered. In
this study, two main criteria are proposed. Each of them is considered in two
forms, constrained and unconstrained. In the constrained form, trailer options
that prolongate too far in time the travel of already assigned passengers are
excluded. Specifically, at the assignment of every passenger, a limit travel time,
that includes some slack to allow extra stopping and detours for future pick-ups
of other passengers, is computed and taken as a reference for not overextending
trips. In the unconstrained form, an assignment to an overcapacitated trailer is
the only valid reason for eliminating a travel option.

• CTT corresponds to shortest travel-time assignment criterion. The selected
trailer and related path update minimize the expected travel time of the
considered passenger. The constrained and unconstrained forms are denoted
by CTT-uncons and CTT-cons, respectively.
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• CSUM corresponds to shortest summed remaining travel time criterion. It
selects the trailer having the minimum sum of estimated remaining travel
times for all passengers assigned to it. Like CTT, we consider it in both
constrained (CSUM-cons) and unconstrained (CSUM-uncons) forms.

Applying these two criteria myopically may lead to choose empty trailers over ones
that have already passengers on board. To avoid these cases and encourage sharing,
an additional rule states that the trailer with the biggest number of passengers on
board will always be preferred when several trailers provide a passenger assignment
with similar criterion scores. In the case study described later, we consider that
similar criterion scores have to be strictly equal.

Opt-out model

When provided with a transportation option, a passenger may choose not to travel
for various reasons, notably if the estimated travel time offered by the service is
unsatisfactory. To account for this opt-out possibility, an opt-out rule based on the
waiting time before assignment and the travel time announced to the passenger
at trailer assignment is introduced. Specifically, opt-out happens in two cases:
(i) if a passenger has waited too long before receiving an assignment proposition
or (ii) if the arrival time announced by the operator exceeds a maximum arrival
time defined for each passenger.

The passenger maximum waiting duration is defined as the difference between
his/her travel time using another transportation mode and the shortest travel time
he can get when using the MuLPeTS service, i.e., a direct trip without intermediate
stops. Once this maximum duration has elapsed, the passenger knows then with
certainty that the other mode would have been a better option.

The passenger maximum arrival time corresponds to the time at which the
passenger would have arrived if he/she had used the alternative transportation
mode. When an assignment proposition is made to the passenger, this maximum
arrival time is compared to the estimated arrival time announced by the system. This
decides if the passenger opts out or not. Calculating and respecting this announced
travel time is delicate for the operator. Indeed, all travel times calculated by the
system are based on averages and do not account for the worst possible cases.
To cover this risk, the operator may add a buffer duration when announcing an
estimated arrival time to the passenger to ensure that it does not significantly
deviate from this value. Another key question regarding travel time estimation and
announcements resides in the sharing capabilities of the system. By construction,
the system aims at grouping passengers that share part of their itineraries. If
announced arrival times are too tight, this may forbid intermediate stopping of
trailers, thereby reducing sharing opportunities. To sustain the system’s collective
features, an extra slack duration to allow detours and extra stops may also be
added when communicating expected travel times to the passengers. Those added
buffer and slack durations result in increased announced arrival times and as a
consequence potentially more opt-outs. Various values for these buffer and slack
durations are examined in the simulation experiments in order to characterize the
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system’s trade-off between the system’s performance, the level of sharing and the
accuracy of the announced travel times.

4.5 An event-based simulation for dynamic poli-
cies implementation and testing

In order to represent the system and test the static and dynamic policies described
in the previous section, we have developed an event-based simulation framework.
In this section we describe the main components of the framework. In particular,
Subsection 4.5.1 describes the fundamental elements modeled within the simulation.
Subsection 4.5.2 defines the types of events that may occur in the simulation.
For each event type, we summarize the processes and decision algorithms that
may be triggered due to an occurrence of such event. Simulation initialization
procedures and postprocessing procedures are described in Subsection 4.5.3 and
Subsection 4.5.4, respectively.

4.5.1 Constitutive elements
In simulation, we follow the movements of the lead vehicles and trailers, the
assignments and positions of passengers as well as the occupancy of station platforms
and both trailers and lead vehicles. The movements of the lead vehicles are
predetermined: lead vehicle routes and frequencies are given as an input to the
simulator. The simulation stores then only the static route sequence indefinitely
repeated for each lead vehicle. The IDs of the trailers following every lead vehicle
are updated every time a trailer attaches/detaches to/from a convoy. For each
trailer, four arrays store the information relative to respectively the current path
defined for this trailer, the IDs of the embarking/disembarking passengers at any
point in the path and the trailer occupancy at any point in the path. Another vector
keeps track of the next time a trailer will be available to be picked-up, depending
on the boarding and alighting processes that might be in progress. For the sake of
simplicity and clarity, the simulator keeps track only of the present and expected
future states and planned positions of the entities. The entire lead vehicle routes
and trailer paths can be rebuilt a posteriori using the simulation logs.

For passengers, the simulation has access to their origin stations, destination
stations and volumes. The volume is defined as the size of unbreakable passenger
groups: a wheelchair may have a volume of 2 if it occupies two spaces in the
trailer or a father with his two children will occupy three spaces and they cannot
travel separately. For statistical purposes, several time stamps relative to the
passenger generation time (i.e., the request time), assignment time, boarding and
alighting times are collected and stored.

For each station, an array stores the IDs of the passengers waiting at the station,
i.e., the ones who have not yet received any assignment, in their order of arrival.
Two other arrays contain the IDs of the trailers currently parked and queuing
respectively. Also, a table containing all the future expected arrival times for each
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trailer at any station is continuously updated during the simulation. It serves
as an input to the relocation station selection algorithm and is used to build the
S-future set of trailers if and whenever needed.

4.5.2 Events
To reproduce the operations of the system, the simulator features the events
described hereafter. The chain of events is summarized and graphically repre-
sented in Figure 4.3.

• LEAD_PASS
This event corresponds to the arrival of a lead vehicle nearby a station entrance.
It happens at the time where the lead vehicle signals its future passage to
allow for synchronization. It takes care of the trailer exchange between the
lead vehicle and the station and therefore implements most of the operational
management policies presented in Subsections 4.4.3 and 4.4.4. The event
consists in the following successive steps:

1. List the trailers on the lead vehicle that have to enter and stop at the
current station. These trailers have the current station as the first station
in their path and have to stop there for three different reasons: (i) to
pick-up and drop-off passengers, (ii) to be pre-positioned in order to face
future demands and (iii) to switch lead vehicles, i.e., transfer.

2. List the trailers in the station that can potentially join the passing lead
vehicle. Such trailers have to be able to join the lead vehicle when it
will exit the surroundings of the station. They also have to need to join
this specific lead vehicle because it travels on a route which is the most
suitable for the trailer to reach the next station in its path. The list of
potential trailers is sorted in descending order of the total expected delays
as to prioritize the ones that are the most behind schedule. The total
expected delay of a trailer is obtained by summing, for all passengers
assigned to the trailer, the difference between the current expected arrival
time and the expected arrival time calculated at the assignment time.
In the limit of the remaining capacity following the lead vehicle, the top
trailers in this list are selected to attach to the lead vehicle after this
event.

3. List the trailers that can be relocated with the help of the passing lead
vehicle. Stations that could benefit of more trailers are identified and
sorted according to the relocation station selection algorithm presented
in Subsection 4.4.3. If there is still remaining capacity behind the lead
vehicle for trailers to attach, some trailers in this list are selected to
attach to the lead vehicle after this event and a destination station is
attributed to them according to the output of the relocation station
selection algorithm. The number of trailers to be relocated and added to
the leaving trailers’ list depends on the relocation policy considered and
on the output of the relocation station selection algorithm. For instance,
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if (i) the relocation policy is not proactive, (ii) no station is in need for
trailers and (iii) no trailers will soon be queuing at the entrance of the
current station, then no trailers are sent away for relocation, even if the
list of trailers that can be relocated is not empty.

4. Tentatively assign passengers that have not yet been assigned and are
waiting at the station. Trailer pool selection rules, path modification
heuristics and selection criteria are applied according to the chosen
policy mix. Statistics regarding passengers newly assigned, notably their
assignment time, are collected. If some additional trailers are to stop or
to leave after the assignment has been performed, the lists of entering
and leaving trailers are updated.

5. If R-ex is active and some trailers that should stay in station would
benefit attaching to the passing lead vehicle, tentatively swap them with
empty trailers from the lead vehicle.

6. Update the state of the elements in the simulation:
– Update the occupation lists of the station trailer queue, the station

parking platforms and the lead vehicle. If trailers were queuing, they
are sent first to the platforms that have been released by leaving
trailers. Trailers that have just left the passing lead vehicle and
entered the station are sent to the station queue if the platform
capacity in the station is reached.

– Disembark and embark passengers to all trailers that have gained first
access to a parking spot during this event. They can be trailers that
have just detached from the lead vehicle or trailers that have been
queuing at the entrance of the station before. The associated relevant
key statistics are updated, namely the boarding and alighting times
of the passengers involved.

– Update the event list with a new LEAD_PASS for the same lead
vehicle at the next station on its route.

– Update the route of the passing lead vehicle and the path of the
trailers that will join it.

• PASSENGER_GENERATION
Every time this event is executed, a passenger appears in the system and
places a request. This event is linked to a specific location, which is the one
from which the new passenger wishes to start his/her journey.

1. Reveal passenger information, i.e., his/her destination and volume to the
simulation.

2. Tentatively assign the passenger according to the chosen trailer pool
selection rules, path modification heuristics and trailer selection criterion.
If the assignment is successful, the current time is stored as the assignment
time. If the passenger is assigned to a trailer already parked at his/her
origin station, the passenger proceeds to boarding and the associated
time stamp is collected for statistical purposes.
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3. Update the event list by adding:

– a PASSENGER_SERVICE_CHECK event for this passenger hap-
pens at his/her maximum waiting time

– a new PASSENGER_GENERATION that corresponds to the ap-
pearance of the next request to the system at the current station

• PASSENGER_SERVICE_CHECK
This event happens when the time for the passenger to decide to opt-out or not
has been reached. If the passenger is still queuing at the origin station, namely
he/she has not been proposed a trip, he/she will opt out. The passenger
waiting for assignment queue is updated by removing from it the passenger
that is still waiting. If the passenger is no longer queuing, i.e., he/she has
received a proposition for service, the event has no effect.

• SIMULATION_END
This event corresponds to the moment the system stops providing service.
Note that the system may have stopped to accept requests earlier but can
keep on operating as to terminate the travels of all passengers still en route to
their destinations. SIMULATION_END takes care of all the actions required
to terminate the service and collect the final set of statistics. Currently, it
considers that every passenger still traveling in the system at closing time
sees his/her request for service rejected a posteriori and opts out.

Figure 4.3: Graphical summary of the event structure and event content of the MuLPeTS
simulation framework.
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4.5.3 Simulation initialization
In order for the simulation to start, all necessary input depicted in Figure 4.2 is
required. This input might be the output of previous steps of the solution approach
or input elements that may have or may have not been already used at other stages.
Specifically for the simulation and unlike the lead vehicle routing problem, demand
has to come in the form of a list disaggregate individual demand requests with
each their own characteristics in terms of timing, origin, destination and opt-out.
Policies to be applied and their associated parameters also have to be set.

Simulated elements have to be initialized. Trailers and lead vehicles have to be
given an initial location when simulation starts and the simulation event list has
to be filled with the starting set of events. Trailers’ initial positions can be either
parked, queuing in a station or following a lead vehicle. Firstly, trailers are assigned
to platforms in stations, proportionally to each station capacity. If there are more
trailers than the total number of platforms in the system, the remaining not yet
positioned trailers are assigned to follow lead vehicles and are distributed equally
among them. If afterwards there are still some trailers with no initial position, these
would be equally distributed among stations’ entrance queues. Yet, such a case is
quite extreme and not desirable as the system would likely be largely overloaded
with vehicles. Lead vehicles starting positions are defined by a LEAD_PASS event
added in the event list for each of them. These events will take place at the time the
lead vehicle signals for the first time its arrival by a station. For each route of the
route plan output by the lead vehicle routing problem, these initial LEAD_PASS
events are defined such that the associated lead vehicles are evenly spaced.

Additional events are added to the event list. For each station, a PASSEN-
GER_GENERATION event corresponding to the appearance of the first request
at the said station is appended. Finally, a SIMULATION_END event is added
to be realized at the defined closing hour of the system.

4.5.4 Simulation statistics and postprocessing
In order to assess the performance of the system, we follow several indicators
in the simulation over different periods of time (entire simulation, peak period,
off-peak period). As presented in Section 4.3, the main level of service indicator
associates the service rate, i.e., the percentage of passengers who have received
service, and the excess travel time compared to an immediate and perfect taxi
service. These indicators are derived by retrieving the service status of every
demand from the simulation as well as the total travel time for each passenger.
The latter is then compared to the travel time from the perfect taxi service to
obtain the wished performance measure.

Alongside these two key statistics, the simulation also monitors other types
of data. The durations of the different stages in the service of a request, i.e.,
assignment, boarding and travel, are followed in order to better characterize the
service. This way, we can measure the time a passenger has waited to receive an
assignment, to embark the assigned trailer and to effectively travel. Regarding
capacity usage, the length of convoys or queues at stations and occupation of
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trailers and station platforms is stored every time they change. Queue lengths at
stations are particularly crucial in terms of system design because they highlight
undercapacitated stations. If trailers queue at a station for long periods of time,
either the station should be enlarged and/or the relocation strategies’ calibration
must be enhanced. Also, if the length of this queue is too long, it risks to spillback
on the main network, impairing the system efficiency, traffic conditions and safety.
Another key measurement is the empty trailer travel time, which is directly linked
to the intensity of relocation. Eventually, the simulation also tracks the type of
assignment each single passenger has received, for instance if a passenger was
assigned to a trailer parked at his/her origin station, to a trailer that made an
additional stop to pick him/her up or to a trailer about to arrive at his/her origin
station and if this assignment happened at the passenger request time or later.

4.6 Case study
The system is envisioned to be deployed by a major car manufacturer, who will
also be the operator of the system, in a busy office and leisure district of a large
Asian city. The zone spans a surface close to 3 square kilometers and can already be
reached by public transportation. In this context, the MuLPeTS would complement
the existing offer by providing a flexible last-mile transportation service with a finer
serving mesh. Due to confidentiality, no further precise information is displayed
regarding the localization of the project or the demand data can be displayed.

This section starts with the description of the case study data in Subsection
4.6.1. The first stage of the proposed solution approach, i.e., the lead vehicle routing
problem, is solved in Subsection 4.6.2 and serves as an input to the simulation
experiments, which outcomes are described in Subsection 4.6.3, and where the
various dynamic policies for trailer pathing and passenger assignment are tested
at length. Then, Subsection 4.6.4 summarizes the results obtained so far and
describes in more details the characteristics and performance of a good system
configuration. Eventually, some additional considerations, remarks and tests related
to the limitations of the model and case study are exposed in Subsection 4.6.5.

4.6.1 Data description: network, parameters and demand
The proposed network consists of 20 stations, located in three main regions referred
to as West, Center and East. The network has high similarities with a corridor,
namely the walking distance between station pairs 3-4, 5-6, 7-8, 9-10, 11-12, 13-14,
15-16 and 17-18 is small, and is travelled only clock-wise. Interstation distance
varies between 300 and 800 meters. There exist several positions in the network
where U-turns can be made, allowing the moving convoys to shunt the parts of
the network they do not need to serve. As explained in Subsection 4.4.1, the lead
vehicle routes are indeed simple cycles in the network. Based on the case study
network, the total number of possible static routes a lead vehicle can follow is 87.
A schematic representation of the planned network is presented in Figure 4.4.
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Figure 4.4: Graphical representation of the network.

Each station has a predefined fixed number of platforms, equipped to receive
trailers and facilitate the boarding and alighting of passengers. In this case study,
the station capacity is uniform and fixed to 3. The speed of convoys is 20 km/h
between stations and 10 km/h in the vicinity of stations. Network sections, used for
convoy flow capacity check, are obtained by identifying turning locations and
junctions in the network.

Each trailer has space for 6 people seating. Some passengers, such as mobility-
impaired people or families, may take more of that capacity: this can be taken
into account in the input by modifying the volumes. However, due to lack of
data regarding that aspect, it is supposed in this case study that every passenger
requesting service has a volume of 1. The length of convoys, namely the lead
vehicle capacity in terms of trailers, can technologically reach 6 trailers but is set
to 3 trailers due to legal restrictions. As a consequence, the total capacity of a
convoy in terms of passengers is equal to 6× 3 = 18 passengers. The calculation of
section capacity α is based on the fundamental law of traffic flow theory between
flow, density and speed. On a road segment, the critical spacing between vehicles,
k−1

c , is obtained as the inverse of the critical density (density for which the flow
is maximized). In the case of MuLPeTS, convoys have advanced efficient vehicle-
to-vehicle communication and can thus be considered as one vehicle each. The
minimum spacing between two convoys can then be considered equal to the critical
spacing calculated earlier. The distance between the lead vehicle of two successive
convoys is then d = k−1

c +(κtrailer+1)Lveh where the second term is an approximation
of the maximum convoy length with κtrailer, the convoy capacity in terms of trailers
and Lveh a typical vehicle length. With v as the speed of the convoys, the critical
flow of convoys, namely the section capacity α, is:

α = vd−1 = v

k−1
c + (κtrailer + 1)Lveh
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Conservatively, we take v = 10 km/h, i.e., the speed of convoys in the vicinity of
stations, Lveh = 5 m and κtrailer = 3. Regarding the value of the critical density kc,
the case study proposed in this chapter considers that the system runs on separate
lanes and does not interact with the rest of traffic. In this case, we take kc =
30 veh/km, corresponding to critical density in free-flow conditions and the value
computed for α is then 207 veh/h. In mixed-traffic conditions, the value used for kc
has to take into account the presence of other vehicles in the network and therefore
the critical density of convoys is necessarily smaller, leading to a smaller value for α.

Synchronization requirements for stations, lead vehicles and trailers are as
follows: the times required for trailers to enter and exit a platform are 18 seconds
and 23 seconds, respectively. A safety buffer of additional 17 seconds is added for
trailers leaving the platforms to permit the entrance of the last boarding passengers
and avoid incidents at trailer departure. From the entrance of a station to its exit,
a lead vehicle travels for 20 seconds. Whenever a new set of passengers boards or
alights the trailer, we suppose it takes a fixed duration of 30 seconds, independently
of the size of the group. Therefore, a lead vehicle will flag its presence 70 seconds
before it reaches the synchronization point at the station exit in order to allow
trailers to finish boarding passengers, leave their parking space and reach the joining
zone. Based on these values, penalties in the trailer travel time preprocessing stage
of the solution approach are respectively p1 = 11 s and p2 = 71 s.

Demand data was estimated by the operator based on a person trip survey
and further refined with assumptions about passenger trips in the area. This daily
demand consists of approximately 4400 passengers, who mainly use the system as
the last or first leg of their trip after transiting through main transportation lines.
It has come in the form of hourly OD demand rate matrices. The said matrices
are quite sparse, meaning that some stations concentrate most of the demand.
Specifically, eight stations concentrate 80% to 90% of the demands, mostly in the
east region of the network and to a lesser extent in the center region, while the west
part of the network represents very few demands a day. Based on the time-specific
and OD-specific demand rates, demand seeds for simulation have been generated,
following a non-homogeneous Poisson process. Given the corridor-like structure of
the network and the fact that links are one-way, we suppose that users are rational
in their choices of origin and destination. For instance, a passenger closest to station
7 and whose destination location is near station 15, will select stations 8 and 16,
respectively, as origin and destination. The chosen opt-out alternative is walking.
The maximum waiting time for opt-out and maximum travel time for passenger are
calculated using the network distance characteristics and a walking speed of 4 km/h.

The performance of the system in terms of travel time, i.e., the excess travel
time, is measured against a perfect and unrealistic taxi company with the same
speed characteristics as the system. The taxis provide passengers with service as
soon as they have placed their requests, i.e., with no waiting time at the station
for the passenger, and the itineraries followed are always the shortest ones using
the same links as the MuLPeTS.
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4.6.2 Solving the lead vehicle routing problem
As the first step of the devised solution approach, the lead vehicle routing problem
is solved for different lead vehicle fleet sizes θ = {10, 20, 30, 40, 60}. We use CPLEX
12.10.0 inside the CPLEX Studio IDE on a Lenovo T460s with 20Gb RAM, Windows
as an operating system and 4 CPUs. Due to the large number of variables in the
problem, a special attention is paid to memory management by activating relevant
parameters from CPLEX. Also, because of increasing run times and the same
memory issues, the configurations with θ = {40, 60} consider that the number of
lead vehicles on a route can only be even, thereby largely reducing the number
of variables and constraints without impairing too much the objective value. The
results for θ = {10, 20, 30} are presented in Figures 4.5, 4.6 and 4.7. As they use
the same sets of routes as the 30 lead vehicles case but assign a different number of
lead vehicles to the selected routes, the outputs for the remaining configurations
θ = {40, 60} are summarized in Table 4.3.

Figure 4.5: Graphical representation of the optimal route set RO for 10 lead vehicles.

With only 10 lead vehicles, a solution with three routes is found as optimal.
As can be observed in Figure 4.5, routes 13 and 83 cover together the entire
network, overlapping only at a single transfer station (station 20). The third
route, route 87, focuses only on the two most easterly stations, which concentrate
almost 30% of the total demand.

From 10 lead vehicles, doubling the fleet size modifies one route in the selected
set as seen by comparing Figures 4.5 and 4.6: route 83 is swapped for route 70.
The number of vehicles on each route is at least doubled, except for the shortest
one, route 87. Note that for this specific route, the lead vehicle frequency increases
the fastest with additional vehicles as it is the shortest route in the set. Also, the
assignment of OD pairs to routes is modified as shown in Table 4.3, because trailers
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can now transfer at stations 11 and 12 but no longer at station 20. As a result, some
OD pairs that could not be served directly by route 83 can now be served directly
by route 70, while OD pairs between West and station 20 now require transfers.

Figure 4.6: Graphical representation of the optimal route set RO for 20 lead vehicles.

Figure 4.7: Graphical representation of the optimal route set RO for 30 lead vehicles.

With an even larger fleet size, the route plan consists in four different routes
with the addition of route 80 to the previous plan as seen in Figure 4.7. This
route permits very few direct trips and mainly helps in accelerating the travel
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of certain ODs served with a transfer. Note that none of the 20 additional lead
vehicles between fleet sizes of 40 and 60 is assigned to route 87. Indeed, it already
has a very high frequency and the additional vehicles benefit other routes more.
Also, OD 1 to 2, which was previously served by route 87, is reassigned to route
13 as the headway on that route is now smaller in the 60 lead vehicles case as
shown in the fourth column of Table 4.3.

Total number IDs of Lead vehicles Vehicle frequency Demand served Demand served
of lead vehicles selected routes per route on the route (veh/h) directly with transfer

13 6 18.0 2559.2 201.6
10 83 2 10.7 510.1 201.6

87 2 48.6 1143.6 0.0
13 12 35.9 2559.2 250.7

20 70 5 25.5 461.0 250.7
87 3 73.0 1143.6 0.0
13 17 50.9 2559.2 139.3

30 70 7 35.7 461.0 232.9
80 2 22.3 17.8 93.7
87 4 97.3 1143.6 0.0
13 24 71.9 2559.2 139.3

40 70 10 51.0 461.0 232.9
80 2 22.3 17.8 93.7
87 4 97.3 1143.6 0.0
13 36 107.8 3128.5 139.3

60 70 16 81.6 461.0 232.9
80 4 44.6 17.8 93.7
87 4 97.3 574.3 0.0

Table 4.3: Selected routes, number of lead vehicles on each route, demand assignment
and frequencies output by the lead vehicle routing problem for each tested value of θ.

4.6.3 Simulation experiments
The policies and variables investigated are numerous, implying an extensive sim-
ulation study. Consequently, a full factorial experiment could not be run or fully
be presented in this thesis. Instead, we define a single base test configuration
and repeatedly test the impact of modifying a single element in this configuration.
For example, we generate several configurations that only differ in their choice of
trailer relocation policy in order to examine their impacts. Each of these generated
configurations is tested with five different number of trailer vehicles: {24, 42, 60,
72, 90}. The middle value, 60, corresponds to the total amount of platforms in the
system, which are distributed over all stations. The base configuration is defined
as follows: the chosen lead vehicle route set is RO, namely the output of the lead
vehicle routing problem, with 30 lead vehicles; the relocation policy is R-pro; the
path modification type policy M-end; the assignment order A-fifo; the trailer pool
definition is P4; the trailer selection criterion is CTT-cons; the slack and buffer
durations are 20% and 10% respectively (meaning that the finally announced travel
duration is 30% higher than the one calculated by the system operator); and a
uniform distribution of platforms with three platforms per station.

Each of the following subsections compares simulation outputs for different
values of a specific system variable or policy. When relevant, interactions between
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different variables and policies not visible with the base test configuration may
also be shown as to depict more precisely the system’s behavior The two main
performance measures principally considered are (i) the service rate, (ii) the mean
excess travel time of passengers who have used the system with respect to a perfect
and immediate taxi service of the same running speed. This means that the mean
excess time indicator only considers passengers who have effectively traveled with
the system, setting aside the ones that have opted out. The results presented for
each configuration tested are aggregated over 30 different demand seeds, drawn
from the hourly rate OD matrices given by the operator.

Influence of lead vehicle routes and fleet size

The route sets output by the lead vehicle routing problem, RO, are compared with
two benchmark route set definitions defined by the operator of the system. The
first route set, R1, consists in the single longest route in the system covering all
stations and to which all available lead vehicles are assigned. The second route set,
R3, consists in three routes, each covering one region of the network, East, Center
and West, and overlapping at their extremities. They are represented in Figure 4.8
and Figure 4.9, respectively. Results are displayed in Figure 4.10 for the base test
configuration, comparing RO, R1 and R3 in a case with a fleet of 30 lead vehicles.

Figure 4.8: Graphical representation of the R1 lead vehicle route set for 30 lead vehicles.

R1 results in the worst performance in both of the service rate and the mean
excess time while the comparison between R3 and RO is more contrasted. The
number of passengers served with the set of routes RO is bigger whereas the mean
excess time for passengers who have used the MuLPeTS is smaller when R3 is
the set of routes chosen. To further distinguish between the two route sets, we
consider the mean excess time of all passengers with respect to the perfect taxi
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Figure 4.9: Graphical representation of the R3 lead vehicle route set for 30 lead vehicles.

RO-30 R1-30 R3-30
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Figure 4.10: System’s performance for route sets RO, R1 and R3 using 30 lead vehicles.

service, i.e., both the passengers that have traveled with the system and the ones
that have opted out and walked. In that case, we consider that the travel duration
of passengers who have opted out corresponds to the alternative, i.e., walking. With
that metric, R3 still results in a better performance compared to RO, although
RO is the output of the lead vehicle routing optimization problem. The difference
comes from the fact that the set of customers served by each route set case is very
different. In particular, R3 never serves customers originating at station 2 and going
to station 1 whereas this OD concentrates 14% of the total demand. In contrast,
thanks to the short Route 87 loop, RO schemes always serve these passengers. The
concerned users opt out because the proposed service is not competitive in terms
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of travel time as the stations are very close to one another. As walking is a good
option for these passengers, their contribution to the mean excess time when all
passengers are considered is also limited. For the same reasons, when RO serves
effectively these passengers, the time passengers gain by using the system instead of
walking remains small. These specificities in the demand distribution and network
characteristics explain why R3 results in better mean excess times with respect to
a taxi service than RO. Overall, the service level is more homogeneous in the case
of RO: all stations exhibiting a high level of demand receive good service. Some
specific ODs with lower demand receive better service with R3 than RO, although
it does not compensate in terms of service rate.

Next, we investigate the influence of the lead vehicle fleet size for the optimal
route sets obtained earlier. Figure 4.11 presents the main performance measures
for a fleet size of 20, 30, 40 and 60 lead vehicles.
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Figure 4.11: System’s performance for the optimal route sets RO output by the lead
vehicle routing problem with various number of lead vehicles.

As soon as the number of lead vehicles is large enough, the service rate does
not change with the addition of new vehicles as the curves for RO-30, RO-40 and
RO-60 are superposed. Adding more vehicles improves only the performance in
terms of mean excess time as it increases the frequency of lead vehicles on each
route, thus reducing the waiting time of trailers before attaching to a lead vehicle.
On the contrary, the level of service provided with an insufficient number of vehicles
is too low, highlighting the existence of a threshold in terms of lead vehicle fleet
size. The existence of this threshold effect must be set in perspective with the
definition of the opt-out rule. The travel times inside the system depend largely
on the frequency of every lead vehicle route and therefore vehicle frequencies on
selected lead vehicle routes must be high enough for passengers not to opt out.

Influence of trailer relocation

For every envisioned relocation policy, Figure 4.12 shows the performance of the
system in terms of service rate and mean excess time for the passengers who
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have traveled with the system. The same figure also presents the empty trailer
relocation time percentage, i.e., the amount of time a trailer travels empty divided
by the total simulated duration.
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Figure 4.12: System’s performance and mean empty trailer travel time percentage for
each of the envisioned relocation policies.

With any policy, service rate increases and mean excess time decreases with the
number of trailers, stating a positive correlation between the number of trailers and
the level of service. Nevertheless, the level of service is very poor when no relocations
are performed. On Figure 4.12, the mean excess time for the no relocations case is
very large compared to all other policies and thus does not appear. Not performing
relocations has another major side effect: it creates large queues at the entrance
of certain stations and results in large periods of time, in some cases almost the
entire simulation time, where the station operates at a higher than capacity level.
Introducing relocations drastically stops this phenomenon and queues are in the
extreme case present in stations for less than 0.5% of the operating hours.

The difference in terms of service rate between R-base0 and R-base indicates
that the level of service is improved when demand-related information is used
in the selection of destination stations for relocated trailers. However, at a low
number of trailers, information on future demand seems unnecessary as shown by
the comparison between R-base and R-base0. It must also be noted that the mean
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excess time starts to increase again when the number of trailers becomes very large:
the lack of information in R-base0 leads to ineffective relocation choices that create
jams and delays at stations, lengthening service duration on average.

All informed policies converge eventually when the number of trailers is large,
independently of the proactive feature. R-pro and R-ex exhibit the same perfor-
mance, showing that the exchange process plays a marginal role once relocations are
smartly done. When the number of trailers remains low, a proactive relocation policy
provides a better service at the cost of a larger mean empty trailer travel time. Indeed,
almost any relocation may be beneficial to the system in this case. The non-zero
mean empty trailer travel time percentage in the no relocations case for large fleet
sizes is an artifact of the simulation caused by the initial positioning of empty trailers
on convoys because the number of trailers is larger than the number of platforms.

In informed policies, i.e., R-base, R-pro and R-ex, the relocation station selection
algorithm counts the remaining capacity in each trailer that is expected to pass at
each station within a certain time horizon. We calibrate the level of information
the algorithm takes into account by varying this time horizon between 0 and 3600
seconds. Results are shown in Figure 4.13 for R-pro relocation policy.
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Figure 4.13: System’s performance and mean empty travel time percentage as a function
of the relocation horizon in seconds for relocation policy R-pro.

The lowest horizons, 0 and 300 seconds, result in a worse service rate than all

103



4.6. Case study

other horizons. The larger the horizon, the higher the service rate although the
difference between policies remains limited for horizons larger than 900 seconds. The
three largest horizons also converge for all presented performance measures when the
number of trailers is large. At lower trailer fleet sizes, the intermediate horizons, i.e.,
900 and 1800 seconds, avoid the large empty trailer travel times that are observed
for 300 and 3600 seconds. Consequently, we apply a R-pro relocation policy with a
horizon of 1800 seconds in the base test configuration. The comparisons made in
this subsection and in the preceding ones also used that relocation horizon value.

Influence of path modification type

Among the two path modification types introduced, M-insert is the most relaxed
one as in that case, the passenger destination can be inserted anywhere in the path.
Unlike M-end, M-insert may impair the travel times of passengers already assigned
to a trailer. However, simulation results do not highlight any differences between the
two policies here. While no differences were observed for this specific case study, we
prefer to report the case as it might have an effect for other potential applications.

Influence of trailer pool definition

When trying to assign a passenger, providing the system with more options should
intuitively result in an improved quality of service, both in terms of service rate
and mean excess time. By varying the trailer pool in the base test configuration,
simulation outcomes show that P1, P2, P3 and P4 perform equally well both in terms
of service rate and mean excess time, independently of the number of trailers in the
system. A detailed analysis shows that the vast majority of passenger assignments
happens at the time of the request and places the passenger on a trailer that is
currently parked or queuing at the origin station. In the case where the largest pool
of trailers is considered for assignments, i.e., P4, and the number of trailers is 24,
90% of the passengers who receive service are effectively assigned in these conditions.
Another 8% of the assigned passengers are directed to trailers that are expected to
stop at their origin station in the near future. These values explain thus the high
similarity between the different trailer pool selection possibilities envisioned as all
trailer pools contain the trailers currently parked or queuing at the origin station.

Influence of assignment order

Compared to A-fifo, A-batch modifies the examination order of the queue of
passengers waiting for assignment at a station, namely the ones who were not
assigned when they placed their requests. As seen in the previous subsection, a
massive majority of passengers are assigned at the time they place their request.
Consequently, we should expect only minor differences in terms of performance
between A-fifo and A-batch, as only a few passengers queue for assignment.
Simulation results confirm this prediction. For a difference to emerge, the fleet size
and capacity as well as lead vehicle routes should be calibrated such that most
passengers cannot be assigned at their request time and have to wait for assignment.
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Furthermore, the assignment propositions made that way would have to lead to
the passengers effectively using the system. Finally, the remaining capacity on
board the incoming vehicles should allow several passengers to embark at once.
The concomitance of these situations is quite unlikely. If it were to happen, it may
assumably lead to a poor level of service as the system will be under constant stress.

Influence of trailer selection criterion

When passengers are tentatively assigned to a trailer, they may modify its path,
shortening or lengthening the trip of other passengers already assigned. If several
trailers are suitable for a passenger, the choice of one of them must be based on a
specific criterion. We compare the two main criteria introduced earlier, CTT based
on incoming passenger travel time and CSUM based on the remaining travel time of
all passengers assigned to the trailer, in their constrained and unconstrained forms.

When M-end is the active path modification policy, the constrained and uncon-
strained forms of the criteria induce the same decisions. Indeed, as the existing
path cannot be modified, the constraints related to travel time prolongations
are always met. The results show that the difference between CTT and CSUM is
negligible. With M-insert as the active path modification policy, the constrained and
unconstrained forms of the criteria provide different outcomes. Their comparison
is presented in Figure 4.14.
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Figure 4.14: System’s performance for the two different selection criteria in their
constrained and unconstrained forms.

The service rate is slightly better, yet not very significantly, when CTT is
unconstrained. This results however in a large increase of the mean excess time. The
same large mean excess time is observed with criterion CSUM in an unconstrained
form. The constraints, when applied to CSUM, seem to cut the trailers and insertions
that do not favor a better level of service as CSUM-cons performs in a superior
way in both principal performance measures compared to CSUM-uncons. In their
constrained forms, simulation results exhibit no difference between CTT and CSUM.
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Influence of announced travel time estimations

In the assignment process and announced travel time calculation, extra slack is
introduced to allow trailers to detour from their current path to pick-up new
passengers. Extra buffer duration is added to ensure that the travel time announced
by the operator is fulfilled. Nine combinations of these durations are considered
with slack = {0%, 20%, 40%} and buffer = {0%, 10%, 30%} and compared in Table
4.4 in a case with 60 trailers, namely as many as the number of platforms in
the system. The left part of the table presents the service rate while the right
part shows the extra travel time percentage relative to the travel time announced
by the operator at assignment.

Mean service Buffer % Mean % Extra vs. announced Buffer %
rate 0% 10% 30% travel time 0% 10% 30%

Slack 0% 91% 89% 84% Slack 0% 39% 26% 8%
% 20% 86% 84% 63% % 20% 16% 8% -3%

40% 78% 63% 53% 40% 1% -3% -12%

Table 4.4: Service rate percentage and mean extra travel time percentage traveled
compared to the travel time announced by the operator with 60 trailers and for different
slack and buffer duration values.

Because of the opt-out model specifications, service rate decreases with both
slack duration and buffer duration increasing, as expected. To obtain a satisfactory
extra travel time percentage difference compared to the announced travel time,
i.e., close enough to 0%, either the buffer time or the slack time need to be large
enough. Indeed, the larger one of those two durations, the larger the opt-out
value and therefore the easier it is to respect the traveling passengers’ announced
time. Also, in the case of a large buffer time, it is easier to ensure that the
announced travel time is met.

Influence of station capacity

In all results presented so far, station capacity was considered uniform among
stations. However, this configuration is arbitrary. Simulation allows to test different
platforms distributions. Presumably, station-specific capacities may improve the
system, notably by reducing empty trailer travel time and relocation needs. Two
other platform repartitions have been tested and are described hereafter. For a
fair and meaningful comparison, the total platform budget remains fixed to 60
platforms over the whole system for all investigated platform distributions. All
three platform distributions are presented hereafter in Table 4.5.

The first platform repartition distributes station capacities proportionally to
passenger demand rate intensities, although it keeps at least one platform per
station. The second platform repartition is calculated based on the output of
previous simulations. Specifically, we run a batch of simulations in a case where
station capacity is unlimited and monitor the number of vehicles parked at each
station through time. Based on this outcome, we assign among all stations the
budget of 60 platforms such that the total time spent by trailers over capacity
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Station ID Uniform Demand-based Simulation-based
1 3 8 4
2 3 8 4
3 3 3 2
4 3 3 3
5 3 1 2
6 3 1 2
7 3 6 13
8 3 2 2
9 3 3 2
10 3 3 2
11 3 2 2
12 3 2 2
13 3 4 2
14 3 2 2
15 3 2 2
16 3 1 2
17 3 1 2
18 3 2 3
19 3 2 4
20 3 4 3

Table 4.5: Repartition of platforms among stations for the uniform, demand-based and
simulation-based distributions.

is minimized using a simple optimization problem described in Appendix C. The
obtained distribution is based on a case where RO-30 is the selected route set and
when there are as many trailers as platforms in the system, i.e., 60.

In spite of the dissimilarity between the three platform distributions, the
differences between them are unnoticeable in terms of mean excess time and empty
trailer travel time. With respect to service rate, only the simulation-based platform
distribution’s case serves 1 to 3% less passengers than the two others, depending on
the trailer fleet size. A plausible explanation for this result is that the accumulation
of vehicles at stations is very well managed by the relocation policies, as seen in
Subsection 4.6.3. Thus, the interest of finding a good repartition of platforms
remains limited. A neighborhood search using the simulation as an evaluation
tool, namely a simulation-based optimization approach, could be devised to try
to find a more suitable distribution of platforms, although directing the search
towards good regions of the solution space might be difficult because of the many
interactions in the system. Furthermore, finding better solutions is highly uncertain
because of the strength of the relocation policies.

4.6.4 Practical insights
The results presented have highlighted the elements that are essential for the
good working order of the system and eventually provide the users with the best
service: (i) relocation is indispensable for trailer and station management; (ii)
an adapted route plan has a big impact on the system’s performance; (iii) when
selecting a trailer to assign a passenger to, the travel times of already assigned
passengers have to be taken into account; (iv) some slack and buffer time is
necessary for the operator to fulfill the announced travel times. However, the
outcomes of the simulation experiments remain inconclusive for part of the policies
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investigated in the configurations considered: trailer pool selection, assignment
order and path modification type.

The base test configuration introduced at the beginning of Section 4.6.3 rep-
resents one of the best combinations of policies and system parameters in terms
of aggregate system performance. To deepen the understanding of the system’s
performance and capabilities, additional key point indicators are presented for
this specific configuration.

First, as we assume that the operator announces an expected arrival time at
destination to the passenger, passenger satisfaction will be strongly connected to
the meeting of that deadline by the operator. For a case with 60 trailers, the
distributions of the difference between the real arrival time and the announced
arrival time in absolute and relative value are given in Figure 4.15.
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Figure 4.15: Distribution of the difference between real arrival time and announced
arrival time in absolute and relative value (with respect to the announced travel time).
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In absolute values, no passenger is delayed more than 20 minutes compared to
their announced arrival times. Only a few of them are delayed by 15 to 20 minutes
while the majority of passengers incur delays smaller than 3 minutes. Nevertheless,
if we consider the delay incurred relative to the announced travel duration, a non-
negligible portion of users see their final travel time doubled compared to what was
announced to them. The slack and buffer durations provide a simple and relatively
efficient way for travel time estimation. Knowing if passengers will effectively stick
with the system in the presented conditions requires a more advanced behavioral
model. Also, the travel time estimation calculations made by the operator rely
on very simple assumptions and could be improved by considering more advanced
and complex travel time estimation models.

Second, we analyze the effective sharing patterns in the system. The distribution
of trailer occupancy when trailers are serving passengers (i.e., not parked in stations
or under relocation) is shown in Figure 4.16 for the entire simulation period
and for the peak-hour period.
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Figure 4.16: Distribution of trailer occupancy when trailers are providing service to
passengers in the base test configuration with 60 trailers for the entire simulation duration
and for the peak-hour period.

When providing service to users (i.e., with at least one passenger on board),
trailers travel at least two-thirds of the time with only one passenger on-board.
When the number of trailer increases, the effective sharing duration, i.e., the amount
of time where the trailer contains more than 1 passenger, decreases. Independently
of the fleet size, the percentage of time for different occupancy values decreases
with the number of passengers on board. Sharing is more frequent during peak
hours when demand intensity is at its highest because more passengers can be
grouped together towards the same destinations. In particular, the time spent in
high-sharing levels, i.e., 4, 5 or 6 passengers, is tripled as compared to the entire
simulation time. Nevertheless, sharing remains quite limited overall.
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4.6.5 Additional considerations
In this final subsection, we describe two hypotheses that may explain the following
properties observed in the simulation analysis: (i) insignificant differences between
various policy settings for trailer pool selection, assignment order and path modifi-
cation; (ii) sharing is limited, even during peak-hour periods. These conjectures
relate to the features of the case study, the system’s operating principles and the
behavior of users with respect to opt-out.

First, the origin-destination matrix used in the case study is particularly sparse
and concentrates most of the demand on a very specific region of the network, i.e.,
stations 1 and 2. As a matter of fact, the lead vehicle routing problem provides
a specific route that covers these two OD pairs as they represent almost 30% of
the demand. Therefore, when a trailer provides service to passengers with such
ODs, it is generally filled with more than one passenger at a time. As the distance
between the two stations is very small, trailers will have high occupancy only for
small amount of times. The rest of the demand concerns OD pairs that are further
apart. As a consequence, trailers are less full for larger amount of times. Both
circumstances contribute to shift the trailer occupancy time distributions towards
low values, although the system still makes use of its sharing capabilities.

Second, the opt-out behavior that was defined, the network features and the
synchronization requirements between lead vehicles, trailers and stations may act
against a higher level of service and improved trailer sharing. As the speed of the
lead vehicles is limited to 20 km/h and the distances in the network are short, the
gain of time obtained by using the system instead of walking is seldom substantial.
This is again perfectly illustrated by the fact the largest ODs in term of demand are
only 300 meters apart. As a consequence, opting out easily becomes a competitive
option when the proposed itinerary is not direct or fast enough. Also, an additional
stop for a trailer on its path implies a minimum 67 seconds delay for parking
maneuvers, synchronization with lead vehicles and allowing alighting as well as
boarding of passengers. The magnitude of this delay is not small compared to the
walking durations between any pair of stations, especially the ones exhibiting the
highest demands. In addition, this delay does not take into account the time the
trailer will have to wait for a suitable lead vehicle to pass by its current location
station. As a consequence, trailers are unlikely to make detours and extra stops
that do not present an advantage for already assigned passengers, decreasing the
opportunity for sharing and better service levels.

To check these hypotheses, a new set of simulation experiments are run in which
the walking speed of users is divided by two. This extends both the maximum
waiting time before assignment and the maximum announced arrival time for every
user. Equivalently, it can be seen as a doubling of the distance between stations.
In this setting, more users will travel, especially in the cases with a low number
of trailers, and sharing will be encouraged. When associated with a high enough
slack duration, this should also permit the trailers to do more detours to pick-up
and drop-off passengers. Therefore, slack duration is taken as the largest value
tested so far, i.e., 40% and buffer duration is equal to 10%. For other policies and
parameters, they coincide with the base test configuration introduced earlier. As
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expected, service rate improves when the opt-out policy is relaxed. With as few
as 24 trailers in the system, 3 over 4 passengers are now served. A 90% service
rate is reached with 42 trailers and keeps on slowly improving as the number
of trailers increases. Compared to the initial case study, the mean excess time
increases by 10 to 70 seconds depending on the trailer fleet size. Precisely, it
decreases as a function of the number of trailers in the system: the larger the
number of trailers, the smaller the increase.

In this new set of simulation experiments, the observed system performance is
different depending on the trailer pool from which trailers that are selected whereas
the initial case study remained inconclusive with respect to that matter. When
selecting a trailer, considering the trailers that are planned to stop at a station, i.e.,
the ones belonging to trailer pools P3 and P4, improves the service rate, notably
when the number of trailers is low. Detailed service rate values for each trailer
pool and each trailer fleet size are shown in Table 4.6.

Considered trailer pool
Number of trailers P1 P2 P3 P4

24 68% 68% 78% 79%
42 85% 84% 92% 93%
60 92% 92% 97% 97%
72 95% 95% 98% 98%
90 98% 97% 99% 98%

Table 4.6: Service rates observed for different trailer pools and total number of trailers
when the assumed passenger walking speed is divided by two.

The mean excess time is not shown as it has the same value across the different
trailer pools. Nevertheless, this means that the extra passengers that are successfully
served with trailers that are expected to stop are as well served as the others and
do not impair the system performance. The results obtained in this new set of
experiments remain inconclusive with respect to the other policies, namely path
modification type and assignment order. With caution, it can then be inferred that
the various options tested for these policies have the same impact on the system
performance, independently of the opt-out characteristics.

Regarding the occupancy of trailers during passenger service, i.e., when they are
neither parked in station nor traveling empty for relocation, a new set of histograms
is presented in Figure 4.17.With a halved walking speed, sharing is more widespread.
The percentage of serving time where the trailer contains more than 1 passenger
is now larger than 50% in any case. With 24 trailers, the percentage of trip time
with only one user on board is even the smallest. It is however clear that to secure
high service rates, i.e., larger than 90%, trailers, when providing service, need to
spend a substantial amount of time with only one passenger on board.
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Figure 4.17: Distribution of trailer occupancy when trailers are providing service to
users for the base test configuration with 24, 42 and 60 trailers, for the entire day and for
the peak-hour period, when the assumed passenger walking speed is divided by two.
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4. Operational analysis of an innovative semi-autonomous on-demand
transportation system

4.7 Summary
In this chapter, we have described in details the operational problem for an innovative
semi-autonomous transportation system, the MuLPeTS. Contrary to many systems
that plan to use autonomous vehicles, this system is technologically ready and
respects current traffic regulations, allowing potential immediate implementations.
The three layers of entities to be routed or assigned in the system define a unique and
original pattern that greatly complexifies its management. Based on our analysis
and understanding of the system, we have identified the similarities and differences
that the MuLPeTS shares with other transportation systems. Then, we have defined
precisely the operational management problem for the MuLPeTS and provided a
solution approach in two main steps that permit to route lead vehicles, build a path
for trailers and assign passengers. First, the lead vehicle routes and the number of
lead vehicles to be appointed to each of them are statically fixed by a mixed-integer
linear program that explicitly considers the extra time due to transfers. Second, the
movement of trailers and the assignment of passengers are dynamically determined
as requests are placed by new incoming passengers. Several decision policies are
conceived and examined with various system parameters. Tests are conducted
through an extensive simulation study on a real-world case study within a purpose-
built simulation framework that reproduces the system’s features and regulations.
The simulation outcomes demonstrate its advantages and drawbacks, providing
insights for an adequate dimensioning and operational design of the service.

Results highlight the crucial role of relocations in the good working order of
the MuLPeTS. Also, the formulated lead vehicle routing problem outputs sets
of routes and frequencies that notably improve the performance of the system
compared to other lead vehicle route plans conceived by the operator. The test of
different criteria for trailer selection has highlighted the importance of taking into
account the journeys of passengers already assigned. For the rest of the policies
considered, no differences between the various options and parameters tested could
be highlighted for the investigated case study. A more in-depth examination of the
service characteristics has shown that trailer sharing remains limited, even with
the highest demand intensity. New experiments were run in which the assumed
behavior of users is relaxed to facilitate and increase successful passenger assignment
possibilities. In this setting, trailer sharing is largely boosted and differences in
performance between certain policy features emerge.
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5
Conclusion

In this concluding chapter, Section 5.1 revisits the objectives, contribution, and
main findings of this thesis. Next, Section 5.2 identifies precise research directions
related to each of the studies presented while Section 5.3 concludes the present
thesis by proposing some broader reflexions and lines of research.

5.1 Main Findings
This thesis proposes new policies for the operational management of innovative
on-demand shared mobility systems and simulation tools that permit an evaluation
of the performance of these new policies. Only dynamic scenarios are considered
where demand is revealed on-line. The research focus is set first on the well-
known and well-studied one-way carsharing systems and second on a new type of
semi-autonomous transportation system that has not been implemented yet.

Chapter 2 introduces a carsharing simulation framework conceived to be adapt-
able to a wide variety of regulations or policies an operator would like to test. It
features a set of events, that faithfully models the way the system works, and a set of
modules, that are in charge of the decisions to be made when the state of the system
changes, for instance when new requests appear or a relocating staff has become idle.
This simulator is used for policy evaluation on a simple real-world case study that
considers the transition of a round trip carsharing system to one-way operations.
Relocations are introduced and selected through a rolling horizon optimization
framework, which updates the relocating staff schedule whenever new information is
revealed to the system. The relocation staff schedule is the output of a sequence of
two optimization subproblems that decide on the set of relocation tasks to perform
and how these tasks are attributed to the staff, respectively. In an attempt to keep
users satisfied with the service in spite of the potential imbalances triggered by
one-way operations, two other regulations are considered in parallel: partial floating
and the possibility to mix long-term reservations and short-term requests. All these
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5.1. Main Findings

specificities are successfully integrated in the simulation framework. Results from a
previous work show how they benefit the system. The introduced relocation policy
notably improves the level of service and reduces vehicle accumulation at stations.

In Chapter 3, a one-way carsharing system with a distinctive reservation process,
the complete journey reservation, is introduced. At the time of booking, in addition
to choosing a vehicle, users are requested to book a spot at their wished destination
station and that spot will remain booked until the rented vehicle is dropped-
off. Relying on this specificity, a new dynamic proactive relocation algorithm is
proposed. The state evolution of a station is modeled as a Markov chain that takes
into account reservation information as well as historical transaction patterns to
estimate quantitatively the expected demand losses in the near future at this station.
Relocations are then selected and performed as to minimize the future demand
loss. The Markovian Estimation algorithm is compared to a dynamic reactive
inventory-based policy (OVOS), a static centralistic full-knowledge model that
incorporates some of the specificities related to the complete journey reservation
feature and to a benchmark no relocation case. The results of two field experiments
conducted in collaboration with the Grenoble carsharing system and the outputs of
an extensive simulation experiment using the simulation framework from Chapter 2
have highlighted the superiority of the Markovian policy. It was also demonstrated
that dynamic policies with partial knowledge of the demand can already reach a
high level of service and that the performance gap between these and a model with
full and perfect knowledge of demand requests remains limited.

Finally, Chapter 4 has considered a new type of semi-autonomous transportation
system, the MuLPeTS. In this system, two different types of vehicles, lead vehicles
and trailers, are necessary to move passengers from their origin to their destination
stations. Trailers are autonomous vehicles that can travel on their own in dedicated
zones where the infrastructure can deal with autonomous driving. However, they
have to join convoys led by human-driven lead vehicles in other areas due to legal
restrictions and technological limitations. Passengers perform their trip inside one
trailer from origin to destination; this trailer may follow successive lead vehicles
to reach the required locations and stop at several stations en route, picking up
new passengers and dropping off others. This particular operational setting greatly
complexifies the running of the system as three entities have to be routed over the
transportation network, instead of less than two in most transportation systems. The
system characteristics have been clearly identified and the operational problem fully
defined. A complete and readily implementable solution approach for operations
management has been presented. The proposed framework consists in two main
steps: (i) a fixed and static routing for the lead vehicles, obtained as the output of
an adapted line planning mixed-integer linear program and (ii) a dynamic pathing
of the trailers and a dynamic assignment of passengers using a set of policies and
on-line heuristics. A custom-built simulator was developed and used to evaluate the
performance of the management framework on a case study based on real-world data.
Results have helped identify the management policies most relevant in our solution
approach, the parameters that have a crucial impact on the system’s performance
and the limitations of the case study considered.
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5.2 Future research directions
The simulation framework presented in Chapter 2 has been enhanced and reused
in three other studies over the past 3 years (Boyacı and Zografos, 2019; Boyacı,
Zografos, and Geroliminis, 2017; Stokkink and Geroliminis, 2020). The relocation
policy designed for the Nice case study is limited by the difficulty to define a smart
and sensible ideal distribution for vehicles at any given time. Various methods have
been successfully applied to find adapted initial inventory levels for bike-sharing
stations (Datner et al., 2019, Raviv and Kolka, 2013). Although transferring these
methods to another type of vehicle-sharing system is straightforward, the complexity
in that task for the problem considered here may arise from the dynamic nature of the
relocations: not only one but several ideal time-dependent distributions would have
to be defined in the case study presented in this thesis. The system scale and station
capacities are also different, which may make the methods less robust and efficient.

Regarding Chapter 3, the presented model could also be used to direct user-based
relocations, namely dynamically redirect users to stations that would most strongly
benefit from the pick-up or drop-off of a vehicle to decrease their future expected
demand loss. The Markovian Estimation policy would have to be integrated within
well calibrated incentive procedures that encourage users to reserve at the stations
that would be the best from the operator’s point of view. Such an approach is
featured in Stokkink and Geroliminis (2020). One step further, both dynamic
relocation and incentive procedures could be combined to synergistically improve
the performance of the system. Technically, the two dynamic relocation policies
presented, OVOS policy and the Markovian Estimation policy, currently suppose
that the complete journey reservation regulations imposed to users are also imposed
to the relocation staff. In particular, relocators are required to reserve vehicles and
parking spots before starting their relocation journeys. In some scenarios, this may
lead to cases where rejections occur because the current resources are reserved by
relocators. Furthermore, by applying complete journey reservation to relocators,
two consecutive tasks are decided upon simultaneously, namely, a movement and
a relocation. By relaxing the reservation requirement for the relocators, more
flexibility may be introduced, permitting a more frequent reevaluation of relocation
decisions that may potentially lead to an improved level of service.

The system considered in Chapter 4 introduces a new type of problem in
transportation. As MuLPeTS have been rarely researched before, the investigations
led in this thesis are exploratory. Many directions for future research can be drawn,
four of them are described next. First, new dynamic trailer pathing and passenger
assignment policies should be explored to improve the results obtained with the
current solution approach. For instance, the relocation station selection algorithm
could consider a different logic in the calculation of the supply and demand values
that are compared to select the most promising relocation destinations. Second, the
proposed lead vehicle routing problem simplifies the system’s behavior as it removes
the intermediate trailer layer and considers in the objective a direct travel time
between any two stations. However, the system is in essence collective; consequently,
the further apart two stations are, the likelier a trailer traveling between the two will
stop at another station in between. To provide a more accurate way to decide for
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lead vehicle routes, we plan to extend the existing model or define a new approach to
also approximate and take into account the excess time incurred by a passenger due
to trailer availability, trailer transfers and potential intermediate trailer stopping
on the way. Third, for the system to be different from a taxi service, the occupancy
of trailers and lead vehicles need to be significantly larger than one. As seen for the
case study in the last section of the results, this happened only during the peak
hour with a more intensive demand and when the opt-out parameters were strongly
relaxed. Therefore, the system may not be the most adapted to the situation
studied here. Future research should then look for network configurations and
demand patterns that are compatible with the capabilities and constraints of the
system. Therefore, we plan to test our approach over more complex networks with
various demand patterns. In general, as the system is recent, new case studies
should be considered, preferably related to potential real-world implementation
locations. Fourth, this study has focused on technical aspects and ways to operate
a system with innovative features. To completely assess the system’s interest, an
extensive cost-benefit analysis has to be conducted. Indeed, the use of autonomous
trailers allows to hire less drivers than comparable systems using small capacity
vehicles, albeit the autonomous trailers and lead vehicles may be more expensive to
purchase. Also, the only available alternative to passengers was walking. For a fair
and more interesting economical (as well as operational performance) analysis, this
comparison should be supplemented with other alternatives, such as public transport
or a taxi service having a limited fleet size. For the comparison to be complete,
the cost of setting up the systems, maintaining their fleet and infrastructure will
have to be considered alongside the daily operational costs.

5.3 Reflexions
This thesis has presented studies that have all been led in partnership with the
transport industry, attempting to bridge academic research and real-world problems
met by operators on a day-to-day basis. Transferring knowledge between those two
worlds is fundamental as the academic world sometimes neglects factors that are of
high importance in system operations while practitioners are not always aware of
the bustling advancements of research. Going on the field has to be an objective for
academic researchers as this is the ultimate test zone for algorithms and methods.
Also, the industrial field is not the only one academics should invest. As a matter
of fact, policy decisions are generally lagging behind the progress of technology,
delaying the advent of more efficient and safer solutions.

Research has shown that achieving a very high-level of service in on-demand
shared mobility systems is difficult and pricey. In the case of car-sharing, even
complex models with full information, like in Boyacı, Zografos, and Geroliminis
(2015), may not serve every passenger placing a request. In a dynamical setting,
where decisions need to be taken faster, the level of service is necessarily even worse.
Improving it with staff-based relocations is costly even though the use of historical
data increases the investment returns compared to uninformed policies, as shown in
Chapter 3. Maintaining a good level of service is essential for keeping customers
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loyal and ensure the sustainability of a transportation system in the long run. If the
amount of customers continuously traveling with a system is too limited to cover all
of the system’s expenses, the system will ultimately be dismantled. The trade-off
between the operator’s benefit and the users’ satisfaction has been identified as
key in the success of any transportation system. Therefore, modeling realistic
supply-demand interactions for each type of service is crucial and, as such, has
already been largely considered by the transportation research community. Critical
questions remain: what makes a customer loyal to a transportation service? How
does a refusal or an unfulfilled trip request impact the consideration of old and new
transportation alternatives for trips in the future? In other words, understanding
and predicting future mobility choices with respect to customers’ past experiences
is a very complex but central question that requires answers as perfect service
cannot be reached. Until now, the main approach to keep unprofitable but essential
transportation systems running at an attractive level of service for users was
government funding. The emergence of MaaS and the plethora of new on-demand
shared mobility services appear as a potential second solution to that matter as
users have now at their disposal a portfolio of transportation services that may
replace one another, should one of them fail. Services can then be dimensioned to
provide service corresponding to their resources as long as the entire MaaS offer
provides an overall satisfactory level of service. The complementarity of the different
services is also an interesting feature of MaaS. It can indeed offer the right service for
the right person in the right situation with very high coordination between different
alternatives, allowing for the smartest allocation of transportation resources possible.
With the multitude of emerging services in on-demand shared mobility, ways to
incentivize users to choose the most adequate travel option must be considered and
explored as inadequate sharing behaviors risk failing the upcoming transportation
revolution and worsen the current situation.
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A
Examples of input files for the carsharing

simulation framework

This appendix presents an example set of input files required for the carsharing
simulation framework presented in Chapter 2. The input presented features a
hypothetical network located in Lausanne with three stations and nine electric
vehicles of two types. Two of these vehicles are assigned to round trip service
while the others are assigned to one-way service. All files are tab delimited in their
layout. The content of the appendix is not exhaustive as some additional input
files may be needed when different policies as introduced such as the Markovian
Estimation policy from Chapter 3.

Station file

The station file contains in successive columns: the ID of the station inside
the simulation, its name, its address, its location in terms of longitude and
latitude and the relevant capacities per spot type, one-way (1-way_cap) and
round trip (2-way_cap).

RealID Name Address Lon Lat 2-way_cap 1-way_cap extra_cap
0 EPFL Route Cantonale, 1015 Lausanne 46.521091 6.565656 0 4 50
1 Ouchy Place de la Navigation, 1006 Lausanne 46.506981 6.626351 2 4 0
2 Flon Place de l’Europe, 1003 Lausanne 46.520476 6.630477 0 4 0

Distance file

The distance file contains a matrix giving the metric distance between two stations
when driving. It is used for modifying battery levels for relocation trips.

Dist X EPFL Ouchy Flon
X X 0 1 2
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EPFL 0 0 6000 6300
Ouchy 1 6000 0 2500
Flon 2 6300 2500 0

Move time file

The move time file contains a matrix giving the travel time between two stations
when relocators move without a vehicle between them. In this example, as stations
are located far away from one another, cycling time is taken as the move time.

Move X EPFL Ouchy Flon
X X 0 1 2
EPFL 0 0 1080 1620
Ouchy 1 1200 0 1080
Flon 2 1140 540 0

Driving time file

The move time file contains a matrix giving the travel time between two stations
when relocators drive a vehicle between them.

Drive X EPFL Ouchy Flon
X X 0 1 2
EPFL 0 0 660 840
Ouchy 1 660 0 480
Flon 2 900 480 0

Personnel definition file

The personnel definition file contains the list of personnel, detailing their IDs
in simulation and real names.

RealID Name
P1 Martin
P2 Claudia

Personnel shift file

The personnel shift file defines all shifts worked by every personnel from the personnel
list defined by the personnel definition file at each run of a simulation. The start
and end times of the shifts as well the starting and ending points have to be given.

RealID WorkStartStation WorkStartTime WorkEndStation WorkEndTime
P1 14 25200 1 72000
P1 14 111600 1 158400
P1 14 198000 1 244800
P1 14 284400 1 331200
P1 14 370800 1 417600
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P1 14 457200 1 504000
P1 14 543600 1 590400
P1 14 630000 1 676800
P1 14 716400 1 763200
P1 14 802800 1 849600
P2 14 25200 1 72000
P2 14 111600 1 158400
P2 14 198000 1 244800
P2 14 284400 1 331200
P2 14 370800 1 417600
P2 14 457200 1 504000
P2 14 543600 1 590400
P2 14 630000 1 676800
P2 14 716400 1 763200
P2 14 802800 1 849600

Vehicle definition file

The vehicle definition file defines all information related to the vehicle, i.e., their
identification number (VIN) which is used in simulation, their types and the
type of service they offer, one-way (O) or round trip (T). When a vehicle is
devoted to round trip service, the station it is always picked-up from and returned
to also has to be indicated.

VIN vType tripType station
1 Ferrari O
2 Ferrari O
3 Ferrari O
4 Ferrari O
5 Ferrari O
6 Ferrari O
7 Ferrari O
8 Tesla T 2
9 Tesla T 2

Vehicle initialization file

The vehicle initialization file contains the information required to position the
vehicles in the simulation before its start. For each vehicle, it gives the time the
vehicle appears in the simulation, the station and spot in which it appears as well
as the initial charging level of the vehicle.

VIN firstPositionTime station spotType spotOrder chargingLevel
1 0 0 O 0 100
2 0 0 O 1 100
3 0 0 O 2 100
4 0 1 O 0 100
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5 0 1 O 1 100
6 0 1 O 2 100
7 0 2 O 0 100
8 0 2 T 0 100
9 0 2 T 1 100

Vehicle type file

The vehicle type file details the charging and discharging characteristics of every type
of vehicle used in the simulation. On the one hand, discharging capabilities are taken
as a function of the distance traveled. The value given in the input file corresponds
to the maximum range a vehicle of the corresponding type can travel with a full
battery. On the other hand, charging capabilities are defined as a function of the
time spent plugged in at a charging dock. The value given in the input corresponds
then to the total time needed to fully recharge a completely empty battery.

name maxRange(km) maxChargingDuration(seconds)
Ferrari 150 5400
Tesla 500 7200

Demand file

The demand file details all information for each demand, i.e. its ID, origin and
destination, all relevant times (booking, stated start, stated end, realized start,
realized end). The input features also stated and realized distances, although the
first of the two was never used in the studies led so far. It could be used for
instance to decide if the current state of charging of a vehicle is enough to serve a
demand. The two last columns of the input relate to the type of service requested,
round trip/one-way and long-term/short-term.

RealID startingLocation endingLocation bookingTime statedRentalStart statedRentalEnd
realizedRentalStart realizedRentalEnd statedTripLength(km) realizedTripLength(km)
isOneWay isLongTerm
100045729 0 1 67080 67200 68700 67260 68820 6 6 TRUE FALSE
100029119 2 1 43200 44100 45300 44115 45625 5 5 TRUE FALSE
100044567 1 2 49020 51780 52500 52020 52423 3 3 TRUE FALSE
100018229 0 2 15360 16680 23820 16690 23777 15 15 TRUE FALSE
100027311 2 0 41820 43680 44400 43700 44395 2 2 TRUE FALSE
100028834 1 2 78900 79200 80820 79900 80750 0 0 TRUE FALSE
100031311 1 0 34440 34800 62880 34850 62620 21 21 TRUE TRUE
100047624 2 2 49440 49440 50880 49500 50950 3 3 FALSE TRUE
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Mathematical model for the
approximated upper bound

In this appendix, we describe in details the mathematical model used to derive the
approximate upper bound introduced in Subsection 3.3.3. As explained before, time
is not continuous but discretized in this model for tractability reasons. The primary
objective of the model is to maximize the number of accepted requests, subject to
flow conservation constraints of vehicles and relocators, capacity constraints, parking
and vehicle reservation constraints. The model assumes in-advance knowledge of
the customers’ requests over the planning horizon, typically, a day. In particular,
for each request the model is given its booking time, starting time and origin
station as well as ending time and destination station. The model simultaneously
decides upon all requests to be accepted along the day and the relocations to
be performed. These conditions allow the model to reject some requests even if
the corresponding resources are available at the booking times, given that this
improves the overall performance of the system. Such an option does not exist in
the on-line setting that we tested through simulation as exact information regarding
the future requests is not available.

To be consistent with the simulation conditions presented in Subsection 3.4.3,
the mathematical model is solved iteratively to replicate the effect of unbalanced
demand in consecutive days. At each iteration (i.e. each day), we serve a different
set of requests and we use the final number of vehicles at each station as the initial
number of vehicles at the next iteration.

We next define the sets, indices, parameters and variables. Further on, we
present the mathematical model with the definitions of the objective function
and the constraints.
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Sets
i ∈ I Set of requests
j ∈ J Set of stations
t ∈ T Set of time intervals

Parameters
shiftstart/shiftend Start/end time intervals of personnel working shift
book/start/end(i) Book/start/end time intervals of demand request i ∈ I.
origin/dest(i) Origin/destination stations of demand request i ∈ I
drv/mov(j, l) Total duration of a relocation/move from station j to l ∈ J
NP Maximum number of relocation personnel working simultaneously
n0
j Number of vehicles assigned to station j ∈ J at the first time interval
b0
j Number of vehicles reserved in station j ∈ J at the first time interval; here, (b0

j = 0 ∀j ∈ J)
CAPj Capacity of station j ∈ J
H Planning horizon, i.e. last time interval

Decision Variables
zi Binary variable - 1 if demand request i ∈ I is served; 0 otherwise
ntj Number of available vehicles in station j ∈ J at the beginning of time interval t ∈ T
btj Number of reserved vehicles in station j ∈ J at the beginning of time interval t ∈ T
mt
j Number of personnel in station j ∈ J at the beginning of time interval t ∈ T

rtjl Number of vehicles relocated by personnel from station j to l ∈ J starting at time interval t ∈ T
ptjl Number of personnel relocated without vehicle from station j to l ∈ J starting at time interval t ∈ T

Table B.1: Sets, parameters, and decision variables for the approximate upper bound
model.

max
∑

i

zi (B.1)
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∑
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The objective function (B.1) maximizes the number of demand requests served.
Constraints (B.2), (B.3) and (B.4) are flow conservation equations for available
vehicles, reserved vehicles and relocation personnel respectively. Constraints (B.5)
ensure the vehicles are available and waiting at the station at the time interval
before they are booked for a demand request or taken for a relocation. Constraints
(B.6) define the number of reserved vehicles at a station during time interval t. Note
that vehicles are allowed to be reserved and leave in the same interval to account
for short vehicle booking times. Constraints (B.7) postulate that the maximum
number of vehicles at any station at any time cannot be more than the capacity of
the station minus the number of vehicles headed to that station (that is, the number
of currently reserved spots). Constraints (B.8) ensure the number of vehicles at
each station at the end of the planning period is between zero and the capacity
of the station. Constraints (B.9) and (B.10) set the start and end time of the
relocators’ shift and limit the number of personnel assigned to relocation operations.
Constraints (B.11) set the domains of each variable: zi are binary variables, all
other variables are continuous and non-negative.

Unlike the dynamic policies presented in Chapter 3 and contrary to the system
regulations, the model does not consider that relocators have to book and block
the resources ahead of pick-up and drop-off time. This corresponds to a relaxation
of the rules enforced in the system and is coherent with the use of this model as
an approximate upper bound. We point out that some constraints could be easily
adapted to take into account relocators’ reservations of resources. For instance,
enforcing parking spot reservation at the destination from the point vehicles start
being relocated can be implemented by replacing (B.7) by the following set of
constraints (B.12):

ntj + btj ≤ CAPj −
∑

i:book(i)≤t
end(i)≥t
dest(i)=j

zi −
∑

(l,τ):τ+d.end(l,j)≥t
rτslj ∀j, t (B.12)

This model is adapted from the operations optimization model proposed by
Boyacı, Zografos, and Geroliminis (2017). The main differences between the
approximation model used in this work and the framework of Boyacı, Zografos,
and Geroliminis (2017) are the following:

1. Relocation cost is not considered in the model. The main aim is to maximize
the level of service.

2. In order to increase the utilization of the personnel, the constraints that
require personnel to be present at the station during the entire time interval
before the start time interval of the relocations are relaxed.

3. The number of relocation personnel is set to be constant.

4. As the studied system has a reasonable number of stations, no clustering is
performed to reduce the size of the mixed-integer linear program.
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B. Mathematical model for the approximated upper bound

5. Reservations at origin are introduced by adding a new set of variables btj and
sets of constraints. Other sets of constraints are modified to include these
new variables as well as take into account parking reservation requirements.

6. Charging level restrictions are disregarded. Therefore, it is assumed that
vehicles are always charging level feasible.

7. The safety gap constraint that restricts the minimum time between consecutive
demand requests served is relaxed.
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C
Obtaining a simulation-based platform

distribution

This appendix describes shortly how to obtain the simulation-based platform
distribution tested in Subsection 4.6.3. For each station, simulation runs output
the time spent with any number of vehicles at station, parked or queuing. By
processing these values and for each capacity value, we can obtain the total time
that trailers would then have spent out of a station if the number of platforms had
not been infinite but equal to the capacity value. The simulation-based platform
distribution is then chosen as the solution of the following optimization problem.
We first present the sets, parameters and decision variables and then the model.

Sets
S Set of stations

Parameters
K Platform budget to distribute between stations
T sk Total time that trailers would then have spent out of station s ∈ S if it had capacity 1 ≤ k ≤ K − |S|

Decision Variables
xsk Binary variable - 1 if station s ∈ S has a fixed capacity k, 0 otherwise

Table C.1: Sets, parameters, and decision variables for the simulation-based platform
distribution problem.
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C. Obtaining a simulation-based platform distribution

Formulation

min
∑
s∈S

K−|S|∑
k=1

T skx
s
k (C.1)

s.t.
∑
s∈S

kmax−|S|∑
k=1

kxsk = K (C.2)

K−|S|∑
k=1

xsk = 1 ∀s ∈ S (C.3)

xsk ∈ {0, 1} ∀s ∈ S, 1 ≤ k ≤ K − |S| (C.4)

Objective (C.1) minimizes the total time spent out of stations by trailers because of
station capacity limitations. Constraint (C.2) fixes the budget in terms of number of
platforms while constraint set (C.3) imposes that every station has a fixed capacity.
Eventually, constraints (C.4) fix the variables’ domains.
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