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Abstract

Vehicle sharing systems (VSSs) allow users to rent vehicles for a short period of time, in
a more flexible and convenient manner compared to the traditional vehicle rental
services. The long-term VSS subscription replaces the need for contract signing for each
rental, while the vehicle stations are located more frequently than the rental offices.
They are also convenient from the user perspective as they waive the fixed cost of
owning a car as well as maintaining it. Furthermore, increasing global greenhouse gas
emissions brings concerns about the mobility habits, such as inefficient usage of
personalized transportation. Therefore, the literature focuses on these systems to
optimize their operations to make them convenient for both users and operators. In this
thesis, we focus on simulation-optimization frameworks that allow us to investigate the
mutual influences between the system characteristics and operations of VSS.

We first present a generalized and holistic VSS management framework that is applicable
to a system using any vehicle type. We conduct a systematic and extensive literature
review and we position the literature in line with the framework. We also report the
possible research directions that are suggested by the authors of the reviewed papers and
the studies that address those. This allows us to identify the gaps in the literature and
interesting research avenues.

Following the findings from the extensive literature review, we investigate the added
value of data collection and demand forecasting in bike sharing systems. We design a
simulation-optimization framework to account for both supply and demand sides of the
system. In this scope, a discrete-event simulator to represent real-life is developed. We
improve an optimization model from the literature, that solves routing of static
rebalancing operations, and incorporate clustering to be able to solve large-size
instances. With the developed framework, experiments are conducted on one synthetic
with 35 stations and four real-life case studies of various sizes, with 21, 298, 681, and
1361 stations, respectively. We conclude that trip demand forecasting does not
necessarily improve the level of service in smaller-size, whereas this becomes more
significant in larger-size bike sharing systems.

Finally, we enhance the simulation-optimization framework to support one-way car
sharing systems and evaluate different rebalancing operations strategies. We also enrich
the framework with the state-of-the-art simulation module, i.e., Multi-Agent Transport



Abstract

Simulation Toolkit (MATSim), which allows us to include disaggregate demand in our
framework. This way, we can investigate individualistic behavior in car sharing usage.
The rebalancing operations are determined in the optimization module following a
heuristic approach. We observe that conducting rebalancing operations increases the
number of rentals under specific scenarios where agents follow similar activities every
day. The level of service obtained by the simple rebalancing operations strategies does

not significantly change from one strategy to the other.

All in all, we aim to aid the decision maker in taking actions for their strategic and
tactical decisions with the insights obtained in the course of the research conducted in
this thesis. Furthermore, the generated decision-making frameworks can be utilized in
different case studies and provide guidance for the decision makers when supplied with
the concrete system characteristics.

Keywords: holistic decision-making framework, disaggregate demand, vehicle sharing
system, added value of demand forecasting, added value of rebalancing operations,
simulation, optimization, multi-agent transport simulation toolkit (MATSim)
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Résumé

Les systemes de partage de véhicules (Vehicle sharing systems, VSS) permettent aux
utilisateurs de louer des véhicules pour une courte période, de maniére plus souple et
plus pratique par rapport aux services traditionnels de location de véhicules.
L’abonnement a long terme aux VSS remplace la nécessité de signer un contrat pour
chaque location, tandis que les stations de véhicules sont situées plus fréquemment que
les bureaux de location. Ils sont également pratiques du point de vue de 'utilisateur, car
ils renoncent aux colts fixes liés & la possession d’une voiture et a son entretien. En
outre, l'augmentation des émissions mondiales de gaz a effet de serre suscite des
inquiétudes quant aux habitudes de mobilité, telles que I'utilisation inefficace des
transports personnalisés. Par conséquent, la littérature se concentre sur ces systémes afin
d’optimiser leurs opérations et de les rendre plus pratiques pour les utilisateurs et a la
fois pour les opérateurs.

Nous présentons tout d’abord un cadre de gestion du VSS généralisé et holistique qui est
applicable a un systeme utilisant tout type de véhicule. Nous effectuons une revue
systématique et approfondie de la littérature et nous positionnons la littérature
conformément au cadre. Nous présentons également les directions de recherche possibles
suggérées par les auteurs des articles examinés et les études qui s’y adressent. Cela nous
permet d’identifier les lacunes de la littérature et les pistes de recherche intéressantes.

Suite aux résultats de la revue de la littérature, nous étudions la valeur ajoutée de la
collecte de données et de la prévision de la demande dans les systéemes de partage de
vélos. Nous concevons un cadre de simulation et d’optimisation pour prendre en compte
a la fois l'offre et la demande du systéeme. Dans ce cadre, un simulateur a événements
discrets est développé afin de représenter la vie réelle. Nous améliorons un modeéle
d’optimisation en nous basant sur la littérature, qui résout le routage des opérations de
rééquilibrage statique, et nous incorporons le regroupement pour pouvoir résoudre des
instances de grande taille. Avec le cadre développé, les expériences sont menées sur un
cas synthétique avec 35 stations et quatre études de cas réels de différentes tailles, avec
21, 298, 681 et 1361 stations, respectivement. Nous concluons que la prévision de la
demande de déplacements n’améliore pas nécessairement le niveau de service dans les
systemes de partage de vélos de petite taille, alors que cela devient plus significatif dans
ceux de grande taille.
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Résumé

Enfin, nous améliorons le cadre de simulation et d’optimisation afin de supporter les
systemes de partage de voitures a sens unique et évaluer différentes stratégies
d’opérations de rééquilibrage. Nous enrichissons également le cadre avec le module de
simulation de pointe, & savoir la simulation de transport multi-agent (Multi-Agent
Transport Simulation Toolkit, MATSim), qui nous permet d’inclure la demande
désagrégée dans notre cadre. Ainsi pouvons-nous étudier le comportement individualiste
de l'utilisation des systemes de partage de voitures. Les opérations de rééquilibrage sont
déterminées dans le module d’optimisation en suivant une approche heuristique. Nous
observons que la réalisation d’opérations de rééquilibrage accroit le nombre de locations
dans des scénarios spécifiques ou les agents suivent des activités similaires chaque jour.
Le niveau de service obtenu par les stratégies d’opérations de rééquilibrage simples ne
change pas significativement d’une stratégie a I’'autre.

Dans I’ensemble, notre objectif est d’aider le décideur a prendre des mesures pour ses
décisions stratégiques et tactiques a travers les connaissances obtenues au cours de la
recherche menée dans cette thése. En outre, les cadres décisionnels générés peuvent étre
utilisés dans différentes études de cas et fournir des conseils aux décideurs lorsqu’ils
disposent des caractéristiques concretes du systeme.

Mots-clés : cadre décisionnel holistique, demande désagrégée, systeme de partage de
véhicules, valeur ajoutée de la prévision de la demande, valeur ajoutée des opérations de
rééquilibrage, simulation, optimisation, simulation de transport multi-agent (Multi-agent
Transport Simulation Toolkit, MATSim)
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Introduction

1.1 Motivation

A vehicle sharing system (VSS) enables individuals to temporarily access vehicles, with the
rental cost being mainly determined by the duration and distance of the trip. Although
there are systems that offer service with different types of vehicles, bike sharing systems
(BSSs) and car sharing systems (CSSs) form the majority. These systems have gained
popularity in recent years as a sustainable transportation option, and it is claimed that
they can help reduce traffic congestion and emissions (EPA, 2021). Furthermore, these
systems take away the burden of maintenance works and insurance costs and spread these
fixed costs over several users. This makes them attractive from the user point of view not
only because it is less costly, but also because of its convenience. However, the success of
these systems depends on their ability to meet the demands of users, which requires smart
decisions at every decision level, i.e., strategic, tactical, and operational.

The history of car sharing starts with the initiative named "Selbstfahrergemeinschaft" in
Zurich, Switzerland, in 1948 (Shaheen et al., 1998), whilst the first large-scale BSS was
launched in 1965, in Amsterdam by the organization Provo. As these systems require user
identification, which was not easy at the time, they were small, local, and non-profit. It
was not until the mid-2000s that technology and urban design had progressed enough to
make vehicle sharing a viable transportation option. Today, vehicle sharing is a popular
alternative in many cities and is seen as a sustainable and convenient way to get around
for both commuting and leisure. Some CSS examples from the world include Mobility in
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Switzerland, SHARE NOW in several cities around Europe, and Zipcar in several countries
in the world including the United States. Citi Bike in New York City, Vélib in Paris, and
nextbike in several countries in Europe can be counted among the well-known examples
of BSSs. In the last decade, vehicles different than car and bike, such as e-scooters and
mopeds, are put in application in cities within a VSS framework.

One of the key requirements for a successful VSS, both bike and car sharing, is the balance
between supply and demand. On the supply side, companies that operate VSSs need to
ensure that vehicles are available at the right times and in the right places to meet the needs
of users. This can be a challenge, particularly in high-demand areas where the number
of people looking to use the vehicles may outstrip the number of vehicles available. To
address this, companies may need to invest in more vehicles or expand their operations
to new areas. They can also conduct rebalancing operations or offer incentives to users,
which would move vehicles from low-demand to high-demand areas, or from areas where
vehicles have been parked for long periods of time to areas where they are more likely to
be used.

On the demand side, vehicle sharing companies need to ensure that there is sufficient
demand for their services in their operation areas. This can be challenging as well,
particularly in areas where there are already many transportation options available such
as public transportation, ride-hailing services, and personal vehicles. To address this,
companies may need to invest in marketing and outreach efforts to educate people about
the benefits of vehicle sharing and encourage them to use it as a transportation option.
Additionally, companies may also need to work with city administrations to improve
infrastructure such as bike lanes and designated parking areas, to make it easier for
people to use their services.

Simulation-optimization frameworks are used to model and analyze complex systems and
allow for the creation of powerful tools to support decision-making. These frameworks are
commonly used in transportation systems, including VSSs. Some examples are (i) studying
the interactions between different components and configurations of the system, (ii) the
effect of the operating environment, (iii) providing insights on the system’s performance,
and (iv) identifying optimal solutions. The simulation component of the framework allows
for the representation of the system’s dynamics and can be used to generate scenarios
and evaluate the performance of different solutions under different conditions, while the
optimization component can be used to search for the best solution among a set of the
possible ones.

To effectively manage supply and demand, VSSs must also make use of disaggregate
demand data. This data provides detailed information on how, when, and where vehicles
are being used, which can be used to identify patterns in user behavior, such as where
vehicles are typically picked up and dropped off, how long they are used for, and how often
they are used. This information can then be used to optimize the deployment of vehicles,
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such as by increasing the number of vehicles in high-demand areas or during peak usage
times, and it can also be used to run simulation models to predict future demand. By
considering disaggregate demand information in a simulation-optimization framework, it
is possible to create more accurate and realistic models of the system, which in turn can
lead to more effective decisions and better performance of the VSSs.

While being able to predict demand for VSSs is important, it is not the only factor to
consider when making decisions about the operation and expansion of these systems.
Simply having accurate predictions about where and when people will want to use the
vehicles does not necessarily lead to good decisions about how many vehicles to have
in a certain area or where to place them. For example, even if a company can predict
that the trip demand will be high in a certain neighborhood, they still need to take into
account other factors such as the cost of adding more vehicles to that area, the availability
of parking, and dedicated lanes. Therefore, it is essential to take a holistic approach
when making decisions about VSSs, considering not only predictions about demand but
also the broader context in which the system operates. This approach helps the decision
maker to measure the added value of different components of the system. By comparing
the performance of different models with different configurations, the decision maker can
make a more informed decision on what components should be included in the system in
order to maximize its performance and benefit.

In the context of VSSs, there is a lack of holistic approaches and evaluation of components.
This thesis aims to contribute to this field by first constructing a holistic management
framework and then positioning the literature in line with the framework to identify the
research gaps. Later, we explore two main research directions. The first one focuses on
determining the added value of demand forecasting in BSSs, whilst the second one is
centered on evaluating different rebalancing operations strategies in CSSs. Both research
questions are tackled by a robust and comprehensive simulation-optimization framework,
which is developed within this thesis and utilizes disaggregated demand models. The
objectives and contributions of the thesis are stated in detail in Sections 1.2 and 1.3,
respectively.

1.2 Objectives

This thesis has three main objectives, which can be classified into the following categories.

1. A holistic decision-making framework: creating a holistic framework that presents
the components required for planning and operating a VSS and their relations;
conducting a systematic literature review and determining the framework
component that each work is related to; systematically identifying the research
gaps in this field.

2. Simulation-optimization framework: designing an algorithmic framework that is
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capable of handling disaggregate demand data and rebalancing operations in BSSs

and CSSs.

3. Applications: testing our framework on both synthetic and real-world scenarios to
showcase their capabilities; examining how factors such as the characteristics of a
city, the design of the VSS, and user behavior impact the financial success of VSSs.

1.3 Contributions

As per the objectives outlined above, this thesis summarizes its main scientific
contributions as follows:

1. A holistic decision-making framework:

(a) We create a comprehensive framework in which we incorporate all planning and
management tasks that are essential to VSSs.

(b) We conduct a thorough and systematic literature review on VSSs that outlines
the management challenges that must be tackled in VSSs.

(c¢) By positioning the literature review within the context of the framework, we
reveal the areas where further research is needed.

2. Simulation-optimization framework:

(a) Following the findings of the holistic framework, we develop a
simulation-optimization framework to assess the added value of demand
forecasting in BSSs, where demand is modeled at a disaggregate level and
rebalancing operations are conducted according to an optimization algorithm.

(b) We propose an iterative framework to evaluate different rebalancing operations
strategies in CSSs by utilizing a multi-agent transport simulation to account
for disaggregate demand and user behavior.

3. Applications:

(a) We create one synthetic data set based on a real system, compile two and utilize
further two real-life BSS data sets that are different in city characteristics.

(b) We demonstrate the capabilities of the utilized models and developed
frameworks and how they can be used to support decision-making processes of
BSS and CSS operators while optimizing objectives such as profitability and
level of service. We derive conclusions on under which conditions precise trip
demand forecasting and rebalancing operations are essential.

(¢c) We analyze the difficulties of using an existing disaggregate simulator, such
as the Multi-Agent Transport Simulation Toolkit (MATSim) and car sharing
APT of MATSim, and provide a section for a fast start in understanding the
dynamics of the toolkit.
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Additionally, the implementation details of the methodological contributions are either
already made available on Github (https://github.com/s-atac) or will be made available
following the publication of the corresponding chapter.

1.4 Outline

We outline the thesis structure as follows.

Chapter 2 identifies that the management challenges and optimization problems to be
solved in different types of VSSs are similar or even the same. This observation leads
us to create a generalized and holistic VSS management framework, which aims to be
applicable to the system using any vehicle type. The framework components, their mutual
relationships, and framework tasks have been identified through a thorough and systematic
literature review. Furthermore, the literature is positioned in the line with the framework.
Finally, the framework and systematic literature review allows us to identify gaps in the
literature, and interesting research avenues.

This chapter is based on the following article:

Atag, S., Obrenovié, N., Bierlaire, M. (2021). Vehicle sharing systems: A
review and a holistic management framework. EURO Journal on
Transportation and Logistics, 10, 100033.

Chapter 3 strives to find the answer to whether it is worth collecting data and developing
trip demand forecasting models in BSSs. To do that, we create a discrete-event simulation
of a city BSS in operation during the day. Then, using a mathematical model from the
literature, we assess the rebalancing costs under two scenarios: one where we assume the
perfect demand forecast, and the other where the future demand is unknown. By this way,
we determine the trade-off between the lost demand and the rebalancing cost under the
mentioned scenarios, and assess the benefit of forecasting the demand. Then, we conduct
experiments on one synthetic and four real-life case studies which are different in sizes.

This chapter is based on the following two conference proceedings:

Atag, S., Obrenovié, N., Bierlaire, M. (2020). Vehicle sharing systems: Does
demand forecasting yield a better service?. In Proceedings of the 20th Swiss
Transport Research Conference, Ascona, Switzerland.

Atag, S., Obrenovié, N., Bierlaire, M. (2021). A multi-objective approach for
station clustering in bike sharing systems. In Proceedings of the 21st Swiss
Transport Research Conference, Ascona, Switzerland.
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Chapter 4 proposes a simulation-optimization framework that compares different
rebalancing operations strategies in one-way station-based CSSs in terms of level of
service. The simulation module utilizes MATSim whilst the rebalancing operations are
determined in the optimization module. The framework allows us to explore the different
uncertainties that can occur in the system, such as fluctuations in trip demand, thanks
to the MATSim. In addition, MATSim allows us to use and analyze disaggregate trip
demand and derive conclusions based on car sharing usage such as trip purpose. The
results of the framework help the operator to better analyze the system and determine
the best rebalancing strategy under different scenarios. We experiment on a synthetic
case study and present results for several different system configurations and user
behaviors.

Part of the work contained in this chapter is accepted for publication in Operations
Research Proceedings.

Atag, S., Obrenovi¢, N., Bierlaire, M. (To appear). A general framework to
evaluate different rebalancing operations strategies in one-way car sharing
systems. Accepted for publication in Operations Research Proceedings.

Chapter 5 concludes this thesis by providing a comprehensive discussion of the main
findings and discusses some potential ideas for future research.



Vehicle sharing systems: A review and a holistic
management framework

This chapter is based on the article

Atag, S., Obrenovié, N., Bierlaire, M. (2021). Vehicle sharing
systems: A review and a holistic management framework. EURO Journal

on Transportation and Logistics, 10, 100033.

The work has been performed by the candidate under the supervision of Prof. Michel
Bierlaire and Res. Assoc. Nikola Obrenovié.

2.1 Introduction

A vehicle sharing system (VSS) offers users to rent vehicles for a short period of time.
The price of the trip is generally determined according to its duration and length. The
majority of existing applications of this service include car sharing systems (CSSs), electric
CSSs (eCSSs), and bike sharing systems (BSSs). Some recent applications also include
autonomous connected electric vehicle (ACEV)-based CSSs and electric light vehicles,
i.e., personal intelligent city accessible vehicle (PICAV) sharing systems, moped sharing
systems (MSSs), kick scooter sharing systems (SSSs), and light electric vehicle sharing
systems (LEVSSs). This type of shared mobility is becoming more and more popular due
to both financial and environmental effects. On the other hand, they face many challenges,
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such as inventory management of vehicles and parking spots, imbalance of vehicles, pricing
strategies, and demand forecasting. If these are not addressed properly, the system may
experience a significant loss of users and therefore revenue.

The idea of sharing vehicles arose in the late 1940s with cars. The first known CSS,
Selbstfahrergemeinschaft, was initiated in Zurich, Switzerland, in 1948 (Shaheen et al.,
1998). The idea came up again in the early 1970s. Some examples were Procotip, which
was initiated in France, in 1971, and Witkar, initiated in 1973, in Amsterdam. However,
these particular applications did not last long and disappeared.

As for CSSs, Amsterdam also pioneered the BSSs. The first BSS was introduced in 1965
by the organization Provo. The organization distributed 50 bikes throughout the inner
city and left them for free use. These bikes were identified with their white color, and they
were left unlocked. Despite the environmental objectives of the organization, the system
was abused, and the thefts and damages could not be prevented (Shaheen et al., 2010).
With the technological and operational improvements, now it is easier to identify users and
secure bikes. Midgley (2011) analyzes these improvements in five different generations that
caused change in the operation of BSSs. Although these first initiations were mostly based
on the economic and environmental reasons, profit-based companies saw the opportunity
in these systems and invested money.

The first sharing system that uses a vehicle different from cars and bikes started with
mopeds. The company Scoot launched an MSS at the beginning of 2012 in San Francisco
with 10 vehicles and expanded to 50 through the end of the year (Lawler, 2012). In
2017, the first sharing system using electric kick scooters was launched in Santa Monica,
California. The company Bird announced that 10 million rides were done in the first year
of application (Bird, 2018). In 2018, a start-up named ENUU launched a new type of VSS
that uses light electric vehicles in Switzerland. Later, another company named Getaround
deployed similar vehicles in Rotterdam (Getaround, 2019).

VSSs are not only profitable from the operator perspective but also for the users since it
is less costly than owning the vehicle. For instance, the costs of parking, fuel, insurance,
and maintenance are all included in the price of the usage. It also allows to use the system
occasionally rather than on a daily basis. According to Bates and Leibling (2012), a study
concerning the UK shows that an average car is in use only 3-4% of the time. It is parked
the rest of the time, i.e., 96-97%. Another study conducted by Shoup (2011) also points
out that this proportion is 95%. These findings further encourage users to share a vehicle
for both environmental and convenience perspectives.

A VSS has several kinds of configurations. These can be characterized by

e the type of trips offered: return trip or one-way,

e the imbalance management strategy: user-based, static staff-based, or dynamic
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staff-based,
o the pricing strategy: fixed or dynamic,

e the parking organization: station-based or free-floating.

In return-trip configuration, the user is requested to return the vehicle to the pick-up
location. This is not imposed in a one-way system, which is therefore more flexible for the
users.

One-way systems suffer from imbalance since vehicles tend to accumulate in some
popular destinations. Consequently, it generates shortage of vehicles in other locations.
The operator must therefore rebalance the fleet. It can be done by providing incentives
to users, i.e., user-based rebalancing, in order to reduce the imbalance. It can also be
done by the staff, who can either drive each vehicle to a desired location or use trucks to
move vehicles around. We refer to these trucks as rebalancing trucks and to shared
vehicles as vehicles throughout this chapter. Staff-based rebalancing can be further
divided into two categories: static and dynamic. Static rebalancing is done when the
system is closed, generally during the night, every day. Dynamic rebalancing, on the
other hand, is flexible and executed throughout the day. We see two applications of
dynamic rebalancing operations, i.e., offline and online. In the former, the demand
knowledge is assumed to be known in advance and the rebalancing operations that will
take place throughout the day is calculated once at the beginning of the day. It is not
updated during the day even though more information might become available. On the
other hand, online rebalancing is reactive to the updates during the day. The routing
decisions can change.

Pricing incentives are proposed to the users to promote user-based rebalancing. These
incentives are usually implemented using a dynamic pricing strategy. A pricing strategy
is called dynamic when the price of the trip does not only depend on the characteristics
of the trip (origin, destination, trip length and duration), but also on the context (time
of day, status of the fleet, congestion level, etc.). If the price is based only on the trip
characteristic, it is called static.

Finally, a system is station-based if the vehicles must be picked up and dropped off in some
designated parking areas for the VSS in particular. If it is not the case, i.e., if a vehicle
can be dropped off at any public parking place, it is called free-floating. The free-floating
configuration is more flexible from the user point of view, yet it introduces complexity to
the operator.

This chapter analyzes the previous works that either deal with a particular problem
isolated from the other ones or represent reviews of such papers. In the light of this
extensive review, we propose a general framework characterizing the operations of a
VSS. The proposed framework is built from the decision maker’s point of view and
aimed to be applicable for any kind of VSS. In other words, we approach all problems in
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a holistic manner by identifying their mutual dependencies and relations. The literature
review is then positioned according to the proposed framework to be able to identify the
research gaps and future research directions in the field. In addition to that, we perform
a thorough analysis of the future work suggested by the reviewed papers. For each
proposed further research path, we strive to identify other works which address it. By
that, additional open research questions are identified.

The structure of the chapter is as follows: In the light of the literature review, the proposed
framework is introduced in Section 2.2. Then, Section 2.4 presents an extensive literature
review under framework structure and Section 2.5 discusses the future work analysis,
identified research gaps and research directions. In Section 2.6, we conclude the chapter.

2.2 Proposed framework

This section illustrates the proposed framework that is designed to be applicable to a
VSS with any type of vehicle. The challenges faced in VSSs can be classified by their
decision levels. Another relevant classification deals with the type of actor that is under
analysis: the suppliers (that is, the operators who supply service) or the users (that is,
the people who generate demand). Finally, the solution methods to analyze challenges
involve the following three layers, i.e., data, models, and actions, which are identified as
the third dimension of the framework. Therefore, we take them as further criteria for
classification. As a result, we introduce three different dimensions for our framework. The
main terminology used and the framework are presented in Section 2.3. Following Sections
2.3.1, 2.3.2, and 2.3.3 give the details about the decision levels of the framework.

2.3 Terminology and the framework

The framework consists of three dimensions: decision levels, actors, and layers. The
components refer to the challenges faced, data obtained, models developed, and actions
taken in general. The modules are either a combination of one decision level, one actor, and
one layer (either models or actions), or one decision level and data layer. The components
are placed in modules. There are 15 modules in this framework, illustrated in Figure 2.1.

The first dimension deals with the horizon of the decision levels: strategic, tactical, and
operational. The strategic level corresponds to the long-term planning horizon which is
typically more than a year. The scope of the system is defined at this level. The tactical
level refers to the mid-term planning horizon. The decisions made here are subject to
change within a month and a year. This level can be considered as an intermediate level
which connects the strategic and operational levels. The operational level monitors the
current status of the system and defines the physical actions to be taken in the short-term
(a day, or a couple of hours).
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The second dimension, actors, deals with the type of actors that are under consideration.
The operators, on the supply side, organize the system and try to generate profit. The
users, on the demand side, want to perform their trip in the best possible conditions in
terms of travel time, cost, convenience, arrival time, etc.

The third and last dimension, layers, deals with the specific methodological aspects, and
has three levels: data, models, and actions. Data provide information about the system
and its context. The models quantify the objectives and constraints of the system. They
are necessary to handle quantities for which no data is available, in particular about the
future (forecasting). Finally, the quantities provided by the data and the models are used
to perform specific actions.

We define two types of relations between the modules: intra-level interactions
represented with white arrows and inter-level interactions represented with dashed
arrows. The intra-level interaction represents the information flow between the modules
within the same decision level. The inter-level interaction passes the outputs of a higher
decision level to the lower one’s models layer as inputs.

We discuss the various parts of the framework in the following sections.

2.3.1 Strategic level

The data used at this level is typically aggregate, and usually static. It includes for
example, the geographical location and characteristics of the city, the network of the
parking spots, the economic status of the area and the distribution of welfare. An
important piece of data is the aggregate historical travel demand typically in the form of
origin-destination matrices, organized by mode and time of day.

Demand Demand models at the strategic level involve mode and destination choice
models. They are used to take business decisions related to (i) user segmentation, that is
the identification of the segments of the population that are likely to adopt the system,
(ii) the advertisement investment, and (iii) the market placement.

Supply Supply models at the strategic level involve mainly a network design
optimization model, possibly combined with a simulation of the demand/supply
interactions. They support the decisions related to the network topology, the type or
types of vehicles used, the type of rebalancing operations strategy, and the level of
service offered.

As part of the network design, deciding the optimal location and the size of the parking
facilities is an important decision to be made to prevent both overstocking and
understocking of the vehicles. These decisions are done at the beginning of the system
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installment in the case of station-based configurations. The situation does not change for
the free-floating configuration since each parking spot can be considered as a station
with only one vehicle capacity. In this layer, the simulation component helps the
operator to evaluate the system and take actions accordingly.

The type of rebalancing refers to the strategy used in the rebalancing operations and
strongly relates to the type of vehicles used in the system. For instance, it is not efficient
to use big trucks to rebalance a CSS since it is not possible to carry dozens of cars on
a truck. On the other hand, for a BSS, it is generally not practical and desirable to
rebalance bikes using human power since it is exhaustive. Also, a staff member cannot
relocate another one. Moreover, the user-based strategies can be used to improve the
balance in the system, or a combination of staff-based and user-based approaches might
be applied.

Lastly, the level of service that the operator wants to provide to the users should be decided
at this level. If the operator wants to place importance on the users, then the strategy
might be increasing the number of vehicles and/or parking spots in the city. On the other
hand, if the operator is more capital oriented, the investment on the physical components
of the system (vehicles, parking spot, etc.) is more crucial than the level of service, which
makes it a secondary objective for the operator.

2.3.2 Tactical level

The data used at this level corresponds to mid-term time horizon and seasonal
characteristics. It includes the seasonal weather forecast, precipitation, important
events/festivals, and cost of the workforce. Contrarily to the strategic level, this level
incorporates the disaggregate historical demand data. The disaggregate data helps the
operator to develop a model that forecasts the demand in mid-term and act for the
mid-term time horizon. One should note that this disaggregate demand data can be
aggregated at any level to come up with the actions. Aggregations can be performed
according to any criteria such as the selected time period, origins, and destinations.

Demand The inputs regarding the budget and the target audience passed from the
strategic level are used as attributes for mid-term demand forecasting. They are used to
take actions related to (i) pricing strategy (fixed or dynamic) and (ii) the offers/campaigns
for the users. The latter includes not only the one-time offers but also the determination of
subscription plans. In the case of fixed pricing, the values for pricing are also determined
at this level.

Supply Supply models at the tactical level involve a vehicle fleet sizing model, possibly
combined with a simulation of the demand/supply interactions. They support the decisions
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related to the fleet size of the system, the number of staff, the time of rebalancing strategy
(static or dynamic), and possible temporary stations.

The operator monitors the system and adjusts the fleet size. The fleet sizing is determined
at this decision level since it is not practical to change this for just a short period of time.
The operator should be able to monitor and analyze such a need in a reasonable amount
of time. In order to evaluate the current and/or possible future applications of strategies,
such as rebalancing, reservations, and pricing, we also include a component that simulates
the system.

In the static rebalancing case, the operator should decide at what time of the day the
rebalancing will be done whilst in dynamic case the operator also needs to decide the
frequency of the rebalancing operations as well as whether to execute them online or
offline. Accordingly, the number of staff should be determined to be able to rebalance the
system. Lastly, locating temporary stations for possible important events/festivals is also
done here.

2.3.3 Operational level

The data used at this level is disaggregate, and usually dynamic. It includes for example,
daily weather forecast, the current parking availability, and current reservations (if
applicable). The disaggregate historical travel demand data is detailed in location, time,
and mode.

Demand Demand models at the operational level involve short-term demand forecasting
per station/zone. They are used to decide the actual pricing in the case of dynamic pricing.

Supply Supply models at the operational level involve models for parking availability
and location of the vehicles in the next time window. They support routing decisions
related to the rebalancing operations and maintenance. Routing for rebalancing
operations can be examined under two cases: routing rebalancing trucks and staff
relocation. Simulation component at this level helps the operator to analyze changes in
the routing strategies by using the short-term data.

2.4 Literature review

In this section, we review the literature on the VSSs from a decision-making point of
view. We start with some review papers providing a general idea about the main aspects
discussed so far. Then, we organize our review according to the different horizons related
to the planning and management of a VSS. Section 2.4.1 covers the strategic level,
corresponding to the long-term decisions (typically more than a year). Section 2.4.2
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deals with the tactical level, corresponding to the mid-term decisions (typically, between
a month and a year). Finally, Section 2.4.3 covers the operational level, corresponding to
the short-term decisions (typically, between a couple of hours and a day). As in any
classification task, the boundaries between classes may be fuzzy. For certain papers, we
identify that they span more than one decision level. Such papers are presented in
multiple sections, where in each of them, the aspects of the corresponding level are

discussed.

We first discuss five review papers. Jorge and Correia (2013) provide a thorough review
about CSSs, with special emphasis on demand estimation. In particular, they observe
that linear regression is the most popular technique for demand estimation, as opposed
to choice models. They also point out the fact that the simulation models developed for
one-way systems are too context specific and cannot be generalized. The articles that they
have considered did not include any free-floating system. Moreover, they claim that the
inclusion of the other modes of transportation, such as public transportation and private
car, is also necessary for the realistic scenarios.

Laporte et al. (2018) propose a general literature review on sharing systems. They also
include the BSSs, and different configurations of the sharing systems in the review, i.e.,
free-floating and station-based, and static and dynamic rebalancing. They classify the
former studies by problem type and decision level and stress the fact that some
combinatorial questions, such as optimal inventory level within a theoretical framework,
remain to be answered. They also state that the dynamic and stochastic characteristics
of these systems bring complexity which has not been addressed in the literature.
Although they include both car and bike sharing systems in the review, most of the work
is on the BSSs. Therefore, the latest studies for CSSs are not comprehensively discussed.

This gap has been partially addressed by the review paper of Illgen and Hock (2019).
They focus on the rebalancing problem in one-way CSSs. They organize the paper by
classifying the works in terms of the methodology used to solve the rebalancing problem.
They take the idea of Laporte et al. (2018) about the decision levels and improve it by
mapping the problem types to the decision levels. However, they do not map the works
themselves to the decision levels. As in Jorge and Correia (2013), Illgen and Hock (2019)
also suggest that the stochasticity in VSSs should be examined further.

In Nath and Rambha (2019), the authors focus on the BSSs of any configuration. As in
Laporte et al. (2018), the review is done by classifying the former works under problem
type and decision level. However, this study considers only the strategic and operational
decision levels. The most recent studies are discussed and suggestions for future work
are provided. These include the consideration of the effects of elastic demand for the
rebalancing operations and identifying the interactions between the supply and demand
rather than regarding them as two independent actors.
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Table 2.1: Summary of the configurations

Authors Year Vehicle Objective function Trips Parking Rebalancing operations Pricing
type RC [LOS [Other [N/A [[RT J[OW [[SB [FF |[[N [S [D JUB |[F |D
Aguilera-Garcia et al. 2020 MSS v v v v v
Ashqar et al. 2019 BSS v v v v v
Balac et al. 2019 CSS v v v v v
Barth and Todd 1999 eCSS v v v v v v v
Boyaci and Zografos 2019 eCSS v v v v v
Boyaci et al. 2015 eCSS v v v v v
Boyaci et al. 2017 eCSS v v v v v v
Bruglieri et al. 2019 eCSS v v v v v
Caggiani et al. 2019 BSS v v v v v
Caggiani et al. 2020 BSS v v v v v
Campbell et al. 2016 BSS v v v v v
Celebi et al. 2018 BSS v v v v v
Cepolina and Farina 2012 PICAV v v v v v
Chemla et al. 2013 BSS v v v v v
Chiariotti et al. 2018 BSS v v v v v
Ciari et al. 2013b CSS v v v v v
Clemente et al. 2017 CSS v v v v v
Degele et al. 2018 MSS v v v v v
Dell’Amico et al. 2014 BSS v v v v v
Deng and Cardin 2018 VSS v v v v v v
Faghih-Imani et al. 2017 BSS v v v v v
Febbraro et al. 2012 CSS v v v v v
George and Xia 2011 VSS v v v v v
Ghosh et al. 2017 BSS v v v v v v
Ghosh et al. 2016 BSS v v v v v
Hansen and Pantuso 2018 CSS v v v v v
Huang et al. 2020 eCSS v v v v v v
Illgen and Hock 2018 CSS v v v v v
Jin et al. 2020 eCSS v v v v v
Jorge et al. 2014 CSS v v v v v
Jorge et al. 2015 CSS v v v v v
Kaspi et al. 2014 BSS v v v v v
Kaspi et al. 2016 BSS v v v v v

Continued on next page
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Table 2.1 — continued from previous page

Authors Year Vehicle Objective function Trips Parking Rebalancing operations Pricing
type RC [LOS [ Other [ N/A [[RT JOW [[SB [FF [N [S [D [UB [[F [D

Kek et al. 2006 CSS v v v v v v

Kek et al. 2009 CSS v v v v v v

Kumar and Bierlaire 2012 eCSS v v v v v

Kutela and Teng 2019 BSS v v v v v

Li et al. 2018 CSS v v v v v

Lin et al. 2018 BSS v v v v v

Liu et al. 2016 BSS v v v v v

Masoud et al. 2019 SSS v v v v v

Miao et al. 2019  ACEV-CSS v v v v v v v

Morton 2020 BSS v v v v v

Nair and Miller-Hooks 2011 VSS v v v v v v

Nourinejad and Roorda 2014 CSS v v v v v

Nourinejad et al. 2015 CSS v v v v v

Pal and Zhang 2017 BSS v v v v v

Pfrommer et al. 2014 BSS v v v v v v

Raviv et al. 2013 BSS v v v v v

Repoux et al. 2019 CSS v v v v v

Rossi et al. 2016 CSS v v v v v v

Schuijbroek et al. 2017 BSS v v v v v

Scott and Ciuro 2019 BSS v v v v v

Shu et al. 2013 BSS v v v v v v v

Soriguera and Jiménez 2020 BSS v v v v v

Warrington and Ruchti 2019 VSS v v v v v v v v

Waserhole and Jost 2012 VSS v v v v v

Weikl and Bogenberger 2015 CSS v v v v v

Wu et al. 2019a CSS v v v v v

Wu et al. 2019b BSS v v v v v v

Yuan et al. 2019 BSS v v v v v

Zhang et al. 2019 eCSS v v v v v v

Zhao et al. 2018 CSS v v v v v
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CHAPTER 2. VEHICLE SHARING SYSTEMS: A REVIEW AND A HOLISTIC
MANAGEMENT FRAMEWORK

Another recent work by He et al. (2019) consider the problem types and identify the
corresponding decision level for each problem type. However, as in Nath and Rambha
(2019), they do not consider the tactical level decisions. The focus is on the free-floating
systems that use electric vehicles, which form the latest trends in VSSs. They point out the
fact that the literature still lacks some concepts for the electric vehicle usage in VSSs, such
as the placement of charging stations, integration of real-time data, and charging schedules.
Finally, they reckon that with more detailed operational data, different aspects of the
origin-destination (O-D) demand pattern can be observed and can lead to conclusions on
the impacts on the ridership.

We provide first an overview to the configurations used in the works in Table 2.1. The
works are ordered in alphabetical order and the vehicle type used and the objective of the
system is included under the columns Vehicle type and Objective function, respectively.
The objectives considered in each study are characterized as (i) cost-related (RC) such as
maximizing revenue/profit and minimizing the cost, (ii) maximizing the level of service
(LOS), (iii) other objective types (Other), and (iv) not applicable (N/A), which denotes
that the study neither defines an optimization problem, nor an objective function. As
mentioned in Section 2.1, we characterize the types of VSSs by (i) the type of trips, (ii)
the parking organization, (iii) the type of rebalancing operations, and (iv) the pricing
strategy. These are placed in columns of Table 2.1 in the same order. The Trips column
is further divided into return-trip (RT) and one-way (OW). The Parking, i.e., parking
organization, has two subcategories: station-based (SB) and free-floating (FF). Under the
Rebalancing operations column we have four classes: not mentioned or not applied (N),
static (S), dynamic (D), and user-based (UB). Lastly, the Pricing is categorized as either
fixed (F) or dynamic (D). This table is provided to the reader to give them an idea about
the reviewed works’ distribution among different configurations as another insight into the
state-of-the-art literature.

Among the papers we review, we were able to include at least one work for each type
of VSS. Moreover, in some papers the work is concerned with VSSs in general, which
means that they are compatible with both BSSs and CSSs. We see that works on one-way
systems are more popular than the return-trip systems. The number of papers which
study station-based configuration is much higher than the free-floating configuration in
the study that we review. We observe that the user-based rebalancing operations are fewer
compared to the other strategies. This also implies the fact that dynamic pricing is not
studied as much as fixed pricing.

We further organize the reviewed articles according to the proposed framework (Section
2.3) and present this organization in Table 2.2.

The first and the second columns give the author names and the year the study is published,
respectively. The next six columns represent the two dimensions of the framework, i.e.,
decision levels and actors. If a paper belongs to a combination of decision level and actor,
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the information regarding the third dimension, i.e., layers, is provided at the intersection
with the corresponding study. Here "M" represents the models layer and "A" represents
the actions layer. Papers which contain "M" develop a model, and papers which contain
"A" discuss the actions considering a case study. We have seen from the literature that the
data can be collected through surveys, obtained from private companies or open-source
repositories, and created synthetically. Since all analyzed approaches use the data obtained
via one of those aspects, the data module is not illustrated in Table 2.2.

The last row of the table shows the total number of studies reviewed and their distribution
with respect to the two dimensions of the framework.

2.4.1 Strategic level

The strategic level corresponds to long-term decisions, with a horizon longer than a year,
say. The most salient issues discussed in the literature are related to (i) data, (ii) business
model, and (iii) system design.

Two types of data are crucial for the design and operations of a VSS:

e demand data, such as VSS trip history, socio-economic and demographic
information, mobility and travel-related variables, personal attitudes and

preferences, and perceptions of VSS, and

o data describing the VSS and geographical location the VSS is operating at, such as
VSS configuration, city terrain characteristics and elevation, parking locations, and
weather conditions.

Demand data is recorded during the previous VSS operations, e.g., trip history, or collected
using stated preferences surveys (Campbell et al., 2016; Aguilera-Garcia et al., 2020; Wu
et al., 2019a; Celebi et al., 2018; Jin et al., 2020), where the respondents make decisions in
the context of hypothetical situations. Additionally, demand data can be extracted from
mobile phone trajectory of the users (Miao et al., 2019).

2.4.1.1 Demand

Using the demand data, we can build different types of demand forecasting models. Firstly,
the mode-choice models can be constructed. Such models estimate whether the users will
accept and use the offered VSS service, in the presence of the other transportation systems
(Aguilera-Garcia et al., 2020; Wu et al., 2019a; Jin et al., 2020). Also, users may have
a choice between different types of shared vehicles (Campbell et al., 2016; Illgen and
Hock, 2018), such as between conventional and electric bikes, or between different VSS
configurations (Wu et al., 2019a). The methodologies for building such models include
logit models (Campbell et al., 2016; Aguilera-Garcia et al., 2020; Wu et al., 2019a; Jin
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Table 2.2: Summary of the presented works

Authors

Year

Strategic level

Tactical level

Operational level

Supply { Demand Supply { Demand Supply { Demand
Aguilera-Garcia et al. 2020 - MA - - - -
Ashqar et al. 2019 - - - - - M
Balac et al. 2019 - - MA MA - -
Barth and Todd 1999 MA - - - - -
Boyact and Zografos 2019 - - - - MA -
Boyac et al. 2015 MA - MA - - -
Boyaci et al. 2017 - - - - MA A
Bruglieri et al. 2019 - - - - MA -
Caggiani et al. 2019 MA - - - - -
Caggiani et al. 2020 MA - - - - -
Campbell et al. 2016 - M - - - -
Celebi et al. 2018 MA - - - - -
Cepolina and Farina 2012 - - MA - - -
Chemla et al. 2013 - - - - MA A
Chiariotti et al. 2018 - - MA - - -
Ciari et al. 2013b - M - - - -
Clemente et al. 2017 - - MA - - -
Degele et al. 2018 - A - - - -
Dell’Amico et al. 2014 - - - - MA -
Deng and Cardin 2018 MA - - - - -
Faghih-Imani et al. 2017 - - - - MA MA
Febbraro et al. 2012 - - - - MA
George and Xia 2011 - - MA - - -
Ghosh et al. 2017 - - A - MA -
Ghosh et al. 2016 - - - - MA -
Hansen and Pantuso 2018 - - MA - - -
Huang et al. 2020 MA - MA - MA -
Illgen and Hock 2018 MA - - - - -
Jin et al. 2020 - M - - - -
Jorge et al. 2014 - - - - M -
Jorge et al. 2015 - - - - - MA

Continued on next page ‘
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TABLE 2.2 — continued from previous page

Authors

Year

Strategic level

Tactical level

Operational level

Supply { Demand Supply { Demand Supply { Demand
Kaspi et al. 2014 - - MA - - -
Kaspi et al. 2016 - - MA - - -
Kek et al. 2006 - - - - MA -
Kek et al. 2009 - - - - MA -
Kumar and Bierlaire 2012 - - A - - -
Kutela and Teng 2019 - - - M - -
Li et al. 2018 - - A MA - -
Lin et al. 2018 - - - - - MA
Liu et al. 2016 - - - - MA -
Masoud et al. 2019 - - - - MA -
Miao et al. 2019 MA - - - - -
Morton 2020 - MA - - - -
Nair and Miller-Hooks 2011 - - - - MA -
Nourinejad and Roorda 2014 - - MA - - -
Nourinejad et al. 2015 - - - - MA -
Pal and Zhang 2017 - - - - MA -
Pfrommer et al. 2014 - - - - MA MA
Raviv et al. 2013 - - - - MA -
Repoux et al. 2019 A - MA - - -
Rossi et al. 2016 - - - - MA -
Schuijbroek et al. 2017 - - - - MA M
Scott and Ciuro 2019 - - - M - -
Shu et al. 2013 - - MA - MA -
Soriguera and Jiménez 2020 MA - MA - - -
Warrington and Ruchti 2019 - - - - MA -
Waserhole and Jost 2012 - - - - MA -
Weikl and Bogenberger 2015 - - - - MA -
Wu et al. 2019a - MA - - - -
Wu et al. 2019b - - - - - MA
Yuan et al. 2019 MA - MA - MA -
Zhang et al. 2019 - - - - MA -
Zhao et al. 2018 - - - - MA -
Total number of works = 63 12 7 18 4 28 10
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et al., 2020), risky-choice behavior models (Wu et al., 2019a), or simulation (Illgen and
Hock, 2018).

Demand data, together with location characteristics and weather data, may also be used to
model and forecast the average usage of a VSS, for a certain period, such as hourly or daily.
Here, the forecast may be at the station level (Kutela and Teng, 2019; Ciari et al., 2013b),
or at the zone level, which is usually done in case of free-floating VSSs. The forecast
is performed by using binomial models (Kutela and Teng, 2019), microsimulation (Ciari
et al., 2013b), or queuing theory (Celebi et al., 2018). Furthermore, the environmental
conditions such as air quality can also be considered to examine the variation in demand
for cycling (Morton, 2020).

Long-term decisions are also related to the business model for the VSS. The literature
deals with issues such as market placement, user segmentation, and budget allocation, in
the ways respectively presented in the following paragraphs.

By simulating a VSS and analyzing the ratio of total number of vehicles to the product
of the total number of trips per day and the number of stations, we can select vehicle
types that are the best fit for an observed market (Illgen and Hock, 2018). This approach
could also be used to determine the appropriate time for the transition from conventional
CSS to electric CSS. In Illgen and Hock (2018), the authors conclude that this transition
should be rather gradual than immediate.

Regarding the market research, Degele et al. (2018) put effort on the analysis of user
segmentation in an MSS. The authors apply hierarchical clustering and identify four
different user segments, i.e., geographic, demographic, psychographic, and behavioral. In
order to assess the impact of each segment for business development, the authors provide
a growth-share matrix and determine which segments contribute to the total revenue
most. These results show the segments to target through advertisement and marketing.
Morton (2020) analyzes two different types of users in BSSs. They show that regular and
casual users tend to differently react to changes in weather and air quality measures.

Budget allocation can be performed through network design. I.e., while determining the
optimal number of docks and bikes to allocate to each station that will minimize the lost
demand, the budget limit can be regarded as a constraint (Caggiani et al., 2019).

2.4.1.2 Supply

The last set of issues at the strategic level relates to the network design. This includes
works on station location and size, vehicle allocation, fleet composition, and type of
rebalancing. All these decisions may be made to favor and focus on either the operator
performance or user satisfaction. In the former case, system operations are evaluated
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with operator-oriented performance indicators, such as operations costs, number of
vehicle relocations (NoR), or average state of battery charge or fuel tank (Deng and
Cardin, 2018; Barth and Todd, 1999; Soriguera and Jiménez, 2020). In the latter case,
the performance indicators are user-oriented and may include lost demand,
zero-vehicle-time (ZVT), full-port-time (FPT), average and total user waiting times,
number of users waiting, NoR, or waiting time vs. NoR analysis (Caggiani et al., 2019;
Barth and Todd, 1999; Celebi et al., 2018). The user-oriented performance indicators, or
a subset of them, are often jointly denoted as the level of service (LOS). In Caggiani
et al. (2020), the authors also consider the equality among population groups while
maintaining accessibility and coverage.

The station location and sizing, and vehicle allocation problems are modeled as mixed
integer linear problems (MILP; Boyaci et al., 2015) or mixed integer non-linear problems
(MINLP; Celebi et al., 2018; Soriguera and Jiménez, 2020). Before solving them, the
problem instance size can be reduced by spatio-temporal clustering, in particular when
modeling a dense VSS (Caggiani et al., 2019). Afterwards, the problem may be solved
with genetic algorithms (Caggiani et al., 2019, 2020), dynamic programming (Celebi
et al., 2018), Langrangian relaxation, particle swarm optimization, or simulation (Deng
and Cardin, 2018). Here, the goals are to minimize the system operation costs (Deng
and Cardin, 2018; Soriguera and Jiménez, 2020), maximize operator revenue (Boyaci
et al., 2015), achieve a certain LOS (Caggiani et al., 2019), minimize the unequal VSS
accessibility of different population groups (Caggiani et al., 2020), or combine the two
goals into a multi-objective problem (Boyaci et al., 2015).

With the favorable location and size of stations, and vehicle distribution, the operator
consequently reduces the rebalancing activities as well. Several works, such as Soriguera
and Jiménez (2020) and Boyac: et al. (2015), evaluate these network design decisions
through the performance of rebalancing operations. In an extreme case, if the number of
rebalancing trucks is not enough to keep the LOS at a desired level, rebalancing operations
may not be conducted at all (Deng and Cardin, 2018).

Some studies also account for the subsidies paid by the public or governmental agencies
(Boyaci et al., 2015), and show that the increase of subsidy cause more vehicles in the
system. Therefore, the system becomes less dependent on rebalancing operations. Another
pioneering study performed by Chow and Sayarshad (2014) proposes a framework where
the co-existing networks are also considered and the symbiotic relationship between the
networks is captured by a multi-objective optimization model.

Another task at the strategic decision level is to determine the type of rebalancing. Such
analysis can be performed through a discrete-event simulation which account for the
stochasticity of demand (Barth and Todd, 1999). The simulator identifies the vehicle
availability, distribution, and energy management. The system operations are then
evaluated by monitoring different operator- and user-oriented performance measures
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(Barth and Todd, 1999).

Determining whether a VSS should be configured as station-based or free-floating can
be considered a generalization of the station location and sizing problem, where in the
latter configuration, each parking spot is considered as a station of unit capacity. In
Soriguera and Jiménez (2020), the authors see that free-floating configurations are able
to provide a better LOS. In the same work, they also claim that when the e-bikes are
used in a station-based configuration, the charging process does not put much restriction
on the system. Therefore, station-based systems can be converted from traditional bikes
to e-bikes. They claim that the good part of implementing e-bikes is to attract the user,
increase demand, and decrease imbalance. These are possible since users also do uphill
trips and longer distances. The city structure and the distance traveled are less relevant.

The network design includes other dimensions such as availability of bike lanes in bike
sharing systems and service region design in car sharing systems. Xu and Chow (2020)
study the former and conclude that increasing the total length of bike lanes has significant
impact on bike sharing ridership especially in Manhattan, which is a commercial district.
The latter is studied by He et al. (2017) for free-floating eCSSs. The factors that would
affect the size of service region, e.g., availability of faster charging equipment and LOS,

are investigated.

Apart from the conventional CSSs, efforts are done in the context of autonomous and
electric vehicles. One such example is the work of Miao et al. (2019), who model an
ACEV-based CSS and its optimal planning. A two-stage multi-objective optimization
model is proposed. The first stage optimizes the total served trip distance and minimizes
the total cost whilst the charging infrastructure allocation is considered in the second
stage. The proposed model is solved by a non-dominated sorting genetic algorithm-II
(NSGA-II). The authors find that the charging infrastructure speed has an influence on
the performance of the system. As the charging gets faster, the satisfied trip demands
and total daily served trip distance improve. They also state that the combined system
of ACEVs and conventional cars demonstrate great improvements. This result is aligned
with the Illgen and Héck (2018) in the sense that the adoption of electric vehicles in VSSs
should not necessarily be immediate.

Yuan et al. (2019) and Huang et al. (2020) approach the planning of a VSS and an eCSS,
respectively, from the broadest perspective we encountered in the literature. Yuan et al.
(2019) determine the number, location and the capacity of stations, fleet size, depot
location, rebalancing and maintenance plans simultaneously in a station-based BSS. To
achieve this, they develop an MILP to combine all these decisions while considering the
stochastic demand and LOS. The latter is defined with the coverage range of each
station and the availability rate of bikes at each station. The objective function consists
of two main components, i.e., the capital cost and the expected operating cost. The
constraints are categorized as either bike station or operational constraints. The bike
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station constraints include the subjective distance constraints, location selection
constraints, and docking unit constraints. The subjective distance concept mimics the
human perception of the actual distance. The subjective distance represents the trip
distance greater than the Euclidean and less than the real (Manhattan) distance and is
modeled as the Euclidean distance multiplied by a factor . The operational constraints,
on the other hand, deal with the rebalancing constraints and depot constraints. One
thing to point out is that the rebalancing constraints are not actual rebalancing
operations but the balance/flow conservation of the system. The results on a BSS in
Changping, Beijing show that the availability factor, which represents the proximity to a
station, is an important factor. This also implies the need to change the station
distribution from unevenly to almost evenly. This result can be considered similar to the
one in Celebi et al. (2018). They both imply that the stations should not be placed at
the exact spot of the highest demand, but rather around it. In the case studies of Yuan
et al. (2019) and Celebi et al. (2018), such station location resulted in an increase of
covered area and convenience of the VSS service.

The strategic level decisions of Huang et al. (2020) consist of station capacity. An
MINLP is developed that maximizes total profit of the operator and considers fleet and
station sizing, demand satisfaction, and required rebalancing operations. They propose a
customized solution algorithm to avoid computational difficulties. They determine lower
and upper bounds for the strategic and tactical level decisions and then solve the
operational level problems. As a last step, the solution is improved using the golden
section and shadow price algorithms.

2.4.1.3 Conclusion

We see that, at the strategic level, the authors approach the problems both from the
operator’s and user’s points of view. In other words, the problem objectives are set as
maximizing the profitability of the system or user satisfaction. However, it is more common
that the user satisfaction is incorporated in the performance measures, which are modeled
as constraints. The solution methodologies include optimization models, simulation tools,
and various exact and heuristic algorithms.

2.4.2 Tactical level

The bridge between the strategic and operational levels is defined by the tactical level.
This section covers works from the literature coping with the mid-term decisions. There
are three major aspects discussed in the literature: (i) demand modeling and pricing, (ii)
fleet sizing, and (iii) system evaluation.
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2.4.2.1 Demand

Demand modeling includes forecasting number of daily trips, the reaction of the users
when pricing incentives are proposed, and what happens when a new type of mode is
introduced into an already existing system.

The influencing factors on the number of daily trips can be determined using linear
regression, user equilibrium models (Li et al., 2018), or random intercept multilevel
models (Scott and Ciuro, 2019). The results of Li et al. (2018) show that the fleet size
and distribution, and rental-parking price significantly influence the usage of a
free-floating CSS. Furthermore, Scott and Ciuro (2019) observe that weather conditions,
daylight, and employment are among the influencing factors.

Logit models can then be used to forecast the number of daily trip demand (Kutela and
Teng, 2019). Moreover, the developed models can be compared using the number of daily
trips forecast as a performance measure (Kutela and Teng, 2019). This way, the operator
understands the demand structure in the mid-term time horizon and decides on the pricing
strategy and the type of campaigns.

The user behavior can be represented by a Markovian model (Kaspi et al., 2014; George
and Xia, 2011; Chiariotti et al., 2018) or by a user behavior model (Kaspi et al., 2016).

The prices vary with the trip characteristics such as drop-off location (Hansen and Pantuso,
2018) or different price schemes are determined to decide pricing strategy (Clemente et al.,
2017; Balac et al., 2019; Li et al., 2018). These strategies determine an incentive or
deterring price component. The outcomes from the utilized strategies are compared to
analyze the user behavior.

The solution approaches to determine pricing strategies consist of both optimization and
simulation. In the case of optimization, the objective function can be set to maximizing
the system revenue (Hansen and Pantuso, 2018) or maximizing the LOS (Clemente et al.,
2017). The main decisions can be the number of vehicles necessary in each parking area
(Clemente et al., 2017), the price of the service, and the utility obtained by the user
(Hansen and Pantuso, 2018). Hansen and Pantuso (2018) define this utility as a sum of
a deterministic function of price and the attributes of the transportation service, and the
error term. The simulation is used to mimic the system operation to be able to evaluate
the performance measures such as the LOS (Clemente et al., 2017) or the profit (Balac
et al., 2019). The considered events in the simulation usually include arrival of a user,
departure of a user, pick-up, drop-off, and maintenance activities. Finally, Clemente et al.
(2017) merge these two approaches in a single framework.

In Hansen and Pantuso (2018), the importance of the relation between the market power
and the pricing strategy is emphasized. They point out the fact that the market power
of the VSS should be high enough to charge a drop-off fee. It is also noted that including
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elements such as trip purpose, weather conditions and carry-on items in the utility
specification might affect the results. In Yoon and Chow (2020), 1-day and 3-day
subscription plans for short-term users are investigated. With the developed pass choice
model, they show that the benchmark plan is improved by 5.5%.

Balac et al. (2019) contribute to the literature by considering the competition between
operators for the first time. Their framework simulates a free-floating CSS. The
computational experiments reveal that when competition is introduced to the system
with different price levels, the whole system is more profitable. The majority of the
market share is owned by the low-price provider resulting in higher profit. On the other
hand, due to high cost of rebalancing staff, depreciation, fuel, maintenance and tire
costs, the rebalancing operations are shown to be unprofitable under competition.

2.4.2.2  Supply

On the supply side, the most investigated challenge is the fleet sizing, as mentioned in Li
et al. (2018). For this purpose, the works either optimize the fleet size (George and Xia,
2011; Boyaci et al., 2015; Yuan et al., 2019; Cepolina and Farina, 2012; Huang et al., 2020;
Shu et al., 2013) or analyze the effect of it on the system (Ghosh et al., 2017; Soriguera
and Jiménez, 2020). One of the interesting properties of this problem is that it is usually
combined with problems from different decision levels, such as network design (Boyaci
et al., 2015; Yuan et al., 2019; Soriguera and Jiménez, 2020; Huang et al., 2020) and
vehicle rebalancing (Ghosh et al., 2017; Yuan et al., 2019; Huang et al., 2020; Shu et al.,
2013).

George and Xia (2011) incorporate the LOS as a constraint in their model. The results
show that as the target LOS gets higher, the required fleet size increases exponentially
and the profit decreases. Shu et al. (2013) determine the number of bicycles by examining
an equilibrium state of the BSS network. They state that the number of bikes at each
station stabilizes after a few time periods. Soriguera and Jiménez (2020) analyze the effect
of fleet sizing in a BSS. They show that the optimal fleet size is mostly related to the cost
of one bike where the objective is to minimize the sum of operator and user costs.

Although we are concerned about mid-term time horizon at this decision level, some works
propose computationally efficient approaches, too. For example, George and Xia (2011)
use an approximation method based on Schweitzer-Bard Mean Value Analysis. In Cepolina
and Farina (2012), simulated annealing is used to come up with the optimal fleet size and
its distribution among the parking lots. Huang et al. (2020) determine lower and upper
bounds for the fleet size. Then, the operational level problem is solved, and the fleet size
is updated using golden search and shadow price algorithms. This loop iterates until there
is a small difference in profit between two iterations.

Beside fleet sizing, supply decisions may include the modification of the configuration of
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the system, which was planned at the strategic level. Indeed, although it is very important
to analyze and optimally locate the stations at the beginning of a VSS construction, other
needs might arise. These include altering the configuration of the network, such as locating
additional stations, merging station locations, and discarding stations. Change in demand
patterns, vehicle types, pricing might affect spatial trip demand. One of such cases studied
in the literature considers a return-trip CSS where electric vehicles are deployed (Kumar
and Bierlaire, 2012). The authors work on an existing CSS, AutoBleue, in Nice, France
and locate additional stations. First, an analysis on the system is done. Regression is
used to analyze and determine the influencing factors of the system in urban areas. Then,
an optimization model is developed to determine the station locations while taking the
attractiveness of the locations into account. This model is solved via an iterative heuristic
because of computational limitations. The methodology is observed to provide better
performance in stations. Moreover, the placement of stations at low demand regions is
justified with the fact that it helps the brand awareness and connectivity.

Additional supply side decisions include the evaluation of the rebalancing strategy and
policies, such as parking and trip reservations. The analysis of these aspects may lead to
a modification in the system configuration.

One of the basic strategy evaluations is analyzing the following three scenarios on a VSS:
(i) no rebalancing, (ii) static rebalancing, and (iii) dynamic rebalancing. In particular,
Chiariotti et al. (2018) perform such analysis on a station-based BSS. In a more detailed
evaluation, different kinds of rebalancing operations can be compared. For example,
Repoux et al. (2019) analyze the effects of dynamic rebalancing strategies in one-way
CSSs with complete journey reservations. They propose a new "proactive rebalancing
strategy"'. The evaluated dynamic rebalancing strategies are as follows: (i) One vehicle
one spot inventory policy, which prioritizes stations based on available number of
vehicles and spots. This helps the strategy to deal with inventory management and
rebalancing duration at the same time, and (ii) Markovian estimation policy in which
the state is given using the available cars, reserved cars for one-way trip, reserved cars
for return-trip, and reserved spots. Shu et al. (2013) evaluate the static and periodic
rebalancing operations. The periodic rebalancing is considered as static rebalancing
repeated a few times per day.

The perfect demand information is assumed to be known in Repoux et al. (2019) whilst
it is modeled as birth and death processes in Chiariotti et al. (2018). Both works aim
to maximize the LOS. In Chiariotti et al. (2018), the objective function considers: (i)
the difference between the station becomes full or empty among all the stations before
and after rebalancing operations, (ii) the fixed cost for each vehicle in fleet, and (iii) the
variable cost that depends on the distance traveled by the rebalancing trucks. The nodes
which have the smallest survival times are selected using an algorithm which includes the
routing problem.
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The results from Chiariotti et al. (2018) show that the dynamic rebalancing outperforms
the others. They find that in addition to historical data, the current trends and the
weather information is important to gather more information on the demand patterns.
Although they make simplifications, the improvement compared to the current system
is considerably high. Therefore, this encourages future work with relaxed assumptions.
Repoux et al. (2019) show that the improvements obtained with complex rebalancing
strategies are quite limited compared to the approximated upper bound. Fleet size, station
capacity, and rental rules are found to be important components of a VSS. All in all, the
authors conclude that a better-informed CSS provides a higher LOS.

The evaluation of parking reservation policies is also studied in the literature. To
evaluate these policies, Kaspi et al. (2014) use simulations in a one-way VSS. They
compare performance of two strategies: (i) No Reservation (NR) and (ii) Complete
Parking Reservation (CPR), in which the user must first reserve the parking space at the
destination station before taking the vehicle. The following work from Kaspi et al.
(2016) formulates an MILP. It determines the lower bound on the excess time, i.e., the
difference between the actual and the shortest possible trip time, under NR. Using the
lower bound, the authors evaluate several partial parking reservation policies as well as
NR policy. These policies are: (i) Trip based partial reservation policy, in which
reservation is required if the trip time is shorter than a pre-determined threshold, (ii)
Station based partial reservation policy, in which reservation is required if the difference
between the pick-up and drop-offs at the desired station is higher than a pre-determined
value, i.e., difference threshold, and (iii) Time limited partial reservation policy, in which
reservations are required for each user, but it is valid for a limited time.

Nourinejad and Roorda (2014) develop a benchmark mixed integer problem (MIP) to
analyze vehicle reservation policies. The model is based on a multiple traveling salesman
problem (TSP). In this work, users are required to reserve the vehicle more than a
pre-specified time in advance. The proposed framework for the dynamic model combines
both simulation and optimization. = The objective is to minimize the fleet size,
rebalancing operations, and parking costs for the given system configuration and
simulated demand. They use total revenue, total cost of rebalancing, fleet utilization,
and system reliability to assess the performance of the dynamic model.

The results point out the importance of future trip demand knowledge (Kaspi et al.,
2014; Nourinejad and Roorda, 2014). In the case of partial reservation policies, the more
information gathered from the user, the better the system performs (Kaspi et al., 2016).
Furthermore, under different demand scenarios, Nourinejad and Roorda (2014) observe
that when the demand is higher, solving the model yields higher fleet size and rebalancing
time. They also experiment the impact of reservation time. They observe that as the
reservation time values increase the fleet size decreases and the rebalancing time increases.
They also report a threshold value for the reservation time after which the fleet size stays
almost the same since the system can be rebalanced within this reservation time. This
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finding supports the fact that even short-term demand knowledge improves the system
operation.

2.4.2.3 Conclusion

At the tactical level, a strong emphasis is put on the analysis of the usage of the system, and
the number of daily trips. Decisions made at the strategic level must also be reconsidered
in the light of a more precise knowledge of the demand. Finally, it appears that several
tactical decisions are supported by policy evaluation methods. An important exception is
the fleet sizing decisions, usually based on optimization models.

2.4.3 Operational level

The last element of the framework consists of the operational level decisions. These
decisions are concerned with the short-term time horizon. Therefore, the works that cope
with daily/hourly operations and decisions are reviewed. Four main aspects are discussed
in the literature with respect to this level: (i) demand forecasting, (ii) dynamic pricing,
(iii) truck and staff routing for rebalancing and maintenance, and (iv) system evaluation.

2.4.3.1 Demand

The demand forecasting models are designed to come up with the hourly demand per
station/zone (Faghih-Imani et al., 2017; Lin et al., 2018) or the expected number of
vehicles at stations/zones (Ashqar et al., 2019). The main concern appears to be the
correlation structures. To resolve this issue, Faghih-Imani et al. (2017) use autoregressive
moving average models. This model is created for each subcity district, which makes it
appropriate for usage in free-floating and station-based systems. Lin et al. (2018) use a
novel Graph Convolutional Neural Network with Data-driven Graph Filter
(GCNN-DDGF) model. The novelty of GCNN-DDGF is that it is capable of capturing
hidden heterogeneous pairwise correlations between stations, which improves the
prediction accuracy. Furthermore, Ashqgar et al. (2019) apply Random Forest which
protects against the impact of collinearity between predictors and can handle non-linear

variables and categorical interactions.

User behavior can be mimicked in real operations by rule-based models. Although Kaspi
et al. (2016) develop such a model to tackle the tactical question of introducing parking
reservation, the model nature allows it to be used in presenting the demand at the
operational level. In cases when there is no available data for building trained forecasting
models, such models can be used as their replacement.

Logit models can be utilized to understand the factors creating imbalance and a linear
regression model may help to determine the amount of rebalancing operations. The first
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such empirical analysis on operator-based rebalancing is conducted by Faghih-Imani et al.
(2017). They claim that their analysis can help in creating plans for rebalancing well in
advance, as well as in creating incentive mechanisms for users to rebalance bikes. The
identified factors are then utilized in the models. Therefore, it is important to justify the
feature selection by a systematic approach. We see that the work of Lin et al. (2018) lacks
this justification, and this can be counted as the major shortcoming of their approach.
Furthermore, several often-used features are missing, such as weather, day, season, or
special events. These were included in both Faghih-Imani et al. (2017) and Ashqar et al.
(2019) and were found to be relevant. Furthermore, Ashqar et al. (2019) use the developed
models to see which stations are significantly different from the others. This also helps
the operator to see which stations cause the imbalance.

In the case of multiple regression models, the best can be selected by Bayesian Information
Criterion. For example, Ashqar et al. (2019) compare two models that are developed based
on Poisson regression model (PRM) and negative binomial (NB) regression model. They
find that NB outperforms PRM.

The user-based rebalancing strategies can be used in order to reduce the need for
rebalancing operations. This kind of strategy can be used independently (Waserhole and
Jost, 2012; Febbraro et al., 2012; Wu et al., 2019b) or can be supported with
operator-based rebalancing operations (Chemla et al., 2013; Pfrommer et al., 2014).

The works use optimization models (Chemla et al., 2013), discrete-event simulation
(Febbraro et al., 2012; Wu et al., 2019b), Markovian formulation (Waserhole and Jost,
2012), and model-based receding horizon optimization principles (Pfrommer et al., 2014)
to determine the price levels. Febbraro et al. (2012) propose a methodology which
includes two phases. In the first phase, the optimal location to drop-off the vehicle is
determined, and in the second phase, the amount of incentive which will be given to the
user is derived. The rebalancing problem to minimize the rejection ratio of reservations
is solved using a non-linear integer problem to complete the first phase. However, a
solution methodology for the second phase is not discussed in this study and left as a
future work. Waserhole and Jost (2012) suggest a fluid approximation to overcome the
computational complexity. = They replace the stochastic demand by a continuous
deterministic flow. The model becomes the limit of a scaled Markovian model, in which
the fleet, the station capacities and demand are scaled by a common factor.

Logit models can be utilized to understand the behavior of the users with respect to
incentives (Febbraro et al., 2012) or spatial and temporal flexibility (Boyaci and
Zografos, 2019). Febbraro et al. (2012) provide two choices to the users, i.e., "accept”
and "not accept". Their model includes two attributes, one being the distance between
the "wished for" and "proposed" parking zones and the other being the applied discount.
They state that it is difficult to estimate the coefficients because of the lack of data. In
continuation of the work of Boyaci et al. (2017), Boyaci and Zografos (2019) utilize a
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framework to analyze the effect of users’ spatial and/or temporal flexibility regarding
vehicle pick-ups and drop-offs and reservation processing type on the performance. The
proposed framework consists of three modules: preprocessing, optimization, and
simulation. These modules model the one-way eCSS operations realistically in terms of
the vehicle rebalancing and staff relocation, and battery charging requirements. The
results show that the spatial flexibility has a more significant effect than the temporal
flexibility.

The computational experiments are conducted to understand the effect of dynamic pricing
on LOS. Chemla et al. (2013) show that dynamic pricing improves the system LOS, which
is defined as the percentage of users who were able to find a bike at their origin and
were able to park their bikes at their destination. Short-term decisions seem to be more
efficient than the long-term ones. Furthermore, the pricing method seems to be promising
especially when the size of the problem increases. In Pfrommer et al. (2014), the level
of service is defined as the ratio of difference between the number of potential users and
no-service events, and the number of potential users. The results show that it is possible to
keep the LOS considerably high on weekends only with the pricing incentives and without
the use of rebalancing workers. Febbraro et al. (2012) report a threshold value for the
fleet size and observe in their case that when this threshold is exceeded, the percentage of
reservation rejections decreases drastically.

The stochasticity in demand and price elasticity are essential factors to consider since this
configuration is dynamic. Chemla et al. (2013) and Waserhole and Jost (2012) acknowledge
that these dimensions are important, and they lack in their methodology. However, they
also propose them as future work. The frequency of price updates should also be adjusted
accordingly. Chemla et al. (2013) update the prices every 15 minutes, whilst Waserhole
and Jost (2012) every 5 minutes. The users should not be discouraged due to too frequent
updates but also the nature of the dynamic pricing should be kept. In other words, the
trade-off should be analyzed to determine the frequency of updates.

2.4.3.2 Supply

As discussed in Faghih-Tmani et al. (2017) and Ashqar et al. (2019), the output of
demand forecasting is an essential input for decisions whether to conduct rebalancing
operations and how to apply them. We first present the works that are concerned with
static rebalancing. Such operations are less complex compared to dynamic rebalancing
since the routing schedule is not changed during system operation.

We see that static rebalancing is mostly studied in the context of station-based BSSs
and the optimization models are adopted to solve the routing problem (Raviv et al., 2013;
Schuijbroek et al., 2017; Dell’Amico et al., 2014; Liu et al., 2016). The system configuration
affects the characteristics of the developed optimization model. MILP models are the most
used approach to find the optimal routing (Raviv et al., 2013; Dell’Amico et al., 2014).
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Although Pal and Zhang (2017) tackle with free-floating BSSs and Bruglieri et al. (2019)
with station-based eCSSs, the solution approach is not different. Furthermore, Shu et al.
(2013) do not only rebalance bikes, but also propose an approach which includes mobile
docks and that can be used to determine the number of docks to install in each station on
a daily level, by using the available historical demand data. Liu et al. (2016) develop an
MINLP model that integrates the station level bike demand prediction using the historical
trip and weather data. Schuijbroek et al. (2017) also integrate the required inventory level
estimation by a Markov chain structure. They develop an MIP for the routing decisions
as well as a constraint programming (CP) approach. It should be noted that this paper
presents the first CP approach to solve the static rebalancing problem.

The computational burden has always been an issue for the routing problems. Valid
inequalities and dominance rules are thus proposed for some of optimization models (Raviv
et al., 2013; Dell’Amico et al., 2014). Pal and Zhang (2017) believe that column generation
can speed up the solution time. Some works use clustering to reduce the size of the network
and solve the routing problem for each cluster (Schuijbroek et al., 2017; Liu et al., 2016).

To overcome computational complexity, we also see applications of heuristics (Raviv et al.,
2013; Schuijbroek et al., 2017; Pal and Zhang, 2017), metaheuristics (Bruglieri et al., 2019),
and branch and cut algorithms (Dell’Amico et al., 2014). Raviv et al. (2013) provide
algorithmic enhancements via a two-phase solution method and arc deletion. The results
are robust to the traffic volume of the system, in other words, to the change in demand.
Schuijbroek et al. (2017) propose a heuristic that outperforms the pure MIP and CP
solutions, especially for instances with a larger vehicle fleet and a lower number of stations
per vehicle. Pal and Zhang (2017) develop a heuristic which is a hybrid of Nested Large
Neighborhood Search and Variable Neighborhood Descent. They also consider changing
the fleet size during the rebalancing operations, in order to allow maintenance at the
depot. Bruglieri et al. (2019) propose a metaheuristic algorithm based on the Adaptive
Large Neighborhood Search (ALNS). The authors consider the particularities of electric
vehicles (EVs), such as battery levels and charging requirements. They state that the
proposed ALNS-based heuristic reveals to be the most effective and efficient methodology
to solve the EV rebalancing problem.

Unlike it is studied in Pal and Zhang (2017), the maintenance can be done on the spot, too.
In the case of free-floating SSSs, the operator should be able to access the e-scooters that
have insufficient or empty batteries. This is another dimension of the problem compared
to station-based conventional VSSs. Masoud et al. (2019) develop an MILP for e-scooter
chargers allocation problem in order to assign the chargers to the scooters. Its objective is
to minimize the charging operation cost, which is influenced by two components: (i) the
distance between the charger and the e-scooter and (ii) penalties for additional chargers
added to the system. Since the model is NP-hard, the authors propose two algorithms to
solve the large-scale instances. The first is based on a many-to-one matching algorithm,
named adapted college admission (ACA) algorithm, whilst the second applies black hole
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optimizer (BHO), which is a metaheuristic. The results show that ACA produces better
results compared to BHO for large-size instances, which vary from 150 to 564 stations.

The optimization models are the most studied solution approach for dynamic
rebalancing operations, too. The objective function is usually designated as cost
minimization (Nourinejad et al., 2015), maximizing profit (Weikl and Bogenberger, 2015;
Ghosh et al., 2017), or minimizing the lost demand (Ghosh et al., 2016) subject to
problem specific constraints.

Since the time dimension is also present in dynamic rebalancing, it is more demanding
in terms of computational time compared to static rebalancing. The authors are able
to propose linear optimization models; however, they turn out to be computationally
intractable. The size of network is usually reduced by station clustering (Boyac1 et al.,
2017; Weikl and Bogenberger, 2015; Ghosh et al., 2017; Chemla et al., 2013). Whereas
Boyact et al. (2017) rebalance the vehicles within clusters, Weikl and Bogenberger (2015)
also consider inter-cluster rebalancing when necessary. Chemla et al. (2013) provide the
dynamic rebalancing strategy for one rebalancing truck. When one truck is not sufficient
for the rebalancing operations, the area is divided into clusters and the same procedure is
applied within the clusters.

Decomposition methods and decoupling the problem into subproblems are other
approaches to overcome the intractability issue (Ghosh et al., 2017; Nourinejad et al.,
2015; Weikl and Bogenberger, 2015; Rossi et al., 2016). Ghosh et al. (2017) use
Lagrangian dual decomposition and separate the routing and rebalancing problems.
They also group the stations to decrease the number of stations. Nourinejad et al. (2015)
also divide the main problem into two subproblems and use a heuristic based on a
decomposition method. In Weikl and Bogenberger (2015), the optimization algorithm is
responsible for determining the quantities of required inter-cluster rebalancing
operations. Subsequently, two rule-based methods determine inter- and intra-cluster
rebalancing operations, at the level of individual vehicles, and service trips. Huang et al.
(2020) use the lower and upper bounds of strategic and tactical level decisions, i.e.,
station capacity and fleet size, to determine the rebalancing operations by means of
linear programming (LP).

Stochastic programming can also be used to decouple the problem. Warrington and Ruchti
(2019) propose a two-stage stochastic programming approach. The first stage contains the
decisions of planned rebalancing truck journey, and loading and unloading at a node. The
second stage takes the first stage decisions and a demand realization as inputs. Then, the
completed shared vehicle journeys are obtained that minimize the rebalancing cost. The
uncertainty in the future demand can be considered by a scenario generation approach,
too (Ghosh et al., 2016). Maintenance trips and battery recharging/refueling requirements
of the vehicles can also be conducted at the same time with rebalancing operations (Weikl
and Bogenberger, 2015).
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In Ghosh et al. (2016), the problem is treated as an iterative game between the operator
and the adversary. The latter determines the worst-case demand scenario. Then, the
operator finds the optimal routing to rebalance the vehicles and tries to minimize the
worst-case lost demand over all scenarios, which is provided by the adversary. An MILP
is developed for each player. These two MILPs are solved consecutively until the system
converges.

Simulations can be utilized in order to identify whether a solution is feasible in terms of
any operational requirements, such as vehicle charging and maintenance. In Boyaci et al.
(2017), simulation and optimization are used to come up with a realistic solution. If the
solution provided by the optimization module is found to be infeasible by the simulation,
then additional constraints are imposed, and the optimization model is solved again.

The computational experiments provide useful insights. Nourinejad et al. (2015) analyze
the effect of marginal vehicle cost and demand. They test four different scenarios in terms
of vehicle cost and three in terms of demand. For each of the scenarios, an optimization
problem is solved to obtain vehicle rebalancing and staff relocation times and fleet size.
They see that the vehicle rebalancing and staff relocation times increase with the vehicle
cost. Moreover, they see that the demand affects the fleet size more than the staff size.
Boyaci et al. (2017) show that the demand forecasting and initial distribution of vehicles
among the stations are generally important aspects. Ghosh et al. (2016) observe that the
lost demand is reduced by at least 18% on average and 10% in the worst-case demand
scenario. Both Ghosh et al. (2016) and Ghosh et al. (2017) are able to claim the robustness
of their approaches with respect to the changes in the number of vehicles and the unit cost
for routing. Shu et al. (2013) state that as the fleet size increases, imbalances are observed
not necessarily in the city center but also in different congested areas of the network such
as interchange stations.

A study which combines dynamic pricing and dynamic online rebalancing operations, in
a station-based BSS, is fulfilled by Pfrommer et al. (2014). A Monte-Carlo simulation is
used to estimate the daily demand. A dynamic truck routing algorithm and dynamic price
incentives for users are compared in terms of LOS. For the routing algorithm, they use a
time-expanded network (as in Boyaci et al., 2017) and develop a mixed integer quadratic
problem (MIQP). To determine the pricing incentives, Model Predictive Control, which
is a quadratic program, is utilized. The results imply that the LOS improves with the
incentives and weekends are more likely to show improvement compared to weekdays.
Pantelidis et al. (2022) study the same problem for a free-floating eCSS using cost function
approximation and model it as a p-median rebalancing problem.

The autonomous vehicles, unlike the conventional and electric vehicles, are able to
rebalance themselves without any exogenous help. Regarding this, an interesting
problem definition is introduced by Rossi et al. (2016). The contribution of this work is
to include congestion in the modeling. In order to solve the routing problem of such a
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system within a capacitated transportation network, they introduce a linear optimization
model, namely congestion-free routing and rebalancing problem (CRRP). Trip requests
are assumed to be known, as in a system with reservations only. On the other hand,
CRRP does not necessarily give integral solutions and rounding techniques are not
applicable. Therefore, an integral CRRP is developed to obtain integral results on the
flows. Although it is NP-hard, the authors exploit its structural properties and decouple
the problem into routing and rebalancing. The results show that on symmetric road
networks, it is always possible to route vehicles for rebalancing in a coordinated way that
does not increase traffic congestion. The authors suggest considering the stochasticity in
demand and travel time as future work.

Instead of rebalancing operations, the balance of the system can be maintained by vehicle
assignment and relays, which denotes sequentially taking two vehicles to complete longer
trips. Zhang et al. (2019) work on such a strategy and use a space-time-battery network
flow model for an eCSS. This model is an extension of the conventional space—time network
flow model where each node represents a specific pair of location and time. In this model,
battery information is also included in nodes. Each vehicle is modeled as a commodity
and the battery is modeled as a resource of the commodity. The demand is assumed
to be known and the problem solution assigns trip requests to the available vehicles.
An unassigned request is rejected. The solution is obtained by a heuristic algorithm
guided by LP relaxations. Through extensive numerical experiments, authors demonstrate
that the proposed solution approach could consistently obtain satisfactory solutions in an
efficient way. With optimized EV assignment and relays, the eCSS may achieve a higher
vehicle utilization rate compared to a non-electric CSS. Numerical results also reveal that
optimized EV assignment is essential to circumventing battery constraints when most trips
are short. When the proportion of long trips is significant, relays can play an important
role to improve the eCSS’s performance.

Although fleet distribution is a decision mainly addressed at the tactical level, its
short-term adjustment may lead to the improvement of the system performance, both
from the operator’s and user’s perspective. Therefore, altering the fleet distribution is
investigated at this decision level. Furthermore, already deployed policies are revisited
and new policies are compared to the existing ones. The differentiation between the
decision levels is done according to the simulated time interval and the data used.

Kek et al. (2006) develop a time-stepping simulation model to evaluate rebalancing
strategies. Then, this work is further improved by Kek et al. (2009) by introducing an
additional optimizer and a trend filter. The former denotes an MILP which is based on a
time-space network and minimizes the cost of rebalancing operations. The latter
represents a heuristic algorithm and takes the output of the optimizer, which includes
the number of staff, staff and vehicle movement, and station status. Then, it proposes
realistic values for these parameters. This work contributes to literature with the usage
of these heuristics within the trend filter. Nair and Miller-Hooks (2011) develop a chance
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constrained model with desired reliability p. Their aim is to use the optimal fleet
distribution that minimizes the lost demand to compare different rebalancing strategies.
The model accounts for demand uncertainty by satisfying p-proportion of all demand
scenarios in the planning horizon. The solution to the model is taken care of by
p-efficient points enumeration and a cone-generation method is studied. Jorge et al.
(2014) inspire from Kek et al. (2009) and Nair and Miller-Hooks (2011), and they
integrate a new mathematical model into a simulation. The former optimizes the
rebalancing operations while maximizing the profitability. The latter evaluates different
rebalancing strategies.

We see that the performance indicators are usually ZVT, FPT, and NoR, with the goal
to be kept at minimum. Kek et al. (2006) and Kek et al. (2009) observe that the
proposed methodology increases the operational efficiency and therefore increase in profit
is expected. They also see that the ZVT and FPT are influenced by the vehicle to
trip-station ratio. The higher the ratio the more utilized and spread among the stations
the vehicles are. In Nair and Miller-Hooks (2011), the performance indicators are
determined as the true reliability of the model, rebalancing cost, and the robustness.

In Nair and Miller-Hooks (2011) additionally, nine different rebalancing strategies are
tested, and it is found that the strategies which account for demand stochasticity provide
more reliability than the static strategies. Jorge et al. (2014) compare, from the VSS
profit point of view, eight rebalancing strategies, based on the fixed rules, with the
optimal rebalancing solutions obtained by solving a mathematical model. In all cases,
the future demand is assumed to be known. The results show that the simulated
rebalancing strategies produce substantially less profit than the optimal rebalancing
solutions, showing that it is difficult to design effective real-time strategies based on fixed
rules. Nevertheless, they report that improvements in profit are achieved, even with the
fixed-rule rebalancing strategies, which the authors regard as realistic in practical
operations of VSSs. The optimal solutions provided by the mathematical model are
regarded as the upper bounds on the profit gains that can be achieved. Shu et al. (2013)
examine the effect of static and periodic rebalancing. In the latter, rebalancing is
performed several times per day, rather than all the time as in dynamic rebalancing.
They observe that periodic rebalancing is required only a small number of times per day,
and that there is a break-even point from which the frequent periodic rebalancing does
not add much value.

To evaluate different pricing strategies, optimization models can be used. As an extension
of Jorge et al. (2014), Jorge et al. (2015) propose an MINLP formulation that maximizes
the total daily profit to solve trip pricing problem for one-way CSSs. The price elasticity is
taken into account via additional decision variables. The prices per pair of zones and period
of the day, are obtained via clustering the stations in terms of their vehicle needs or ability
to provide vehicles. Although the problem size is reduced by clustering, the methodology is
still computationally expensive. Therefore, they come up with a metaheuristic algorithm

37



CHAPTER 2. VEHICLE SHARING SYSTEMS: A REVIEW AND A HOLISTIC
MANAGEMENT FRAMEWORK

based on iterated local search.

An interesting conclusion regarding the operational level is deduced by Yuan et al. (2019).
The holistic approach that they follow in their work help them to compare the value of
three decision levels. They point out that in the case study conducted with Changping
BSS in Beijing, over a 10-year horizon, the rebalancing costs were the 5.7% of the total
cost whereas the capital cost was 79% and the maintenance cost was 15.3%. This stresses
the fact that operational activities do not play as much role as the strategic and tactical
decisions.

2.4.3.3 Conclusion

We observe that the literature focuses on rebalancing operations at the operational level
decisions. Both simulation and optimization methods are used to propose solutions for
these operations. Since we talk about short-term decisions, the computational complexity
is another burden at this level. As considering continuous time frames increases the
computational complexity, the authors tend to discretize the time and use time-expanded

networks.

2.5 Research gaps and findings

In order to identify the gaps in the literature, we use Table 2.2, which summarizes the
placement of the reviewed works in our framework. The first observation is that there is
significantly more focus on supply aspects rather than demand aspects in the literature.
In particular, demand forecasting, budget allocation, market placement, and the pricing

strategies are promising research avenues.

We also observe that the short-term decisions (operational level) attract more attention
than longer term decisions (tactical and strategic levels). Many pieces of research focus
on the improvement of rebalancing operations at the operational level, trying to reduce
the computational time as well as offering new approaches and solution strategies to the
problem. Furthermore, through the literature review, we have not found any works dealing
with very short-term decisions, such as real-time decisions. However, we consider this
reasonable due to the nature of the observed system, frequency of demand changes, and
possible frequency of VSS response.

Among 63 reviewed papers, only 8 of them provide an inter-decision level analysis. Boyaci
et al. (2015), Repoux et al. (2019), and Soriguera and Jiménez (2020) combine strategic
and tactical level decisions whilst Ghosh et al. (2017) and Shu et al. (2013) combine
tactical and operational level decisions. Yuan et al. (2019) and Huang et al. (2020) study
a more holistic approach and combine all decision levels at the supply side. This reveals
the lack of research related to integration of the different decision levels. We believe that
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the integration provides a more holistic approach and a better understanding of the overall
system.

Regarding the field of the studies in the literature, we see that the main focus is directed
to CSSs and BSSs. Although this is expected since the new types of VSSs, such as SSSs
and MSSs, have emerged only during the last decade, they are exponentially growing in
most of the cities. The strategic level studies are done on MSSs by Degele et al. (2018) and
Aguilera-Garcia et al. (2020). A study by Masoud et al. (2019) studies the operational level
decisions on SSSs. Therefore, these new types of VSSs should be studied systematically
in order to improve both the user experience and the operator’s profit.

Although there are a few studies which discuss the environmental aspects of the VSSs,
Morton (2020) introduces air quality measures for the first time. Another pioneer work,
which is conducted by Caggiani et al. (2020), discusses the equity measures which depict
the discrimination between different population groups.

Furthermore, we include an additional type of classification which points out the future
work directions suggested by the authors of reviewed papers in Table 2.3. This table
consists of four columns. First two correspond to the reviewed work. The third column,
Suggested future work directions, presents the recommendations for future studies. Here,
we do not list future work directions that imply only a minor or unspecified improvement
of the current work. The fourth column is devoted to the works which have addressed the
suggested research gap. A dash is used to denote that none such work has been identified.

As one of the research gaps, we have identified a lack of research on the topic of
destination-choice prediction at all decision levels. The same conclusion has been
reached in Balac et al. (2019). At the strategic and tactical level, the destination-choice
prediction could be used for determining the locations and sizes of permanent and
temporary stations, respectively. Finally, at the operational level, destination-choice
should be predicted for the purpose of determining the need for free parking places,
which would further contribute to improving rebalancing operations and determining
pricing incentives.

Also, we see only one study regarding competition in VSSs (Balac et al., 2019). Given
that some cities deploy more than one operator of VSSs, this is a relevant topic to focus
on.

By constructing Table 2.3, we have tried to determine additional unaddressed research
paths. The majority of research paths can be sorted into the following three groups. Some
of these paths are related to further introduction of stochasticity, such as introducing the
last-minute reservations and cancellations in the system management. Other group of
paths suggest further development of demand models such as rich demand models that
incorporate jointly environment, system, and user properties. This way the authors aim
at representing a more realistic system. Finally, a group of paths suggest introducing
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Table 2.3: Suggested future work directions

Author H Year H Suggested future work directions H Addressed by

Li et al. (201 in et al. (202
Considering heterogeneity in individuals’ preferences et al. (2018), Jin et al. (2020)

MHIOMIANYHL LNIFNTDVNVIN

Aguilera-Garcia et al. 2020 Aguilera-Garcia et al. (2020)
Quantifying the impacts of a wider adoption of MSSs -
Ashqar et al. 2019 Investigating v.ariables such as bikes coming from other stations and relative locations .
of each station
A real-life case study which involves competition of sharing systems -
Balac et al. 2019 - - - -
Developing a destination-choice model -
Considering last-minute reservations -
Boyaci and Zografos 2019 Improving clustering by adding a feedback loop between the rebalancing
optimization and station clustering models
Integrating behavioral models to operational decisions -
Incorporating a simulation model to better represent rebalancing operations Boyaci et al. (2017)
Boyaci et al. 2015 - - - - -
Modeling the operational level with battery requirement constraints Boyaci et al. (2017)
Extending the models to the systems with no reservations -
B dZ fos (2019
Boyaci et al. 2017 o ) ) . N oyaci and Zografos ( )
Combining rebalancing operations and dynamic pricing Chemla et al. (2013)
Pfrommer et al. (2014)
Caggiani et al. 2019 Performing a temporal clustering of stations with respect to the days of the week Lin et al. (2018)!
Developing an equality-based bi-level programming where the second level is a
Caggiani et al. 2020 demand model
Considering vertical equity indices -
Campbell et al. 2016  Analyzing the effect of weather and air quality in relation to objective measures Morton (2020)
Integrating cost structures and rebalancing operations -
Celebi et al. 2018 Developing a demand model that takes weather, LOS, availability, and user behavior
into account
Considering multiple rebalancing trucks and their capacity -
Chiariotti et al. 2018 Clustering stations to reduce the rebalancing problem size Schuijbroek et al. (2017)

DILSITOH V ANV M3IATY V :SIWFLSAS DNIJVHS FT1DIHIA ¢ 43 1dVHD

Modeling user satisfaction -

‘ Continued on next page

IThe analysis on the days is done.
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TABLE 2.3 — continued from previous page

Author H Year H Suggested future work directions H Addressed by
Kaspi et al. (2016), H t al. (2020
Ciari et al. 2013b  Incorporating a reservation system R:;S)(P;lui ; al(. (201);)) uang et al. ( ),
Pf t al. (2014
Clemente et al. 2017  Dynamic determination of incentives during the trip W;Z:;Eloi an J(()st (2)0712)
Refining the user segments using further information and expanding to
Degele et al. 2018 a multi-factor classification
Considering the spatial distribution of the rentals Atag et al. (2020)
Deng and Cardin 2018 Considering flexibility in system design to respond to the changing demand Cardin et al. (2017)
Febbraro ot al. 2012 Introducu.lg electric Ve.hlcles into the simulation-based optimization model Boyaci et al. (2017),
for vehicle rebalancing Boyaci and Zografos (2019)
Utilizing queueing network model to derive efficient rebalancing strategies -
George and Xia 2011 Optimizine the capacity of stations Huang et al. (2020),Yuan et al. (2019),
P & pacity Caggiani et al. (2020)
Ghosh et al. 2017 Extem.ilng. with a robust optimization technique to account for demand )
realizations
Considering multi-step planning to better account for the future demand
Ghosh et al. 2016 stochasticity
Applying a decomposition technique to solve the rebalancing operations Ghosh et al. (2017)
Optimizing the number of charging piles per station -
Aguilera-Garcia et al. (2020
Huang et al. 2020 Considering the stochastic demand in mode-choice forecasting Jiiu;te:; (;g;g; ot al. ( )
Finding an appropriate pricing strategy that balances demand and vehicle
supply
Investigating battery degeneration over time and time-dependent electricity costs
Ilgen and Hock 2018 in eCSSs R e — A
Introducing dynamic pricing models into simulation of eCSSs -
Assessing the life cycle of an eCSS -
Jin ot al. 2020 Short-.term(real-time der?and estim.ation . - . -
Inducing trip demand shift from private vehicles to VSSs using incentives -
Jorge et al. 2014  Including stochastic trip variability and the travel time Yuan et al. (2019), Atag et al. (2020)

Continued on next page ‘
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TABLE 2.3 — continued from previous page

Author H Year H Suggested future work directions H Addressed by
Caggiani et al. (2019),
Studying different principles to determine the demand zones, i.e., station clusters Schuijbroek et al. (2017)
Jorge et al. 2015 Boyaci et al. (2017)
Investigating the efficiency of dynamic pricing in terms of imbalance Pfrommer et al. (2014)
Analyzing the influence of price on the demand variation -
Considering the misuse of the system by the users Kaspi et al. (2016)
Kaspi et al. 2014 Predicting the near future of the system using the information received via
reservations
Developing a measure, which combines several objectives for itinerary
Kaspi et al. 2016 evaluation
Examining the effects of parking reservation policies on the profit -
Kumar and Bierlaire 2012 Introducing one-way trips in a VSS, while retaining the return trips -
Exploring the effect of station vicinity to the ridership to determine station
B t al. (2015
Kutela and Teng 2019 locations oyact et al. ( )
Exploring network density influence on the ridership -
Aguilera-Garcia et al. (2020
Modeling users’ choice behavior and incorporating socio-economic characteristics .gul era-Garca et al. ( )
. Jin et al. (2020)
Li et al. 2018 — — - —
Linking the activity-based model to operational level supply policies -
Considering competition among multiple sharing systems Balac et al. (2019)
Lin et al 2018 Including weather and social events in the demand model Morton (2020), Kutela and Teng (2019)
in et al.
Incorporating this model in dynamic rebalancing operations -
Masoud et al. 2019 Co-nsidering the- inaccuracy of the Vehicl.e positions -
Using fuzzy logic to address the uncertainty -
Mi ¢ al 2019 Considering non-overlapping and equal size zones, such as hexagon cells Weikl and Bogenberger (2015)
iao et al.
Incorporating and clustering the charging infrastructure -
Morton 2020  Examining different categories of cyclists (e.g., by sex or age) Kutela and Teng (2019)
Boyaci and Zografos (2019),
Nair and Miller-Hooks 2011 Incorporating staff relocation operations to rebalancing operations Zhao et al. (2018), Boyac: et al. (2017),
Nourinejad et al. (2015)
Nourinejad and Roorda 2014 Assigning each user to a station to reduce rebalancing costs -

Continued on next page
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TABLE 2.3 — continued from previous page

Author H Year H Suggested future work directions H Addressed by
Incorporating stochastic demand into the vehicle rebalancing and staff relocating Nourinejad and Roorda (2014)
1 A 1. (2020)?2
Nourinejad et al. 2015 prob.em — - tag et al. (2020)
Including user waiting time as a cost component -
Considering the parking availability Repoux et al. (2019), Kaspi et al. (2014)
Extending the proposed valid inequalities -
Column generation approach to overcome computational complexity -
Pal and Zhang 2017 - - - - - -
Studying partial rebalancing operations, which will not serve all expected demand Boyaci et al. (2015)
Relaxing deterministic user arrival assumption Yuan et al. (2019), Atag et al. (2020)
Pfrommer et al. 2014 - - - - - - -
Relaxing linearized user reaction to incentives assumption -
Including several depots in the system -
. . . Ashgar et al. (2019), Lin et al. (2018),
I the d d model dat del
Raviv et al. 2013 fProving Bhe demand model using data mining modets Faghih-Imani et al. (2017)
Designing robust methods, with respect to unplanned events for rebalancing
operations
P t al. (2014
Repoux et al. 2019 Considering both dynamic rebalancing and dynamic pricing rommer et al. ( )
Chemla et al. (2013)
Nourinejad and Roorda (2014)3
Rossi et al. 2016 Incorporating stochastic demand and travel information for rebalancing operations A::;;q;. (a;(l) 20) g orda ( )
Exploring the integration with public transit -
Scott and Ciuro 2019 Exploring the influence of the geographical location and context on the ridership Faghih-Imani et al. (2017)
Shu et al. 2013 Explor'lng incentive schemes ' . ‘ -
Including demand endogenously to be dependent on the given incentives -
Soriguera and Jiménez 2020 Considering mixed system type, i.e., free-floating with a small number of stations -
Warrington and Ruchti 2019 Considering free-floating bike sharing Pal and Zhang (2017), Wu et al. (2019b)
Creating a task assignment model for rebalancing staff to increase the number of
Weikl and Bogenberger 2015 service trips in the given time window

Estimating rebalancing model sensitivity to the variation in zoning of the service area

Continued on next page

1937

2Stochastic demand is incorporated only in vehicle rebalancing problem.
30nly stochastic demand is covered.
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TABLE 2.3 — continued from previous page

Author H Year H Suggested future work directions H Addressed by
Investigating the optimality of different market-making mechanisms from different
Wu et al. 2019a perspectives
Analyzing the difference between myopic and strategic behavior of users -
Wi et al. 2019b Consider.ation o.f non-stationary Poisson process for demand modelin.g -
Introducing environmental performance measures for system evaluation Miao et al. (2019)
Yuan et al. 2019 Considering preventative and repair activities for station maintenance -
Introducing stochastic demand into the EV allocation model -
Zh t al. 2019 Zh t al. (2018), B t al. (2017
ang et a Jointly solving the staff scheduling problem No?liiflejid (et al.)(2OT§?C1 ot al. ( )
Incorporating a detailed charging process into rebalancing operations Soriguera and Jiménez (2020)
Zhao et al. 2018 Considering the stochasticity of travel time and battery charging -

Introducing uncertainty in the demand, in the form of last-minute trip cancellation
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2.6. CONCLUSION

new configurations of VSSs such as a hybrid free-floating and station-based VSS, and
return-trip and one-way trips.

All uncovered research paths, identified by our analysis, may be found in Table 2.3.
Therefrom, we conclude that the research paths are manifold and fairly the same number
of open questions exists on supply and demand sides of VSSs.

We limit the Table 2.3 to only works that propose research paths with conceptual
advancements. Additionally, many works which face computational complexity suggest
using heuristic or meta-heuristic algorithms (such as Nair and Miller-Hooks, 2011;
Chemla et al., 2013; Dell’Amico et al., 2014), or column generation and adding valid
inequalities (such as Pal and Zhang, 2017) as solution methodologies in the future work.

2.6 Conclusion

In this chapter, we have presented the holistic framework for management and
operations optimization of VSSs. The optimization problems which appear in these
systems repeat themselves, i.e., the same management approaches can be used in
different VSSs with rather small variations. Therefore, with the framework, we aim to
address all possible VSS configurations and vehicle types. In the light of the framework,
a thorough literature review on VSS management and optimization has been presented.
Simultaneously, the conclusions drawn from the review have contributed to produce the
framework architecture, components, and required tasks.

From the literature review, we have also concluded that a vast number of methodologies
for solving most planning problems in VSSs exist. Nevertheless, by mapping the existing
works to the framework, we have also identified unanswered research questions, such as the
lack of literature dealing with users’ destination-choice analysis or competing VSSs. Also,
certain vehicle types, such as moped and e-scooters, are not thoroughly studied although
they are very popular in practice.

The open research questions have been discovered additionally by a thorough analysis of
the further research paths proposed by the reviewed papers. Here, we have tried to match
each of the suggested research paths with other papers which tackle it. The analysis is
presented in Section 2.5 and Table 2.3, and it reveals many uncovered research paths.
Therefrom, the further research of VSS management and optimization seems justified.

Also, driven by the presented framework, we identify the first concrete research question
we intend to tackle. Although there are many works on the demand forecasting models,
none of them tries to determine the exact value of such models and justify the investment
in building them. Therefore, Chapter 3 will focus on quantifying the improvement of
system operations when demand forecasting models are applied.
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The added value of demand forecasting in bike
sharing systems

This chapter is based on the following two conference proceedings:

Atag, S., Obrenovié, N., Bierlaire, M. (2020). Vehicle sharing
systems: Does demand forecasting yield a better service?. In
Proceedings of the 20th Swiss Transport Research Conference, Ascona,

Switzerland.

Atag, S., Obrenovié, N., Bierlaire, M. (2021). A multi-objective
approach for station clustering in bike sharing systems. In
Proceedings of the 21st Swiss Transport Research Conference, Ascona,

Switzerland.

The work has been performed by the candidate under the supervision of Prof. Michel
Bierlaire and Res. Assoc. Nikola Obrenovié.

3.1 Introduction

Due to increasing environmental concerns, various sectors started to seek more
environmentally friendly solutions. The transportation sector constitutes the 14% of the
global greenhouse gas emissions in 2014 (Pachauri et al., 2014). When the end-use
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sectors are also considered, it accounts for the second-largest shares of the United States
greenhouse gas emissions by 28.7% in 2019 (EPA, 2021). Given the high share of
transportation among the emission contributors, more sustainable solutions have
emerged in recent years. These solutions include the idea of shared mobility, such as
ride-hailing, ride-sharing, and vehicle sharing. The conflicting objectives, i.e., user
convenience and operator’s profitability, have attracted the research community’s
attention and the focus on sharing systems has increased substantially.

Among several types of vehicles involved in sharing systems, bike sharing systems (BSSs)
are one type of shared mobility which is also studied under shared micro mobility (Shaheen
et al., 2020). They provide economically cost-effective and healthy mode of transportation
(Bieliniski et al., 2021). It is usually assumed that the shared micro-mobility, such as
e-scooters and e-bikes, is a climate-friendly solution to city transport. On the other hand,
a closer look into the modes they replace and user behavior, shared micro-mobility is
shown to emit more COg than the private micro-mobility in Zurich, Switzerland, mostly
due to the wrong decisions made at the operational level and vehicle manufacturing (Reck
et al., 2022). Due to the financial and operational failures, these systems shut down which
reveals the importance of operational efficiency in BSSs (Nikitas, 2019).

The supply side operational level challenges include vehicle rebalancing optimization
(Dell’Amico et al., 2014; Schuijbroek et al., 2017) and maintenance routing (Yuan et al.,
2019). The challenges on the demand side are short-term trip demand forecasting per
station or zone, i.e., disaggregate trip demand forecasting (Lin et al., 2018; Ashqar et al.,
2019), and dynamic pricing (Chiariotti et al., 2018; Wu et al., 2019a).

In addition to the historical trip records, demand forecasting methods use historical
weather, socio-economic characteristics of the users, air quality, etc. @~ The more
information is available for forecasting, the more precise the models are. On the one
hand, collecting and analyzing such information is not always trivial and induce
substantial costs. Therefore, knowing the added value of demand forecasting is essential.
It allows the decision maker to know the upper limit for the budget allowance of demand
forecasting operations. On the other hand, minimizing prediction error does not

necessarily minimize the decision error as also discussed by Elmachtoub and Grigas
(2022).

Although the demand forecasting and rebalancing operations optimization are widely
studied, we observe that there is a lack of investigating the relationship between them
and the added value of demand forecasting. Here, we regard this value through a
quantification of the improvement of rebalancing operations and level of service in the
presence of demand forecast.

Therefore, this chapter proposes a framework that lets the decision maker explore the
added value of demand forecasting in station-based BSSs where rebalancing operations
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are conducted when the system is low in operation, i.e., static rebalancing. The
literature includes many works on precise demand forecasting. In this work, we aim at
showing the relation between system characteristics and the necessity of precise trip
demand forecasting. Furthermore, we incorporate a clustering module to solve large-size
instances and present results on selected real-life case studies. As suggested in Nikitas
(2019), the "one business model fits all" strategy is flawed and unique city-specific
management and optimization approaches are required in the context of BSSs. Our work
does not only show the different BSS management requirements of different cities by
experimentation but also helps the decision maker evaluate the added value of demand
forecasting, for the city structure of their interest.

This chapter contributes to the current state of the art in the following ways. First, we
propose a general framework that lets one to determine the added value of trip demand
forecasting that is present in any vehicle sharing system (VSS). In fact, the proposed
framework is applicable to any kind of VSS and we instantiate the framework for BSSs.
Second, we consider a rebalancing model from the literature and improve it by modifying
the subtour elimination constraints. This helps to reduce the computational complexity of
the model. Third, we suggest a good clustering approach that is verified for our use case.
Fourth and finally, we experiment our methodology on one synthetic and four real-life
case studies which helps us to identify the relation between the city characteristics and
rebalancing operations.

The rest of the chapter is organized as follows: Section 3.2 presents the literature review
on rebalancing operations (Section 3.2.2), demand forecasting (Section 3.2.1), and
clustering (Section 3.2.3) in BSSs. Afterwards, we talk about the details of the proposed
methodological framework in Section 3.3. The experimental results conducted on several
case studies, including synthetic and real-life case studies, are presented in Section 3.4.
Finally, in Section 3.5, we conclude the chapter and suggest possible future research
directions.

3.2 Literature review

In this section, we discuss the state-of-the-art methods on the operational level
challenges, analyzed by our proposed framework, i.e., trip demand forecasting, vehicle
rebalancing operations, and station clustering. Although the proposed framework is
generic and can be applied to any kind of vehicle sharing system (VSS), we experiment
with the framework in BSSs and therefore limit our literature review to station-based
BSSs with static rebalancing. For the literature on other forms of VSSs and their related
problems, the reader may refer to Chapter 2 and Laporte et al. (2018).
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3.2.1 Data collection and demand forecasting

Data collection is an important task if one aims for demand forecasting. For this
purpose, some studies in the literature use revealed preference (RP) surveys, for
example, system-use data (Bardi et al., 2019), stated preference (SP) surveys (Campbell
et al., 2016; Wu et al., 2019a), and some combine RP and SP (Ye et al., 2020). The RP
surveys are usually used when the system is already established as it requires realized
trip demand information. On the other hand, SP surveys are more flexible as they do
not require a well-established system. The works use both socio-economic characteristics
of the users (Scott and Ciuro, 2019), and environmental factors such as weather
conditions, temporal variables, and station attributes (Kutela and Teng, 2019; Ashqar
et al., 2019; Scott and Ciuro, 2019).

Following the data collection, works utilize different approaches to analyze various factors
in BSSs. Mode-choice in BSSs is modeled using a multinomial logit model (Campbell
et al., 2016). Regression models are used to understand bike count’s behavior (Ashqar
et al., 2019), and to estimate daily bike-sharing trips (Kutela and Teng, 2019). Since the
traditional linear regression models assume independence between observations, Scott and
Ciuro (2019) use the random intercept multilevel model to identify the factors affecting the
BSS ridership. The literature also consists of approaches based on Markov-chain structure
(Raviv et al., 2013; Schuijbroek et al., 2017) and neural networks (NNs) such as variational
Poisson recurrent NNs (Gammelli et al., 2022), to estimate the number of bikes per station
in steady state. Some works use a binary logit model and a linear regression model to
identify the stations that need rebalancing and the amount of rebalancing, respectively
(Faghih-Tmani et al., 2017). On the other hand, Gammelli et al. (2022) claim that more
precise forecasts do not necessarily translate into better decision making in the context of
station-based BSSs.

Unlike many studies that take the observed data into account, Negahban (2019) creates a
very realistic trip demand data through extensive simulation and bootstrapping methods.
They introduce an optimization problem and a simulation-based method. This helps to
determine appropriate distribution(s), which approximates the true unknown demand,
among several ones that are simulated.

3.2.2 Rebalancing operations

The BSSs have started to experience vehicle imbalance with the introduction of one-way
trips. It is possible to mitigate or even resolve this imbalance, created by the structure of
the city or other environmental effects, by bike rebalancing operations. The first solution
approaches focus on static rebalancing, where the bikes are rebalanced when the system
is not in operation or serves a very low trip demand, using trucks that transfer bikes from
and to the depot and stations (Raviv et al., 2013; Dell’Amico et al., 2014; Gammelli et al.,
2022).
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We see in the literature that optimization models are proposed to find the routing for the
rebalancing operations in station-based BSSs (Raviv et al., 2013; Dell’Amico et al., 2014;
Schuijbroek et al., 2017; Pfrommer et al., 2014; Shu et al., 2013; Erdogan et al., 2014;
Chemla et al., 2013b; Cruz et al., 2017; Ho and Szeto, 2017). The proposed formulations
include but are not limited to mixed integer linear programs (MILP; Raviv et al., 2013;
Dell’Amico et al., 2014), mixed integer quadratic programs (MIQP; Pfrommer et al.,
2014), and mixed integer programs (MIP; Schuijbroek et al., 2017). Some formulations
generalize the many to many pickup and delivery problem with a single vehicle and one
commodity (Raviv et al., 2013; Chemla et al., 2013b).

Various problem definitions exist in the literature. Some allow only one truck to rebalance
the bikes (Erdogan et al., 2014; Chemla et al., 2013b) whilst in some studies multi-vehicle
approach is used (Raviv et al., 2013; Dell’Amico et al., 2014; Ho and Szeto, 2017). The
objectives might be operator-oriented, i.e., minimizing operational cost or maximizing
profit (Dell’Amico et al., 2014; Raviv et al., 2013), user-oriented, i.e., maximizing the level
of service (Kaspi et al., 2016), and both operator- and user-oriented (Ghosh et al., 2017,
Shu et al., 2013).

As the computational complexity of the developed mathematical models increases
exponentially with number of stations and bikes, exact methods (Raviv et al., 2013;
Dell’Amico et al., 2014), heuristics (Schuijbroek et al., 2017; Liu et al., 2016; Erdogan
et al., 2014), and meta-heuristics (Ho and Szeto, 2017) are proposed. Valid inequalities
(Raviv et al., 2013; Dell’Amico et al., 2014), dominance rules (Raviv et al., 2013),
branch-and-cut algorithm (Dell’Amico et al., 2014; Erdogan et al., 2014), and Benders
decomposition (Erdogan et al., 2014; Dell’Amico et al., 2014) are some examples to the
exact methods. Clustering-based heuristics (Schuijbroek et al., 2017; Liu et al., 2016) are
used to decompose the problem. With meta-heuristics such as large neighborhood search
and local search, the characteristics of the problem are exploited to achieve the optimal
solution (Ho and Szeto, 2017; Cruz et al., 2017).

3.2.3 Clustering

Clustering is mainly used for two general purposes. The first aims to understand the
spatio-temporal characteristics of the stations, which include people’s travel habits and
land use around the stations (i.e., residential, commercial). K-means clustering (Ma et al.,
2019; Feng et al., 2017) and hierarchical clustering approaches (Lahoorpoor et al., 2019;
Feng et al., 2017) are used in the literature to serve this aim.

The second aims to reduce the complexity of rebalancing operations optimization caused
by large-size problem instances. The rebalancing operations optimization is solved for each
cluster. These clusters can be determined by using hierarchical clustering (Lahoorpoor
et al., 2019), k-nearest neighbor (Liu et al., 2016), and an MIP model (Schuijbroek et al.,
2017). For example, Lahoorpoor et al. (2019) use agglomerative hierarchical clustering to
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reduce the problem size. Thanks to the utilized similarity matrix based on the number
of trips between each station, they are able to identify the correlated stations. This
helps them to discover the group of stations that share most trips. The MIP model
developed by Schuijbroek et al. (2017) for station clustering uses a maximum spanning
star approximation to solve the mathematical model in real-time.

To summarize, we see that various methods are used to forecast the demand in BSSs in
the literature. This forecast is used to aid other operations of BSS such as rebalancing
operations and pricing. However, the added value to the performance of everyday
operations is not well-studied in the literature. We detect two studies from Shu et al.
(2013) and Angelelli et al. (2022) that work on the added value of rebalancing
operations, and Gammelli et al. (2022) compare different demand models in the context
of bike sharing, however, they do not inccorporate rebalancing operations optimization
in their framework. We see that the literature lacks the investigation of the added value
of constructing a precise demand model in station-based BSSs conducting static
rebalancing operations, to the best of our knowledge. We also do not find any works that
experiment on several case studies to illustrate their findings. In this chapter, we aim to
address these research gaps.

3.3 Methodology

We propose a methodological framework to analyze the added value of trip demand
forecasting in VSSs. This framework involves three main modules, i.e., trip demand
forecasting, simulation, and optimization, as illustrated in Figure 3.1. The added value
of the trip demand forecasting module is investigated.

The optimization module further splits into two parts, i.e., clustering and rebalancing as
depicted in Figure 3.2. The former is responsible for creating the station clusters whereas
the latter solves the rebalancing operations optimization for each cluster. Station clusters
reduce the complexity of rebalancing operations optimization by limiting the associated
activities to a smaller number of conveniently selected stations. In the simulation module,
the trip demand for one day is simulated using a discrete-event simulator. We consider that
picked-up bikes driven to the drop-off station as the practice suggests that. The station
imbalance is calculated for each station using the final configuration of the simulated day
and the desired initial configuration for the following day. Then, the station imbalance of
each station along with precomputed clustering information are passed to the optimization
module that calculates the best routing for the rebalancing operations. The number of lost
trip demand and the cost of rebalancing operations are recorded as performance measures
and stored in the database. The dashed arrow in Figure 3.1 represents the iterative process
of the framework.

We consider two extreme scenarios: (i) unknown demand and (ii) known demand. The first
assumes that the trip demand information is not available to the operator. Therefore, the
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vehicles are rebalanced to the same initial configuration every day. The second assumes
perfect knowledge about the future trip demand. In other words, the operator knows
where and when a trip demand will occur. The desired initial configuration of the next
day is determined according to this information. The number of vehicle deficiency or
surplus throughout the day is calculated with the help of perfect information on trip
demand. Then, the maximum deficiency is assigned as the initial number of vehicles at
the beginning of the day. If the number of vehicles is not enough to assign the necessary
number of vehicles to each station, we proportionally decrease the number of vehicles at
each station.

The proposed framework suggests a generic approach to obtain the added value of
demand forecasting in VSSs. The following four subsections present the details of the
problem description (Section 3.3.1) and the three main modules for an instantiation of
BSSs, i.e., simulation (Section 3.3.2), rebalancing operations optimization (Section
3.3.3), and clustering (Section 3.3.4).

3.3.1 Problem description

We are interested in a one-way station-based BSS, where the rebalancing is static and
operator-based, i.e., conducted with trucks at night. We denote the set of stations by
N and by V when the depot is also included. Ly, (i, By, A for k € N, represent the
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Figure 3.1: The framework for VSS simulation and rebalancing optimization
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Figure 3.2: Simulation and optimization modules in detail

capacity and altitude of station k, and the number of bikes and available parking spots
at station k, respectively. The number of available parking spots for station k, i.e., Ay, is
then equal to Ly — By. The capacity information can be adjusted accordingly to consider
a BSS with uncapacitated stations. The altitude of station k, i.e., (i, is later used in
creating scenarios with spatial differences.

We define the set T' that is a union of three subsets, i.e., I'"¢?, T'%5 and T'V, trip request,
destination, and station and depot locations, respectively. The elements of these sets are

red ~ydes and 7,‘;, which are tuples of latitude and longitude values of the corresponding
locations. The distance matrix A contains the distances from origin o to destination d
with mode n is denoted as 9§, where o,d € T', and n = {'walk’, 'bike’, drive’}. The
maximum walking distance that a user is willing to walk from origin to pick-up or
drop-off to destination is defined as ¢. We refer to the vehicle and parking distribution
throughout the BSS stations as its configuration. We define the initial configuration as
the configuration at the beginning of the day and the final configuration as the

configuration at the end of the day.

We define the time horizon as T'. The time horizon is divided into |P| time windows, each
denoted TW,,, where P is the set of time windows and p € P. The time is not discretized
but drawn for each event according to the Poisson distribution. A, provides the information
on the rate of trip requests for each T'W),,, where p € P. This differentiation makes the
simulator flexible at the temporal level to test different behaviors during the day, such as
rush hours and specific event times.

A set of trips 2 happens during the day. Each trip demand w €  has both spatial
and temporal dimensions, i.e., the request time, location of the request and destination
locations, 77¢9, 47¢4, and 7%, respectively. The trip demand is not aggregated. A trip
demand w is satisfied when there is an available vehicle at the time of pick-up at station

1 where 6;”#2@’“7 v <¢andw e Q.

The number of people in the system () and the number of people using a vehicle (u)
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at that time are recorded as indicators. These indicators allow us to extract the number
of lost trip demand which is equal to the number of users who opt out because of the
unavailability of bikes or parking spots.

The rebalancing operations take place instantaneously after a day is completed. We assume
that there are m relocation vehicles available each with a capacity of Q). The cost of
traveling from ¢ to j where 4,5 € V, is denoted by ¢;;, which is equal to (5%””6. The
imbalance of a station k, i.e., g is computed as the difference between the number of
vehicles left at the end of the simulated day and the desired number of vehicles at the
beginning of the following day. Note that g < 0 if the station is a demand station, i.e.,
the number of pick-ups is more than the number of drop-offs, ¢ > 0 if it is a supply
station, i.e., the number of pick-ups is less than the number of drop-offs, and g = 0 if it
is a self-balancing station, i.e., the number of pick-ups is equal to the number of drop-offs.
The rebalancing trucks visit station k if ¢ # 0.

3.3.2 Simulation

We implement a discrete event simulator that mimics one day of a one-way station-based
BSS, that is, T' corresponds to 24 hours. The simulator takes the initial configuration of
the system, i.e., vehicle and parking distributions, B and A, respectively, trips set €2, the
distance matrix A, and the willingness to walk value ¢ as inputs. The state variable of the
system is time, denoted as t, where t € [0,7]. Both B and A vectors are updated as soon
as an event is processed from the event queue. Within [0, 7], origin-destination (O-D)
pair requests, which are trip requests from a specific origin to a destination, arrive in the
system, depending on the \,, which is referred to as the O-D pair request rate. After T,
the events in the system are served and no more O-D pair requests are generated. The
simulation outputs include the final configuration of the system, the realized trips list, and
the number of lost trip demands.

The simulation module consists of six event types: (i) SimStart, (ii) REQUEST, (iii) PICKUP,
(iv) DROPOFF, (v) COMPLETED, and (vi) SimEnd. The triggered events are added to the event
list and this list is kept in chronological order. Table 3.1 summarizes the event types, the
triggered event(s) by each event, and the change in event queue status.

The SimStart event triggers the REQUEST and SimEnd events. A REQUEST event is
generated at the beginning of the simulation for each O-D pair request. These REQUEST
events form the initial event list in chronological order. By this way, the simulator keeps
track of the time. As soon as a REQUEST event is observed in the event list 7 is increased
by 1 and a PICKUP event is generated if there is a station k with By > 1 within walking
distance, ¢. If By = 0 Yk € N within ¢, the user opts-out, which represents a lost trip
demand, and the 7 is decreased by 1.

When a PICKUP event appears in the event list, a DROPOFF event, which consists of the
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desired drop-off station information, say d, is generated if A; > 1, and p is increased by
1. Otherwise, the user opts out (lost trip demand) and leaves the system. In this case, we
decrease n by 1. We assume that PICKUP and DROPOFF events are instantaneous.

The DROPOFF event triggers either another DROPOFF event or a COMPLETED event. The user
chooses a drop-off station closest to their destination location. However, in some cases,
the user might not be able to find an available parking spot at the chosen location. Then,
another DROPOFF event is triggered, and the user tries the next closest station. If Ay > 1
at the corresponding drop-off station d, then a COMPLETED event is generated and p is
decreased by 1. The COMPLETED event is removed from the queue as soon as the user
reaches the destination point which also makes them leave the system, i.e., n is decreased
by 1. The SimEnd event is triggered when the event list is empty.

Although the application of our framework is illustrated on a BSS, the events of the
simulator are designed so that the simulator is adaptable to any kind of VSS that is a
one-way station-based system.

3.3.3 Rebalancing operations optimization

As discussed in Section 3.2.2, the optimization programs are widely used to find the routing
for rebalancing operations in BSSs. As this chapter considers a one-way station-based BSS
that adopts static rebalancing, we decide to use and improve one of the MILP formulations
from Dell’Amico et al. (2014). This formulation is selected due to the availability of the
simulator and the full information on O-D pair requests of the next day. Although the
authors in Dell’Amico et al. (2014) claim that the formulation (F'3) provides better results
than (F'1) in terms of computational time, we select (F'1) due to its convenience to modify
the subtour elimination constraints. Next, we give the full notation followed by the detailed

model.
Table 3.1: Events
Event Triggered Event Queue
SimStart REQUEST, SimEnd -
REQUEST (if ¢t < T), n=n+1
REQUEST
. PICKUP (if there is an available station within ¢) -
PICKUP DROPOFF (if there are available vehicles) p=pn+1
DROPOFF DROPOFF (if no parking available), -
COMPLETED p=p—1
COMPLETED n=n—1
SimEnd -
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Sets and indices
k, 1, and h € N: station indices
i and j € V: depot and station indices, where V = N U {0}

Parameters

m: the number of relocation vehicles available

@: the capacity of each relocation vehicle

cij: the cost of traveling from i to j

qr: the station imbalance at station k

¢: number of stations involved in the optimization problem
M: the big-M value

Decision variables
xi;: 1 if arc (7, 7) is used by a relocation vehicle, 0 otherwise
6;: the load of a vehicle after it leaves node j

Auxiliary variables

u;: the additional real variables to model Miller-Tucker-Zemlin (MTZ) constraints, which
are used to give an ordering to all nodes excluding the depot to prevent the formation of
subtours.

i€V jev
s.t0 > ww =1 Vke N (3.2)
eV
> ki =1 Vk e N (3.3)
eV
Z Toj S m (34)
JjeEV
Z Tok — Z Tko = 0 (35)
keN keN
SN a<|8|-1 VSC N,S#0 (3.6)
icS jes
6; > max{0,q;} Vjev (3.7)
0, <min{Q.Q+q} VeV (3.8)
9k—9i+M(1—xik)qu VieV,ke N (3.9)
Qk—9j+M(1—xkj)2—qj Vke N,jeV (310)
Ti5 € {0, ].} Vi, j €V (311)

(F1) is based on the Multiple Traveling Salesman Problem (m-TSP), in which there exist
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m uncapacitated vehicles located at a central depot. These vehicles have to visit a set
of vertices exactly once. This base model is formulated by the objective function (3.1)
and constraints (3.2)-(3.6) and (3.11). The objective function (3.1) minimizes the routing
cost. Constraints (3.2) and (3.3) make sure that every node except the depot is served
exactly once. Following two sets of constraints, (3.4) and (3.5), assure that no more than
m vehicles are used, and all used vehicles return to the depot at the end of their route. The
constraint set (3.6) is a typical cut-set constraint that is used for subtour elimination. Last
constraint set (3.11) imposes binary restrictions on decision variables z;;’s. The authors
define an additional continuous variable 6; to formulate the Bike sharing Rebalancing
Problem (BRP). This variable represents the load of a vehicle after a visit to node j. ¢
is a precomputed vector that is the difference between the target number of bikes for the
following day and the number of bikes that were left the previous day, at station k. The
additional constraints (3.7) and (3.8) define the upper bound on the load of a vehicle. The
flow conservation is achieved by (3.9) and (3.10).

The existing subtour elimination constraints in (F'1) lead to an exponential number of
constraints. This results in computational complexity in the order of O(2V) and the
model becomes intractable for large instances. The classical subtour elimination
constraints that are used in (F'1) correspond to Dantzig-Fulkerson-Johnson (DFJ)
formulation (Dantzig et al., 1954). In Miller et al. (1960), the authors introduce a new
formulation, i.e., Miller-Tucker-Zemlin (MTZ), using additional decision variables and
decrease the number of constraints to (N + 1)2.

We consider a cost function that is asymmetric in our formulation, that leads to a special
case of asymmetric traveling salesman problem (ATSP). The literature includes many
works on the discussion of which subtour elimination constraints provide a better solution
(Bektag and Gouveia, 2014; Velednitsky, 2017). Although the DFJ polytope is contained in
the MTZ polytope for the ATSP (Velednitsky, 2017), it is important to consider the other
factors. A recent work by Bazrafshan et al. (2021) utilize a multi-criteria decision-making
approach, i.e., the simultaneous evaluation of the criteria and alternatives, to analyze five
criteria. These are the number of constraints, number of variables, type of variables, time
of solving, and differences between the optimum and the relaxed value. Their results
show that when DFJ and MTZ formulations are compared, MTZ ranks better than DFJ,
especially for node size that is greater than 20. Therefore, this work provides an extension
to (F1) by utilizing the MTZ constraints, i.e., (3.17) and (3.18), in order to overcome the
computational burden. Constraints (3.19) are also added to prevent the subtours to the
same station. For this purpose, a new decision variable, u;, Vi € V, is introduced. This
way the computational complexity is reduced to O(N?).

Furthermore, we use the valid inequalities proposed as an extension to (F1) by
Dell’Amico et al. (2014). Since there is no feasible solution consecutively going through
three nodes that have a total station imbalance larger than the capacity, these solutions
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can be excluded. For this purpose, they define the set

and introduce Egs. (3.24) and (3.25).

S(i,j) ={he N,h#i,h #j:|¢; +q; +aqu| > Q}

In the light of these, we give the modified model as (F'1j7). Since the model is solved for
the subset of stations that show nonzero station imbalance as in Liu et al. (2016), we

introduce another parameter g, that gives the number of stations with nonzero station

imbalance. Given these, (F'1j) finds the routing plan for the relocation vehicles. The
validity of the model is ensured by the fact that it is based on Dell’Amico et al. (2014)
and the subtour elimination constraints are replaced with a set of constraints that are

proven to be equivalent to the existing ones. For the detailed discussion on the modified
model the reader is kindly referred to Atag et al. (2020).

(F1p) min

E E CijLij

i€V jev

E Tl = 1
i€V

E Ll — 1
i€V

E Zoj <m

JEV

Z Toj — Zxk(] =0

kEN kEN
up —ug + |N|*xp < |[N|—1
1<u; <[N[-¢q
i =0
0 > max{0,q;}
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3.3.4 Clustering

As discussed in Section 3.3.3, the rebalancing operations optimization becomes
computationally intractable for larger-size instances. Therefore, we consider clustering in
our framework to decompose the problem into smaller subproblems. We consider and
compare different clustering approaches in our previous work (Atag et al., 2021b), i.e.,
agglomerative hierarchical clustering (AHC) with Ward linkage (Ward, 1963) and
proximity of stations as a similarity matrix, AHC with Ward linkage and number of trips
between stations as a similarity matrix adapted from Lahoorpoor et al. (2019) and two
multi-objective mathematical models developed to serve system needs.

To select the best clustering approach for our methodology, we set our performance
measures, as follows:

o (P1) the total in-cluster Manhattan distance, that shows the compactness of the
cluster,

o (P2) the deviation of the total in-cluster station imbalance from zero, that shows
whether the clusters are self-sufficient, and

o (P3) the deviation of the number of stations per cluster from the average number
of stations per cluster, that shows whether the number of stations visited by a
rebalancing vehicle is balanced among clusters.

As a result of the computational experiments conducted, we select AHC with Ward linkage
and proximity of stations as a similarity matrix for our framework. Next, we present the
selected method. The reader can refer to Atag et al. (2021b) or Appendix B to have more
detailed information on all the considered methods and their performance comparison with
regards to the rebalancing problem.

In AHC, each element, i.e., a station in our case, is treated as a singleton cluster at the
beginning of the algorithm. This bottom-up approach connects a pair of clusters that
are the most similar to produce a bigger cluster. The algorithm halts as soon as all the
elements are in one cluster.

The data is used to compute the similarity (dissimilarity) matrix between each pair of
elements in the data set. According to a linkage function, the closest elements (or
clusters) are grouped at one higher level in the hierarchy, which forms the dendrogram.
Then, the decision maker determines a convenient level to cut the dendrogram, which
also corresponds to the number of clusters.

In the selected method, we use the proximity of two stations, which corresponds to the
physical distance between a pair of stations, as a similarity matrix. Although this method
does not pay regard to the performance measures (P2) and (P3), it produces geographically
convenient clusters, helping to improve (P1). As it performs the best according to the
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overall criteria, i.e., rebalancing operations cost, this clustering method is selected for the
experiments.

There are several linkage functions introduced in the literature such as single, complete,
group average, and Ward (Nielsen, 2016). This chapter considers Ward linkage, which
aims to minimize total within-cluster variance. This linkage is chosen since it allows using
different similarity measures between data points or clusters, which can be number of trips
between stations in the context of BSSs Lahoorpoor et al. (2019).

3.4 Computational results

This section starts with the description of synthetic and real-life case studies (Section
3.4.1). Then, in Section 3.4.2, we present the results for the sensitivity analysis of the
variants of the synthetic case study and the selected clustering approach for the real-life
case studies. Finally, we present the results obtained from the complete framework on
four real-life case studies that have different city characteristics. As these systems operate
with many stations, the clustering module is utilized. We use a machine with 8 GB RAM
and a 2.3 GHz Intel Core i5 processor. python and python API for CPLEX 12.10 are used
to solve the optimization model.

3.4.1 Data

The synthetic case study is based on the Lausanne-Morges district of PubliBike BSS from
Switzerland. As this system does not have too many stations, the rebalancing operations
optimization can be solved in real-time. Therefore, clustering is not included in these
experiments. The limited number of case variants in the synthetic case study motivates
us to experiment with real-life case studies to observe the results of the framework in a
realistic environment. Therefore, we present the considered real-life case studies, which
are nextbike Sarajevo, nextbike Berlin, Divvy Chicago, and Citi Bike New York. For both
synthetic and real-life case studies, the structure of the trip data is the same as introduced
in the Section 3.3.1.

3.4.1.1 Synthetic case study

We construct an environment that includes the station information from PubliBike BSS
in the Lausanne-Morges district from Switzerland, which has a one-way station-based
configuration. We assume that static rebalancing is done at the end of every day. This
system operates with 35 stations (Figure 3.3) and 175 bikes. Since the stations of PubliBike
do not have lockers, it is possible to drop a bike off at a station regardless of the number of
bikes existing in that station. Therefore, the capacity of each station is set to infinity. This
parameter is later set to a finite number in real-life case studies presented in Section 3.4.1.2.
In the literature, the capacity of the trucks is set to different values between 25 (Liu et al.,
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2016) and 50 (Chiariotti et al., 2020). As the stations are uncapacitated we set the capacity
of a relocating vehicle, @, to 40 bikes and the number of such vehicles, m, to 2.

In order to conduct a sensitivity analysis, we create four different use case variants that
differ either spatially or temporally or both. For the base variant, i.e., the uniform variant,
we set, the average number of requested trips, Ay, for all p = 1,..., P, to 20 requests per
hour. We determine these values following the aggregate values given by the company
openly available on their website (PubliBike, 2023). The average number of trip demands
per station is calculated to account for the size of the considered network and used in this
chapter. Detailed analysis cannot be performed due to unavailability of disaggregate trip
demand data.

For the variants which take temporal differences into account, we set different )\, values
for each time window p. Specifically, we create 5 time windows: 00:00-05:59, 06:00-08:59,
09:00-15:59, 16:00-19:59, and 20:00-23:59. For those time windows, we respectively set
A ={2,40,20,40,12}. These time windows are designed to represent the rush hours and
off-peak. Furthermore, the expected total number of O-D pair requests in a day is kept
the same as in the uniform variants.

For the variants which take spatial differences, i.e., the difference in altitude, into account,
we again set Ay, for all p=1,..., P, to 20 requests per hour. On the other hand, less trip
demand is generated for uphill trips compared to downhill ones. Knowing the altitude of
each station, i.e., alt;, Vi € N, the trips are deleted from the scenario with a probability
that depends on the altitude difference between the pick-up and drop-off stations if the
drop-off station is higher than the pick-up station. For the Lausanne-Morges case study,

xxxxxxxx RE, Swiasiopo, KGM | Taams of e

Figure 3.3: PubliBike stations (Lausanne-Morges district)

62



3.4. COMPUTATIONAL RESULTS

(a) Sarajevo (b) Berlin

Figure 3.4: nextbike BSS stations

we expect that the spatial differences are important since the area has a considerably high
altitude difference.

The last set of variants, which take both the spatial and temporal differences into account,
use the properties of both the spatial and temporal differences at the same time.

Each variant is generated and used for both known and unknown demand scenarios to
compare the lost trip demand and rebalancing operations cost. The objective function is
built with the cost value being the distance traveled by truck(s) carrying the bikes. Since
we are interested in the evaluation of the added value of demand forecasting, the number
of lost trip demand and the total number of O-D pair requests are presented along with
the rebalancing costs. Lost trip demand corresponds to the number of users who opt out
because of the unavailability of bikes.

3.4.1.2 Real-life case studies

We consider four case studies: nextbike Sarajevo, nextbike Berlin, Divvy Chicago, and
Citi Bike New York. These case studies operate with 21, 298, 681, and 1361 stations, and
around 120, 3000, 6000, and 22000 bikes, respectively. The main motivation for choosing
these case studies is to evaluate the added value of demand forecasting in different case
studies represented by system size, geographical location and characteristics, landscape,
economic strength, etc. The data for the first two systems are obtained from their online
system in real-time and then processed to obtain O-D trip information. Therefore, we
present and analyze the data from these two BSSs in this section to show their validity.
The data for the last two are publicly available (Divvy, 2022; Bike, 2022), thus we assume
the validity of these two data sets.
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Figure 3.5: Number of pick-ups and drop-offs over a week

The network of the nextbike BSS stations in Sarajevo and Berlin can be seen in Figure 3.4.
In Sarajevo, we see that the network is divided into two main station clusters. This is due
to the existence of a small hill in between the two subnetworks. On the other hand, in
Berlin, we do not see any accumulation of stations in any specific part of the city. This is
expected since the city is mostly flat, which makes it easy to access any part of it by bike.
In Figure 3.5, we see the time series plot of the number of pick-ups (blue straight line) and
drop-offs (red dashed line), where each row corresponds to a weekday. The data for the
presented graphs date from April 5, 2021, Monday to April 11, 2021, Sunday. The first
row shows the plots for Monday, the second for Tuesday, and so on. As it is conducted in
the literature, the trips that have unreasonable trip length and duration are cleaned from
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the data sets (Degele et al., 2018).

The unexpected behavior in Sarajevo on April 7, 2021, Wednesday can be explained by the
snowfall that occurred during the previous night. In Berlin, we see that the trip demand
increases on average on the weekends. Furthermore, the trips are longer on the weekends
whereas people prefer shorter trips on the weekdays. This can be explained by the fact
that people tend to use the BSS more for leisure during the weekend compared to the
weekdays. The same applies to the Sarajevo case study as well.

The presented exploratory analysis of Sarajevo and Berlin data sets does not reveal any
significant invalidity in the data. Therefore, we can use these data sets in our further
experiments.
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3.4.2 Results

We first investigate the effect of knowing the O-D trip requests on lost trip demand in the
case of PubliBike BSS, in the Lausanne-Morges district. We plot the lost trip demand for
each use case variant of the Lausanne-Morges district with respect to both the unknown
and known demand scenarios to identify the difference (Figure 3.6). For all four variants,
we see that the lost trip demand for the known case is zero (with one exception on day
38 for the temporal scenario). Therefore, we see an obvious difference between the two
scenarios by means of lost trip demand.
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Figure 3.9: Clusters for the four case studies
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We also compare the effect of each variant on the lost trip demand. For the uniform variant
(depicted by U in the figure), the average lost trip demand per day corresponds to 5.64,
whilst this value is 7.91, 8.44, and 9.3 for temporal (T), spatial (S), and spatial-temporal
(TS) variants, respectively. We also identify these different effects of variants on the lost
demand in Figure 3.7. Results indicate that the lost trip demand tends to increase in
non-uniform variants.

Finally, we analyze whether the rebalancing cost is affected by the trip demand knowledge
or variant type. Figure 3.8 shows the rebalancing cost for each variant over 100 days.
We see that the difference is negligible for uniform and temporal variants. On the other
hand, we see the cost varies for spatial, and spatial and temporal variants. This can
be explained by the fact that accumulation in specific stations causes deviation from
the optimal routes. Furthermore, we see that the known demand scenario causes higher
rebalancing costs. In these cases, the additional rebalancing cost is compensated by the
reduced lost trip demand.

Following the synthetic case study results, we first present the clustering results on the
four case studies according to the experiments conducted in Atag et al. (2021b) in Figure
3.9. Then, the results of the complete framework for all the case studies are presented and

discussed.

As it can be seen in Figure 3.9, the utilized clustering method creates geographically
convenient clusters. Although for Berlin, the number of stations per cluster does not
differ too much among different clusters, this is not true for the Sarajevo case study. This
can be explained by the influence of city structure. The same conclusion can be done from
the Chicago and New York City case studies. With the obtained clusters, we continue
with the analysis of the added value of demand forecasting.

In Figure 3.10, we present results for 14 consecutive days, as the data collected for Sarajevo
and Berlin case studies include this many days of uninterrupted trip demand information.
The horizontal axis shows the days while the vertical axis shows the ratio of lost and
total trip demand. As expected, the unknown demand scenario produces more lost trip
demand than the known scenario. On the other hand, it is worth noting that the perfect
trip demand knowledge does not guarantee to satisfy all the trip demand. This can occur
due to the fleet size and station capacity, and still might not be able to satisfy the demand.
Furthermore, the inclusion of a user behavioral model would also help to better analyze
the system, however, this is out of the scope of this chapter. We assume that users
are rational and deterministic in terms of station choice. They decide according to the
proximity. Thanks to the extended framework, we observe that the benefit of trip demand
forecasting in larger instances, i.e., Chicago and New York, is clearer and more significant
than in smaller ones, i.e., Sarajevo and Berlin. This indicates that smaller systems do not

necessarily require precise trip demand forecasting.
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We also investigate some intermediate scenarios: (1) 7-day scenarios, which take the
realized demand 7 days prior to the corresponding day (previous week) as a forecast, and
(2) X-percent scenarios, which assume that we perfectly forecast X% of the trips while
the rest of the trips cannot be identified. X-percent scenarios can be related to
reservation-based systems.  This also serves to evaluation of whether promoting
reservations in the system would improve its profitability. For the X-percent scenarios,
we experiment four levels of knowledge, i.e., 20%, 40%, 60%, and 80%. Each scenario is
run 100 times with different seeds to account for the variability depending on the sample.

Figure 3.11 shows the results for 7-day scenarios for the four case studies. The horizontal
axis shows the days whereas the vertical axis shows the percent lost demand, that is
calculated by dividing the number of lost trip demands to the total number of trip
demands. The known and unknown demand scenarios are shown with two different lines
in the graphs. The known demand scenarios consider the realized demand a week ago,
i.e., 7-day scenarios. Please note that the unavailable data from nextbike Berlin leads to
an incomplete graph. We see from the graphs that the difference between unknown and
7-day scenarios cannot be made for small-scale sharing systems. For example, for
Sarajevo, the 7-day scenario results in more lost demand for days 12 and 26, whereas it
is the opposite for days 15 and 17. For Berlin, although we see that the 7-day scenario
always results in less lost demand, the difference between the two cases is not as
dramatic as in Chicago and New York. We see from Figure 3.11c and Figure 3.11d that
even a very simple forecasting approach improves the lost demand.
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Figure 3.11: Unknown and 7-day scenarios

Figure 3.12, Figure 3.13, Figure 3.14, and Figure 3.15 show the results for X-percent
scenarios for Sarajevo, Berlin, Chicago, and New York City, respectively. Each subfigure
includes one scenario, and each X-percent scenario is further represented one line, that is
the average over 100 iterations, and one shaded area, that shows the variance over 100
iterations. It should be noted that the scales of the graphs are adjusted specifically for
the case study, i.e., the vertical axes do not match amongst the case studies. Similar to
7-day scenarios, the small-scale systems, i.e., Sarajevo and Berlin, do not exhibit a clear
trend in X-percent scenarios. On the other hand, for large-scale systems, we see a clear
improvement in lost demand as the knowledge of trip demand data increases.

Figure 3.16 combines each case study to have a better understanding about the trends. We
note that the vertical axes are the same amongst the case studies for easier comparison,
and the shaded areas for the variations are not included. Interestingly, we see fluctuations
in Sarajevo case study for different levels of knowledge, whereas for the other three case
studies, they follow a trend. The benefit of trip demand forecasting becomes more visible

as the system gets larger.
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These results support the fact that small- and large-scale systems react differently to the
change in forecasting methods. Small systems do not present a clear trend as the numbers
of stations and trips are very little compared to the large systems. In large systems,
the number of trips stabilizes the system, hence the lost demand is mitigated with more
knowledge involved in the forecasting process.

In Figure 3.17, we present the rebalancing operations cost information passed from the
optimization module to the database. The horizontal axis shows the days, and the vertical
axis shows the rebalancing operations cost in meters. Each subfigure includes 5 scenarios:
Unknown, 20-percent, 40-percent, 60-percent, and 80-percent. Each X-percent scenario
is further represented with one line, that is the average over 100 iterations. The reader
is referred to Appendix A for the graphs that include the shaded areas representing the

variance over 100 iterations.

We notice that the rebalancing operations cost does not significantly change from one
scenario to the other. This shows that the use of trip demand forecasting does not
considerably affect the rebalancing cost as the routes tend to be similar to each other.
This finding is important as it means that forecasting the demand allows for a better
service in large-size case studies, but not necessarily at a higher cost. Likewise, as the
small-size case studies do not significantly benefit from forecasting and the rebalancing
operations cost stays the same, the fact that precise trip demand forecasting is not
needed is supported.

All in all, results indicate that the added value of demand forecasting increases with
the system size. Although larger-scale systems allocate larger budgets for their system
operation and are more likely to consider rebalancing operations, this might not be the
case for small-scale and local systems. Therefore, we believe that these results provide
insightful conclusions for the decision maker.

3.5 Conclusion

In this chapter, we assess the need for precise trip demand forecasting in BSSs. For this,
we contribute to the literature in the following ways:

o We propose a general simulation-optimization framework to account for trip demand
forecasts in rebalancing operations.

e We develop a discrete-event simulator to simulate the trip demand of a BSS for one
day.

o We improve an optimization model from the literature for the routing of rebalancing
operations in BSSs to solve larger-size instances.

e We select a clustering approach to determine groups of stations that can be
rebalanced independently.
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e We apply our methodology on synthetic and real data, and present useful insights
for the BSS operators.

The simulator is designed in a way that it is flexible to use with different types and
configurations of VSSs. Furthermore, the agglomerative hierarchical clustering method
is chosen among other clustering methods since it yields the best improvement to the
rebalancing operations optimization (Atag et al., 2021b). Finally, this work brings all the
mentioned modules together to determine the added value of trip demand forecasting in

BSSs.

By investigating both the lost demand and the cost of rebalancing operations, we determine
the trade-off between them. L.e., our framework assists the decision maker by informing
them of the upper limit of the budget for demand forecasting tasks such as data collection
and development of demand models. This way, the decision maker is informed about the
mentioned trade-off. Additionally, the proposed framework allows one to analyze spatial
(e.g., city characteristics) and temporal (e.g., seasonal effect) differences.

The numerical experiments were conducted on one synthetic case study with spatial and
temporal variants, and four real-life case studies, i.e., two small-size with 21 and 298
stations and two large-size with 681 and 1361 stations. We present results for the two
extreme scenarios, that are known and unknown demand scenarios, and intermediate
scenarios which are 7-day and X-percent scenarios. The key finding suggests that for
large-size systems, it is important to plan the rebalancing operations based on forecasts of
the demand. It allows improving the level of service (number of travelers served) without
any significant increase in rebalancing costs. We have also reported that, for small systems,
there is no significant benefit from the trip demand forecast.

This framework can form a base to test different values of input parameters, such as number
of bikes, number of stations, and station locations, to see their effects on the system and to
support the decision maker at both tactical and operational level decisions. We also plan
to utilize the framework where we deploy dynamic rebalancing operations. This would
require information flow between the simulation and optimization modules during the
simulation. Another research path could be considering using a simple regression model
for the trip demand forecasting and investigate the impact of the system characteristics,
such as the size of the network and trip demand.

Although we use a heuristic approach to solve the rebalancing operations, it is worth to
explore exact methods, given the results obtained from the framework. The optimization
models used in the framework should be fast enough to accommodate the right decisions.
In the case of dynamic rebalancing the results should be obtained in real-time to facilitate
the necessary time to execute the rebalancing operations. To account for the stochastic
demand the rebalancing operations could be modeled using a stochastic programming
model. Finally, another interesting research direction might be to include a choice model

78



3.5. CONCLUSION

to see the effect of different rebalancing strategies, which is addressed in Chapter 4 in the
context of car sharing systems.
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4.1 Introduction

The global greenhouse gas emissions become more and more concerning. According to the
United States Environmental Protection Agency (EPA), the main contributor is found to
be the transportation activities with 37.5% of the US COy emissions in 2019. Among
several contributors, passenger cars are the largest with 40.5% (EPA, 2021). Sharing
economy is one of the approaches in transportation that aims to reduce emissions. Amatuni
et al. (2020) show that introducing a car sharing system (CSS) results in at least 3% and
up to 18% reduction in annual total mobility related life cycle COy emissions.
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For the sake of chapter completeness, we briefly repeat here certain characteristics of CSSs.
We kindly ask the reader to refer to Section 2.3 for the complete CSS terminology. There
are several possible configurations of CSSs. The system can be either station-based, i.e.,
the parking spots are pre-defined and allocated for the CSS only, or free-floating, i.e.,
the parking can be done within a pre-defined area that is in general the whole system
operation area. The trip configuration can be round-trip and one-way. In the former, the
user is required to return the car to the same parking spot that she picked it up. The
latter does not impose this requirement, which results in vehicle imbalance throughout
the system operation area. In order to overcome this imbalance, the operators usually
implement rebalancing operations. These operations can take place when the system is
closed or low in operation, such as at night, which is called static rebalancing. An initial
vehicle configuration of the following day is determined, and the cars are rebalanced to
these positions. It is also possible to dynamically rebalance vehicles at any time of the
day, that is while the system serves the users. The dynamic rebalancing operations further
split into two in terms of application: online and offline. In online dynamic rebalancing
operations, the rebalancing decisions are made at the beginning of each time horizon and
adapted during the rolling horizon, whilst in offline dynamic rebalancing the decisions are
made at the beginning of the horizon and do not change.

The complexity of rebalancing operations in car sharing does not only come from the
determination of which vehicle is going to be relocated to which station. As it is impractical
to rebalance cars using trucks (as in bike sharing systems), the operator should either
apply incentives to make the users rebalance the system or hire staff that will relocate
the cars. The former approach, that is mostly referred as user-based rebalancing in the
literature, uses dynamic pricing techniques. In this application, different prices are offered
to the system users. The operator aims to affect users’ decisions to make them take the
initiative to perform less popular trips. On the other hand, when staff-based rebalancing
is used, staff routing adds an additional dimension to the problem. This chapter focuses
on operator-based rebalancing operations.

Although there is considerable amount of research on car sharing, few of them consider
disaggregate information. This is due to several reasons. First, obtaining disaggregate
data is not easy. The operator should conduct or obtain a detailed survey. Also, it is
computationally difficult to utilize disaggregate data. On the other hand, it is essential
to use such data to represent the heterogeneity of the population and see the direct effect
on the individuals such as mode choice. Traditional four-step trip-based models (FSMs),
that include trip generation, trip distribution, mode choice, and traffic assignment,
cannot answer complex questions as they are static and sequential (Balaé¢ et al., 2015).
Activity-based multi-agent transport simulation is one tool to handle this. However, they
lack the representation of the supply side such as rebalancing operations.

We also see in the literature that most works focus on one specific subject rather than
having a holistic approach. Therefore, we propose a methodological framework that
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incorporates both the demand side (mode choice and disaggregate simulation) and the
supply side (rebalancing operations) and evaluate different rebalancing operations
strategies in one-way CSSs.

Our framework consists of two main components: the agent-based transport simulator
with mode choice modeling and rebalancing operations that follows a strategy. We use
this framework to identify the best rebalancing strategy in combination with agent-based
modeling for a one-way station-based CSS with operator-based rebalancing operations
solutions, which is not studied in the literature, to the best of our knowledge. This way
both supply and demand sides of CSSs are considered. We utilize MATSim as a transport
simulator because of the possibility to simulate car sharing transport mode using the car
sharing API (Bala¢ et al., 2015). The disaggregate nature of MATSim allows a detailed
analysis regarding the most suitable rebalancing operations strategy.

The contribution of this chapter is threefold. First, MATSim is used to analyze a single
day whereas we extend it to a several-day simulation through an iterative heuristic.
Second, we propose an iterative methodological framework to experiment different
rebalancing operations strategies and comment on the relation between those and the
system configuration, such as initial vehicle configuration and user behavior. The initial
vehicle configuration is systematically updated, and consecutive days are simulated with
the assumption that they show similar behavior. This way, we determine the added
value of rebalancing operations in one-way station-based CSSs. Finally, we illustrate our
framework on a case study based on Sioux Falls, USA network and discuss how change
in parameters affects the results.

The rest of the chapter is organized as follows. Section 4.2 reviews the car sharing literature
from three aspects: rebalancing operations optimization, discrete choice models in the
context of CSSs, and activity-based multi-agent transport simulation. In Section 4.3, we
introduce the methodological framework and its components. Later in Section 4.4, we
present the results of this framework. We conclude the chapter by giving some future
research directions in Section 4.5.

4.2 Literature review

This section first investigates both supply and demand side operations of CSSs at
operational level by reviewing works on rebalancing operations optimization and choice
models. Later, we survey the transport simulations that are able to handle disaggregate
trip demand information. Finally, we go through works that are similar to our research
and introduce the research gap.
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4.2.1 Rebalancing operations optimization

The imbalance created in CSSs by one-way trips can be overcome by applying vehicle
rebalancing. In this subsection, we talk about some works on operator-based rebalancing
operations in one-way station-based CSSs. For a more thorough review on such systems,
the reader is kindly referred to Illgen and Héck (2019).

Rebalancing operations optimization can be decomposed into two subproblems: vehicle
rebalancing and staff relocation. The staff can be relocated in several ways, such as by
using foldable bikes (Martin et al., 2021), public transportation (Repoux et al., 2019),
car pooling with other staff members (Martin and Minner, 2021), and foldable scooters
(Martinez et al., 2017). The staff is less restricted when they use foldable bikes or scooters
as they do not need to take the public transport schedule into account and do not rely
on their colleagues to car pool. On the other hand, it requires physical effort. Although
many papers ignore the staff relocation problem in the literature and only deal with vehicle
rebalancing, it is important to consider them both because they are crucial to determine
whether the proposed solution is feasible, and both contribute to the cost function. Some
system parameters, such as available number of vehicles and staff, and targeted level of

service, impose further constraints on the problem.

The objective of such operations can be operator-focused, i.e., maximizing the profit (that
is the total revenue from the rentals minus the operational costs, Gambella et al., 2018),
and/or user-focused, i.e., minimizing the lost demand or maximizing the user satisfaction
(Zhao et al., 2018; Repoux et al., 2019). In general, the cost function consists of vehicle
rebalancing, staff relocating, and maintenance costs. The user-focused approaches often
assume that the trip demand is known a priori and calculate the level of service as the
ratio of total satisfied trip demand to total trip demand. The authors usually consider
one of these objectives and constrain on the other one.

When electric vehicles are also involved in the system, the charging requirements impose
additional constraints (Gambella et al., 2018). On the other hand, deploying autonomous

cars in the sharing system eliminates the staff relocation problem.

Although some works consider overnight rebalancing (Yang et al., 2022), static
rebalancing is not the common practice in CSSs. Unlike the static, dynamic rebalancing
operations further involve time dimension. Generally, the network is extended to a
time-space network, also known as time-expanded and time-extended graph, to keep
track of time (Gambella et al., 2018; Zhao et al., 2018). This increases the computational
complexity of the problem. The literature consists of several approaches such as heuristic
algorithms (Gambella et al., 2018), decomposition methods (Zhao et al., 2018), and
branch-and-bound (Boyaci et al., 2015) to overcome the computational burden.
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4.2.2 Choice models

Discrete choice models are utilized to describe, explain, and predict among two or more
discrete alternatives. In the context of transportation, this can translate to mode choice.
Furthermore, the derived utility functions allow analysis on several characteristics of car
sharing such as mode share and the effect of socio-economic characteristics on the mode
share.

In order to estimate choice models, the first step is to collect the data. These can be
obtained through stated-preference (SP) surveys (Dias et al., 2017; Carrone et al., 2020)
and combination of both SP and revealed-preference (RP) surveys (Li and Kamargianni,
2019; Carteni et al., 2016). SP surveys can be conducted whether or not the service is
available to the users, whilst an RP survey requires a well-established system. To the best
of our knowledge, there does not exist a work that develops a choice model in car sharing
using RP data only.

The literature consists of several different discrete choice models developed regarding the
mode choice in the presence of CSS. These include variances of probit model (Dias et al.,
2017), logit model (Carrone et al., 2020; Carteni et al., 2016), nested logit model (Li
and Kamargianni, 2019; Catalano et al., 2008), and multinomial logit model (Catalano
et al., 2008). Some works also explore the effect of latent variables such as advocacy
of car sharing service (Li and Kamargianni, 2019). In general, the considered transport
modes are public transportation, private car, bike, and walk in addition to car sharing.
Few works also consider bike-sharing, electric bike, taxi (Li and Kamargianni, 2019),
ride-sourcing (Dias et al., 2017), car-pooling (Catalano et al., 2008), two-wheeler sharing,
and prospective future vehicles (Zhou et al., 2020).

These works present interesting results. Less educated people prefer car sharing less than
more educated ones (Li and Kamargianni, 2020; Zhou et al., 2020). Furthermore, they
are more sensitive to increase in price of car-sharing service, i.e., an increase in travel
cost further pushes away people that are less educated. The findings of Dias et al. (2017)
also support that well-educated people tend to use car-sharing more as well as young and
rich people. Residing in high density neighborhoods is another common characteristic
of car-sharing users. On the other hand, the presence of children plays a negative role
in choosing car sharing (Dias et al., 2017), possibly due to more complex activity-travel
patterns, accessibility to additional needs such as child car seat, and budget constraints.

Some works also analyze the value of time when the car sharing is included in the city
network. Carrone et al. (2020) claim that the value of time spent during park place search
with a car sharing vehicle is 20% more than the value of time spent during the actual
travel. This is expected as every unit time spent with the car sharing vehicle costs to the
user. The survey conducted by Migliore et al. (2018) reveals that the car sharing users
consider the unavailability of cars as a weakness of the service. These findings imply that
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the availability of both vehicles and parking is an important factor.

We see in the literature that the authors investigate the substitute and complement
patterns of car sharing on the other system entities such as private car and public
transport. ~ The results from Migliore et al. (2018) show that car sharing is
complementary to public transport whilst Migliore et al. (2020) claim that a shared car
replaces four private cars. Research by Carrone et al. (2020) considers both
station-based and free-floating configurations of CSSs and find that station-based
services complement public transport while free-floating car sharing substitutes it. Last
but not least, Li and Kamargianni (2020) note that private car usage does not reduce
when car sharing service is more attractive, instead public transport is sacrificed much
more. When radical policies are applied, such as considerably increasing private car
travel cost and parking cost, the results claim otherwise, meaning that private car usage
reduces with a car sharing service.

4.2.3 Transport simulation

The car sharing research mostly focuses on using aggregate trip demand information.
This aggregation can be done at many levels including spatial and temporal. The need
for aggregation usually results from the fact that handling disaggregate data is
computationally challenging. To utilize disaggregate data, there is a need for a
sophisticated toolkit.

Four-step trip-based models (FSM) are one of the most popular approaches in the
literature. These models include four main components: (1) trip generation, (2) trip
distribution, (3) mode choice, and (4) traffic assignment (Vosooghi et al., 2017).
However, these models cannot answer complex questions as they are static and sequential
(Bala¢ et al., 2015). There are several transport simulation toolkits in the literature that
are activity-based multi-agent platforms. Some open-source examples are Multi-Agent
Transport Simulation Toolkit (MATSim), SimMobility, and mobiTopp (Vosooghi et al.,
2017). The first is implemented in Java programming language and is able to simulate
millions of agents in a metropolitan area for one day. It is a modular toolkit and follows
a queue-based approach (Axhausen et al.,, 2016). Another modular platform
SimMobility, of which the application area is wider than MATSim, aims to analyze the
impacts on transport networks, vehicle emissions, and intelligent transportation services.
It consists of three primary modules, i.e., short-term, mid-term, and long-term. These
correspond to operational, tactical, and strategic decision levels, respectively (Adnan
et al., 2016). Although mobiTopp was originally designed to simulate one day, it is later
extended to run an analysis of one week. It is similar to SimMobility in the sense that it
has two parts: short-term and long-term modules (Reiffer et al., 2021).

As car sharing requires modeling both spatial and temporal location of vehicles, the
aggregate FSM cannot provide a detailed analysis. Thanks to the disaggregate nature of
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MATSim and the car sharing application programming interface (API), it is possible to
conduct more thorough analyses and answer more complex scientific questions for such
systems (Bala¢ et al., 2015).

Ciari et al. (2013a) present one of the first works on station-based one-way car sharing
implementation in MATSim. In this paper, they work on an uncapacitated car sharing
network and no membership models to see the real car sharing demand and illustrate a case
study of Zurich, Switzerland. Later, Ciari et al. (2014) introduce free-floating car sharing.
This time membership is also modeled and a case study of Berlin, Germany, where a
station-based system was already deployed, is studied. According to the experiments done
in Zurich, Ciari et al. (2015) find that station-based car sharing attracts 100 members per
car sharing vehicle, whereas this number for free-floating car sharing is 1000. Ciari et al.
(2016a) provide a literature review of the works from 2009 to 2015.

Balaé¢ and Ciari (2015) design strategies, i.e., a base scenario and two strategies, that help
them to understand potential car sharing demand. Only round-trip car sharing is available
in the base scenario. The two strategies are set up as follows: the first starts with the
original distribution of the vehicles and tries to find a stable state where the car sharing
serves the most number of trips, whilst the second starts with infinite number of cars
at each station and the resulting number of cars per station is used as an initial vehicle
configuration. Bala¢ et al. (2015), with the investigation of the effects of supply on the
demand of the existing round-trip car sharing in Zurich by adding one-way trips. They
experiment different configurations in Zurich in terms of fleet size and membership. When
data for the studied city or region is not available, studies tend to use models calibrated
for other cities as in Ziemke et al. (2019).

In Becker et al. (2020), the computational studies in Zurich show that it is reasonable
to assume 5 rentals per vehicle per day takes place for free-floating CSSs for small fleet
sizes. However, it is important to note that membership is not modeled in this study
and all agents have access to the CSS. On the other hand, Cisterna et al. (2021) study
the impact of congestion pricing policies on return-trip and free-floating CSSs. They note
that 0.43 rentals per car sharing vehicle per day for a return-trip system configuration,
that corresponds to 0.1 — 0.2% mode share, is observed in Berlin. Their experiments show
that number of rentals per vehicle is between 0.5 and 1.0, and between 6.9 and 9.7 for
return-trip and free-floating, respectively.

Another stream of research is initated with the development of a new agent-based model
(ABM). Martinez et al. (2017) claim that their work is the first to include both an
agent-based simulation and the supply side to analyze a one-way CSS. They develop a
detailed ABM that simulates such a system. This simulation utilizes a stochastic
demand model discretized in time and space and a discrete choice model is utilized. The
framework is applied to a case study in Lisbon, Portugal. Dynamic rebalancing is
adopted, and the two types of agents are staff members and users. Staff members stay in
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a depot, and are assigned to operations such as maintenance, relocation, and refueling,
when necessary, moving around in foldable scooters. They report that the mode share of
car sharing is 3% and the vehicles are used 13-18 times per day, resulting in 34000 car
rentals. In Vasconcelos et al. (2017), the authors use the agent-based model developed in
Martinez et al. (2017). First, they consider two base cases: with and without rebalancing
operations. They also investigate three different policies to see the effect of electric
vehicle adoption: (1) making parking free for electric vehicles, (2) VAT tax exemption
for electric vehicles, and (3) more competitive prices for electric vehicles. The results
show that all three policies show positive annual net profit for the operator, where the
third policy brings the most annual net profit. However, the first two policies are more
dependent on governmental decisions whilst the third depends mostly on the car
manufacturer.

We follow a similar approach to Martinez et al. (2017) and Vasconcelos et al. (2017)
in the sense that we consider both supply and demand side of car sharing to analyze
different strategies. Additional to analyzing with and without rebalancing operations,
we also investigate the effect of different demand models. Instead of developing a new
agent-based simulation, we use MATSim. As discussed earlier, MATSim is a powerful
toolkit that continuously expands and improves. The availability of car sharing API also
makes it appealing for our framework. Also, the data for several cities in the world and
the source code are openly available for research. From the methodological point of view,
our work incorporates an optimization module in the framework unlike these two studies.
We illustrate computational results where we incorporate rebalancing operations strategies
within the optimization module.

4.3 Methodology

This section presents the proposed framework that aims to determine the added value of
rebalancing operations in one-way station-based CSSs. We first explain the framework
(Figure 4.1) in general terms and then go into the details later in this section by
explaining the transport simulator that we utilize (Section 4.3.1), the rebalancing
operations strategies (Section 4.3.2), and the implementation details (Section 4.4.4).

Our framework has two main components: the agent-based transport simulator which
includes choice modeling that affects the plans of the agents and an optimization module
that follows a rebalancing operations strategy. In our case, the transport simulation refers
to MATSim, but any other transport simulation toolkit can be used. We kindly ask the
reader to refer to Axhausen et al. (2016) for further details on MATSim.

MATSim receives the daily plans of the agents (i.e., the start and end times of each
activity, the transport mode, and purpose of the trip) as well as the system parameters
(i.e., location of stations and facilities, CSS membership information, initial vehicle and
parking configuration, socio-economic characteristics of the agents, and public transport
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schedule). Then, MATSim simulates the given day, calculates the utilities of each agent,
agents either replan their days according to their utilities in the previous iteration or
select a plan stored in their memory, and the given day is simulated once again until the
pre-specified number of iterations, I, is reached. We refer to these iterations as inner-loop
iterations and present it in red arrows in Figure 4.1. The parameter I is set to a value
where convergence of the utilities is observed. To determine the value of parameter I,
preliminary experiments can be run.

The output of the simulation gives the realized car sharing trips, which helps us to
compute the final state of the vehicles and parking spots. This information is passed to
the optimization module and the initial vehicle configuration of the following day is
determined according to the rebalancing strategy. The initial vehicle and parking
configuration is modified accordingly, and the feedback loop is then closed by triggering
the next outer-loop iteration, which are shown in black arrows in Figure 4.1. The change
in initial configuration modifies the choices of the agents in the next outer-loop iteration.
Here, one outer-loop iteration corresponds to a one simulated day and is repeated for
pre-specified number of times, D, to observe the trend over several days.

4.3.1 Transport simulator

MATSim is an activity-based, modular, and multi-agent simulation framework (Axhausen
et al., 2016). It implements a queue-based model, and its general working principle is
based on a co-evolutionary algorithm. This way, it is possible to efficiently run large-scale
scenarios with millions of agents. It does not only involve route assignment, but also
incorporates time, mode, and destination choice. For more information on the terminology

Figure 4.1: The proposed framework
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of MATSim, the reader is referred to Appendix C.1.

There are five main modules of MATSim (Figure 4.2). An initial demand that is derived
from empirical data through sampling or discrete choice modeling, i.e., list of plans of the
agents, is an input for the first iteration along with the configuration file and the city
characteristics such as the city network, transit schedule, and facilities. Then, mobsim
module simulates one single day, that corresponds to 24 hours, and the scores, i.e., the
sum of utilities gained by performing the activities and disutilities by travels in the agent’s
plan, are calculated by the module scoring. One should note that the term scoring is
used interchangeably with utility and utility function. More recent versions include mode
choice modeling in this part. The utility function that is used in this stage is given in
Equation (C.1) and explained in detail in Appendix C.2.1.

After one iteration is completed and the scores are assigned to the plans, the replanning
module allows a certain percentage of agents to innovate new plans or select one of the
plans that they have executed in the previous iterations. Innovation strategies randomly
select a plan from the agent’s memory and change its route, destination, or time choices.
In other words, innovation strategies serve the exploration purpose of the co-evolutionary
algorithm and selection strategies serve the exploitation. The reader is kindly referred to
Appendix C.2.2 for more information on replanning strategies. This iterative loop, i.e.,
transport simulation, is repeated until a pre-specified number of iterations I is reached.
Then, the output of the last iteration is passed to the analyses module for further analysis
on both the final state and the progress of the simulation. More detailed information on
MATSim, such as how the city network and population input files are created, is available
in Axhausen et al. (2016).

The first efforts to include car sharing in MATSim started with return-trip configuration.
Later, all three configurations of car sharing, i.e., round-trip, one-way, and free-floating,
are made available in the repository of car sharing API of MATSim. Ciari and Balaé
(2016) present the general functionality of this API.

Although a detailed flow diagram on the working principle of one-way car sharing is given
in Figure C.7, we briefly list the steps of car sharing rental in car sharing API of MATSim
for the sake of completeness. After agents finish their activity, they find the closest car
sharing station with an available car, reserve the vehicle, and walk to the station. After

Figure 4.2: The MATSim loop (Axhausen et al., 2016)
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starting the rental, they find the closest station with an available parking spot to their
destination and reserve a parking spot. They drive the car to the reserved spot, park
it, and end the rental. Finally, they walk to the next activity and follow the rest of the
daily plan (Ciari and Balaé¢, 2016). In the case of not being able to find an available car
close enough to the origin location or a free parking spot close enough to the destination
location, the agent is stuck and aborted from the simulation.

Within MATSim, the generalized cost (disutility) of car sharing travel from activity ¢ to
activity ¢ + 1 is shown in Equation (4.1) (Ciari and Bala¢, 2016).

Stra'u,cs :Ccs

+ Beyes ¢t - Ur time dependent part
+ Bees - cqa-d distance dependent part (4.1)
+ Btwalk - (ta +te) walk path to/from the station
+ Bties - . rental time cost

For the other modes available in MATSim, such as walking, private car, public
transportation, and bike, the disutility of traveling is defined in Equation (C.3). More
details on the Charypar-Nagel utility function can be found in Appendix C.2.1.

4.3.2 Rebalancing operations strategies

Following the inner-loop iterations, the final vehicle configuration is passed to the
rebalancing module, where the initial configuration of the next outer-loop iteration is
determined. We test four different strategies for the rebalancing operations. For the
do-nothing (DN) strategy, we determine the final configuration of the vehicles for one
iteration and feed it back to MATSim as an initial configuration for the next iteration
(Algorithm 1). This reflects not conducting any rebalancing operations. We experiment
three different rebalancing strategies: R1, R2, and R3.

Essentially, strategy R1 utilizes the previous day’s realization, i.e., the number of rentals
per station, to determine the initial configuration of the next day (Algorithm 2) while
R3 uses the previous week’s (7 days before) realization (Algorithm 4). R2 follows an
approach based on moving averages (Algorithm 3). Here, the initial configuration of the
following day is estimated by using the historical realization, i.e., AZ and the deviation
from historical value term, i.e., ¢4, is calculated using a moving average from the W
previous days. Since it utilizes the historical realization from the previous week, a number
of days, A are devoted to the warm-up period. The notation used in Algorithms 1-4 is
given in Table 4.1. The length of each vector is equal to the number of stations and each
element stores the corresponding parameter of the corresponding station.

For each rebalancing strategy, we compute the initial configuration using the predicted

91



CHAPTER 4. EVALUATING DIFFERENT REBALANCING OPERATIONS STRATEGIES
IN ONE-WAY CAR SHARING SYSTEMS

Table 4.1: Description of sets and parameters

Set Description

D {1...D}, where D is the number of days, i.e., the number of
outer-loop iterations

S {1...5}, where S is the number of stations

Parameter Description

A the number of days to warm-up the algorithm

w the number of time intervals to compute moving averages

Iy vector containing initial vehicle configuration for stations of day d, d € D
Fy vector containing final vehicle configuration for stations of day d, d € D
Ad vector containing predicted maximum vehicle decrease values for stations

onday d,deD

vector containing historical maximum vehicle decrease values for stations

Ah
d onday d,deD

A vector containing realized maximum vehicle decrease values for stations
d onday d, d e D

&d element-wise difference between Ay and Ad, deD

Algorithm 1: Strategy DN

Input : Initial vehicle configuration of day 0, Iy
The set of days, D

1 F[),AO — MATSim(I())

for de D do

Id — Fd—l
Fd, Ad — MATSlm(Id)

maximum decrease on day d, i.e., Ad. We define Ad as the predicted maximum vehicle
decrease of vehicles for stations on day d, which is a vector of dsq that is the predicted
maximum vehicle decrease observed at station s on day d. We compute b4 as the difference
between the number of vehicles available at station s at the beginning of day d and the
minimum inventory level reached at station s during day d. If the total number of vehicles
in the system is not achieved by > g 3sd, we sequentially distribute the excess vehicles to
the stations one by one. Then, in the compute_initial_configuration procedure, the
resulting vector Ad is assigned as Iy, i.e., the initial configuration of day d. This way, the
initial configuration of day d is determined, and the free parking is determined according
to each station’s capacity.
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Algorithm 2: Strategy R1

Input : Initial vehicle configuration of day 0, Iy
The set of days, D

F(), AQ — MATSim(IU)
for d €D do
Ag+ Dgoy
I+ compute_initial_conﬁguration(Ad)
Fd, Ad — MATSim(Id)
€d < Ad — Ad

Algorithm 3: Strategy R2
Input : Initial vehicle configuration of day 0, Iy
The set of days, D
The number of days for warm-up, A
The number of days for moving averages, W

1 F(),AO — MATSIHI(IU)

for d €D do

if d < A then
L Ad — Ad—l
else
| Age A+ B g
I; < compute_initial _configuration(Ay)
Fd, Ad < MATSim(Id)
€d < Ad — Ad

4.4 Computational experiments

This section introduces the computational experiments to illustrate our framework. We
first present the selected case study (Section 4.4.1), then the selected scenarios and their
settings. (Section 4.4.2). Finally, we present and discuss the results (Section 4.4.3).

4.4.1 Sioux Falls case study

This work utilizes the Sioux Falls, South Dakota, USA scenario, that is publicly available
in MATSim (2022). The simplified network, that contains the major roads of the city, is
represented by solid lines in Figure 4.3.

The population file includes 84110 agents. The three main activities that the agents have in
their plans are home, work (67%), and secondary (32.3%). As all the plans start and finish
at home, this is always included in agents’ plans. The facilities include home (83.3%) and
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Algorithm 4: Strategy R3
Input : Initial vehicle configuration of day 0, Iy
The set of days, D
The number of days for warm-up, A
1 F(),A() — MATSIHI(IQ)
for deDdo
if d < A then
L Ag <+ Ag
else
L Ad — Ad_7
I+ compute_initial_conﬁguration(Ad)
Fd, Ad — MATSim(Id)
g€q < Ag — Ad

work (11.1%), that are represented by light grey and light green in Figure 4.3. Secondary
(5.3%) and educational (0.3%) facilities appear in combination with home and work. The
available transport modes are car, public transport (also used in the abbreviated form pt
in this chapter), bike, walk, and one-way car sharing (also referred as oneway). The two
other types of car sharing available in MATSim, i.e., return-trip and free-floating, as well
as competition between different car sharing service providers are not considered in this
study.

4.4.2 Baseline scenario settings

MATSim is a flexible toolkit which allows calibration of many parameters. This section
further presents the used parameters and gives their values set for the baseline scenario.

MATSim incorporates both routed and teleported modes. The routed modes contribute
to the network traffic and congestion which may affect the distance between two points
in the network. In our experiments, car and oneway are routed modes. For the
teleported modes, the distance between two locations is calculated using two parameters.
beelineDistanceFactor is unitless and multiplies the beeline (Euclidean) distance
between two points in the network by the given value to account for the difference
between the routed and Euclidean distance. We teleport the rest of the modes, i.e., bike,

Table 4.2: Teleportation mode settings

Name in the config file Bike Walk PT

teleportedModeSpeed 4.167 m/sec  0.833 m/sec  4.500 m/sec

beelineDistanceFactor 1.4 1.3 1.3
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Figure 4.3: Sioux Falls case study
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walk, and pt, as the slow modes that are bike and walk do not significantly contribute to
the traffic and pt requires a transit schedule file which does not exist in our case. We
assign teleportation mode speed, i.e., teleportedModeSpeed, as 12, 4, and 16 km/h,
respectively for the modes bike, walk, and pt (Ziemke et al., 2019). The values for the

adjusted units of these two parameters are given in Table 4.2 and can be defined in
planscalcroute module in the configuration file.
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Table 4.3: Generic
coefficients of the scoring
function

Name in the config file  Value

learningRate 1.00
BrainExpBeta 2.00
lateArrival —-4.19
performing 1.75
waiting 0.00
earlyDeparture 0.00

Table 4.4: Mode-specific coefficients of the scoring function

Name in the config file Car  Oneway PT Bike Access&egress Walk
constant -1.5 -15 —-06 —1.85 —0.0001 0.0
monetaryDistanceRate —0.0002 0.0 0.0 0.0 0.0 0.0

planCalcScore module includes the generic coefficients for the scoring function. Axhausen
et al. (2016) suggest that the learningRate should be set to 1.0 and BrainExpBeta should
be set to 2.0 when the mode-choice model, i.e., the coefficients of scoring function, is not
estimated but hand-calibrated. Explanation of these two parameters can be found in
Axhausen et al. (2016). We set the rest of the values as recommended in Chow et al.
(2020) and show them in Table 4.3. The explanation of these parameters and which
coefficients they refer to can be found in Table C.1.

Since we do not estimate a choice model, we utilize the findings from the literature. Here,
we use the choice model from Los Angeles as it is done in Ziemke et al. (2019). As we
are utilizing three more modes, i.e., oneway, access, and egress walk for one-way CSS,
we also set their values. We would like to see the effect when oneway shares the same
preferences as car in the base scenario, therefore we set oneway constant to the same value
as in car. Similarly, for the access and egress walk modes, we set a very low value that is
close to the constant of walk mode (Table 4.4). monetaryDistanceRate is also calibrated
as recommended in Ziemke et al. (2019).

Replanning is an essential part of MATSim loop, and it is important to calibrate the
proportions of replanning strategies. As MATSim utilizes a co-evolutionary algorithm, it
consists of exploration (innovation strategies) and exploitation (selection strategies)
operators. In order not to be stuck in local optima, innovation strategies play an
important role. However, if we innovate more than necessary, then the algorithm may
not converge. Following some preliminary experiments, we decide to set the values of
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Table 4.5: Weights of replanning strategies

Name in the config file Value
ChangeExpBeta 0.85
SubtourModeChoice 0.04
TimeAllocationMutator_ReRoute 0.05
ReRoute 0.04

CarsharingSubtourModeChoiceStrategy 0.01

RandomTripToCarsharingStrategy 0.01

Table 4.6: QSim settings in the config file

Name in the config file Value
stuckTime 10.0 seconds
mainMode car, oneway__vehicle
flowCapacityFactor 1.0
storageCapacityFactor 1.0

these strategies as in Table 4.5 within the strategy module of the config file. In our
baseline scenario, the innovative strategies sum up to 15%, while the selection strategy
ChangeExpBeta is set to 85%. We choose ChangeExpBeta as the selection strategy as it
defines an ergodic Markovian process and thus helps the system converge to the unique
steady state probabilities (Table C.3). Our settings are also confirmed by the literature
(Ziemke et al., 2019).

Other strategy module parameters, maxAgentPlanMemorySize and
fractionOfIterationsToDisableInnovation, are set to 5 and 0.80, respectively. These
indicate that the maximum number of plans kept in an agent’s memory is limited to 5
and that after completing 80% of the iterations, the innovation strategies are turned off
and the iterations continue only with the selection strategies. Finally, we utilize the
WorstPlanSelector for plan removal from the agent’s memory.

We use QSim module of MATSim as a mobility simulation in this study. We set stuckTime
to 10 seconds as it is suggested in the literature (Chow et al., 2020). As mentioned before,
we teleport all the modes but the car and oneway, therefore we set the main modes as
such. Since we experiment with 100% population the flow and storage capacity factors
are set to 1 (Table 4.6).

The literature argues that the search distance, that is the maximum distance a person
is willing to walk to a car sharing station, changes between 400 meters and 800 meters
(Shaheen et al., 2016). As these distances translate to a very wide area in a small network
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like Sioux Falls, we experiment with 400 meters of search distance in the baseline scenario
but vary this value in different scenarios. Note that this parameter can be adjusted with
searchDistanceOneWayCarsharing under OneWayCarsharing module.

We further create car sharing stations and membership information as Sioux Falls case
study does not provide car sharing infrastructure. The created car sharing stations can
be seen at each main intersection of the network in Figure 4.3. This makes to 24 stations
in total. We assume for the base scenario that all the agents in the simulation have access
to car sharing, i.e., all agents have car sharing membership. Although this assumption is
unrealistic, we aim at seeing the potential car sharing usage irrespective of membership
by stressing the system (Ciari et al., 2013b; Becker et al., 2020).

We experiment with an initial configuration where one vehicle and one free parking spot
is available at each station. We set W as 7 and A as 3. Later in Section 4.4.3, we vary the
vehicle and parking capacity of each station, the maximum distance the users are willing
to walk to access a car sharing station, and the utility function coefficients.

4.4.3 Results

We experiment our framework on an Ubuntu 18.04.6 LTS server with Intel(R) Xeon(R)
X5680 CPU clocked at 3.33GHz, 24 processors, and 125GB RAM.

We first determine the number of iterations that is necessary to reach convergence of the
score statistics. For this purpose, we run MATSim for 400 iterations and observe that it
takes more than one hour. The resulting score statistics can be seen in Figure 4.4. We
see that we can reduce the number of inner-loop iterations to 140 for the future
computational experiments and save from run time. We also decide to cut the innovation
off at iteration 130, that correspond to approximately 93% of the iterations. Thus, we do
not use the parameter setting fractionOfIterationsToDisableInnovation but
disableAfterIteration.

In order to see the effects of different parameters on our rebalancing strategies, we vary
the number of free parking spots per station (FPC), the number of vehicles per station
(VC), and the search distance. We also change the default coefficients set in Section 4.4.2
such that car sharing becomes more attractive to the users by changing the constant of
oneway to —0.0001.

The considered values of specific parameters we test in this section are given in
Table 4.7. The nomenclature of the scenarios is as follows. The first letter corresponds to
the coefficients of the utility function, where D stands for default and A means that the
coefficients are adjusted such that car sharing is more attractive. Then, three numbers
follow this letter. The first number corresponds to the value of VC, the second to FPC,
and the third to SD. For example, D(2,1,600) corresponds to the scenario setting where
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Figure 4.4: The score statistics of an arbitrary run for 400 iterations
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Table 4.7: Design of experiments

H Considered values

Default coefficients (D)
CS is more attractive (A)

Utility function

Vehicle capacity per station (VC) 1,2
Free parking capacity per station (FPC) 1,2
Search distance (SD) 400, 600, 800, 1000

the utility function coefficients are at their default values, there are two vehicles and one
free parking spot per station, and the maximum distance car sharing users are willing to
walk is 600 meters. We experiment all combinations of these values, that sums up to 32
scenarios in total. D(1,1,400) reflects the baseline scenario explained in Section 4.4.2.

Figure 4.5 presents the results of D(*,*,400) and D(*,*,600) scenarios. These scenario
sets represent a low level of willingness to walk to the car sharing stations. Also, the
generalized cost function of car sharing has the default coefficients as in the base scenario.
The results of D(*,*,800) and D(*,*,1000) scenarios, where the search distance, i.e., the
willingness to walk, is increased compared to D(*,*,400) and D(*,*,600) scenarios, are
given in Figure 4.6. The results of A(***) scenarios where car sharing becomes more
attractive are given in Figures 4.7 and 4.8. The horizontal axis refers to the consecutive
days, i.e., the outer loop iterations of the framework, and the vertical axis corresponds
to the number of rentals on a given day. The id of the scenario is given on top of each
subfigure.
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Figure 4.5: Number of rentals in D(*,*,400) and D(*,*,600) scenarios
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Figure 4.6: Number of rentals in D(*,*,800) and D(*,*,1000) scenarios

D(1,1,800)

Days

D(1,1,1000)

D(2,1,800)

D(2,1,1000)

120 -

100 -

80 -

60

40

20 -

b

D(1,2,1000)

D(2,2,800)

D(2,2,1000)

140

120 o

100

80

60

40

20

T
¢ 12 15

Days

DN
R1

R2
R3

DN
R1

R2
R3

We see in the base scenario, i.e., D(1,1,400), that the number of rentals is 22 on the first
day. As there are 24 stations in this case study, the number of rentals per car sharing
vehicle on the first day is 0.92, whereas this value decreases to 0.38 for the DN strategy
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Figure 4.7: Number of rentals in A(*,*,400) and A(*,*,600) scenarios
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after 14 days. The rebalancing strategies, R1, R2, and R3, perform better than DN,
ending up at the values 1.21, 0.71, and 0.83, respectively. When we increase the search
distance by 200 meters, i.e., D(1,1,600), we see that the first day kicks off from a higher
utilization value (33 rentals, 1.38 rentals per car sharing vehicle) but it still drops to the
same values (0.25 for DN, 1.38, 0.88, and 0.71, for R1, R2, and R3, respectively) as it
did for the base scenario. These ratios are similar to the ones observed by Cisterna et al.
(2021). We can see a clearer difference between DN strategy and rebalancing strategies
when we increase VC, i.e., D(1,2,400) and D(1,2,600). Therefore, this can indicate that the
rebalancing operations become more important when the operator can offer more vehicles
in the system.

Looking at Figure 4.6, we see that the number of rentals increases with higher willingness
to walk compared to D(*,*,400) and D(*,*,600) scenarios as expected. It is interesting to
observe that for lower VC, the added value of rebalancing becomes more significant as we
increase the search distance, whilst this does not apply for the higher VC values. If the
willingness to walk of the users is high and the system offers many vehicles, the users can
choose from several stations rebalancing operations become nonessential.

In the case of no rebalancing, incentivizing users to walk longer distances to access a car
sharing station pays off in terms of number of rentals to the system as the numbers of
vehicles and parking spots increase. In other words, if the operator is not able to provide
more vehicle and parking capacity and does not execute any rebalancing in the system,
then there is no need to work on increasing the willingness to walk of the users.
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Figure 4.8: Number of rentals in A(*,*,800) and A(*,*,1000) scenarios

A(1,1,800) A(1,1,1000) A(2,1,800) A(2,1,1000)

140

120 : : :

100 : : ;

1]

8 % 3 E E

c 1 —— DN
&) 0 T T T T T T T T T T T T T T T T T T T T R1
g A(1,2,800) A(1,2,1000) A(2,2,800) A(2,2,1000) — R2

140

o] b ] ] — RS
S

S

pzd

o TR

40

20 3 : : :

0 3 6 9 12 15 0 3 6 9 12 15 0 3 6 9 12 15 0 3 6 9 12 15

Days

We compare D(***) and A(*,**) scenarios to analyze the changes when car sharing
becomes more attractive. We observe that as car sharing becomes more attractive to
users, the number of rentals slightly increases. Although an increase is expected, one
would expect it to be more significant than it is. This can indicate that the system is
already saturated with given vehicle and parking capacities and there is not much place

for improvement.

Another interesting finding is that rebalancing becomes less and less of a necessity as the
VC, FPC, and search distance increases when car sharing is more attractive than the
default settings. In other words, an operator can eliminate the need of rebalancing
operations by expanding the system capacity. Although increasing the number of
vehicles and parkings means more accessibility to the system, the reduction in necessity
of rebalancing is mostly affected by increasing search distance. Users are willing to walk
longer distances to access a station, which means that they have more options both in
terms of finding a car and a parking space. Although this result is expected, it is also
supported by our findings.

When we analyze the mode share results, we see that the mode shares for car, public
transport, bike, walk, and one-way car sharing are around 68.8%, 26.2%, 0.9%, 3.9%, and
0.1%, respectively. Martinez et al. (2017) observe that the modal share of car sharing
service is 2.4% in Lisbon, Portugal. Among these users, 40% of them shifts from walking,
26% from private car, and 32% from public transportation, compared to the baseline
scenario where no car sharing service is available. Li and Kamargianni (2020) show that
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the modal split for car sharing changes between 18.8% and 21.6% for short distance and
between 19% and 23.3% for long distance, depending on the adopted scenario in Taiyuan,
China. In Palermo, Italy, Catalano et al. (2008) claim that the modal split of car sharing
can be increased up to 10% depending on some future pricing strategies. Our results show
that the mode share for the car sharing service is much lower than the ones indicated in
the literature. Therefore, future work includes analyzing this.

We present the distribution of trip purpose in all the scenarios in Figures 4.9-4.12. The
horizontal axis shows the rebalancing strategy that is used, and the vertical axis reports
the number of rentals on the last day, i.e., the fourteenth day in our case. Each color
represents a trip purpose: blue and yellow show the arrivals to secondary (HS) and work
(HW) activities, and red and green show the departures from secondary (SH) and work
(WH) activities, respectively.

We see that car sharing is mostly used from home to the corresponding activity (around
60% of the rentals). After investigation, we observe that the car sharing trips that arrive
at home cannot be executed due to cars being unavailable at the origin or parking being
unavailable at the destination.

The results indicate no relation between rebalancing operations strategy and trip purpose.
On the other hand, we see that secondary activities get involved in trip purpose of car
sharing as the search distance increases.

Figure 4.9: Trip purpose distribution of D(*,*,400) and D(*,*,600) scenarios
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Figure 4.10: Trip purpose distribution of D(*,*,800) and D(*,*,1000) scenarios
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Figure 4.11: Trip purpose distribution of A(*,*,400) and A(*,*,600) scenarios
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All in all, we see from the experiments that the system characteristics and configuration

are important factors that affect car sharing trip demand. We also observe that the longer

the distance that the users are willing to walk, the more balanced the system is. In other
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Figure 4.12: Trip purpose distribution of A(*,*,800) and A(*,*,1000) scenarios
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words, if the operator can incentivize users to walk more, rebalancing operations become
obsolete.

4.4.4 Implementation details and challenges faced

We would like to mention here some technical difficulties faced in the course of this thesis
that shape the methodologies used in our computational experiments. Even if MATSim
developers provide a detailed handbook (i.e., Axhausen et al., 2016) on how to start and
calibrate the toolkit for user-specific experiments, it is very challenging to differentiate the
essential and non-essential points, deprecated and up-to-date information, the capabilities
and limitations of the toolkit. It becomes even more difficult when utilizing an extension,
such as car sharing API of MATSim. Therefore, it requires more effort, such as exploring
the toolkit by trial and error and reaching out to the developers to clarify specific points.
However, as one can expect, these take time. Hence, we provide a short introduction to
the basics and terminology of MATSim and car sharing API of MATSim in Appendix C.

Another challenge that we had to overcome was about the utilization of the car sharing
API. Although the idea was to employ dynamic rebalancing operations in our
computational experiments, we could not find any documentation that explains how to
interrupt MATSim iterations during simulation. In other words, to conduct online
dynamic rebalancing operations we had to stop the simulation at a certain time, assess
the system information, decide on the operations to be executed; however, this
information was not available to the best of our knowledge. For that, we also present the
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implementation details in Appendix C.4 along with the challenges faced during the
implementation of the framework and how we tackle them. Additional notes on more
specific difficulties that are related to the usage and implementation of MATSim, one
can refer to Sections C.5 and C.6.

4.5 Conclusion

In this chapter, we present a framework that exploits the disaggregate trip demand
information and evaluate different strategies to solve rebalancing operations in one-way
station-based CSSs. Specifically, we do the following:

e We design a methodological framework that integrates transport simulation, which
includes choice modeling, and an optimization module, by going through the
literature regarding these three main topics in one-way station-based CSSs to
better position ourselves in building this framework.

o We utilize the MATSim toolkit in order to account for the disaggregate trip demand
forecasting.

e We regard one MATSim run as one day and propose an iterative approach to
represent several consecutive days.

e We build a synthetic case study, that is based on Sioux Falls network in the US, by
giving the details of our baseline scenario.

o We experiment scenarios varying system parameters such as vehicle and parking
capacity, behavioral aspects such as willingness to walk to a car sharing station and
the effect of change in the utility function.

Our experimental results show that the proposed framework is able to assess the relation
between the need for rebalancing operations and system characteristics, such as the
capacity and user behavior. The disaggregate nature of the MATSim also allows us to
comment on the individualistic choices. These help the decision maker in how to position
themselves in the market and which target audience they need to focus on to increase
their profit. For example, we see that rebalancing operations are not really necessary,
i.e., they result in similar values of number of rentals, when the system is made more
attractive to the users and they are incentivized to walk more to a car sharing station.

The following research directions could be further explored. In this chapter, we investigate
heuristic methods for rebalancing operations strategies and compare them to a case where
no rebalancing takes place in the system. It would be interesting to observe if inclusion of
a rebalancing operations optimization would alter the insights gained from this study. For
that, a strategy that focuses on overnight rebalancing could be used (Yang et al., 2022).
A subscription choice model could be incorporated using the subpopulation property of
MATSim. Future work also includes experimenting with real-life case studies for the
validation of the framework.
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Our framework could also be used with offline dynamic rebalancing operations. This would
require defining a subset of agents using the subpopulation property of MATSim. These
agents would be treated as the staff that executes rebalancing operations. An estimation
of the car sharing trips for the following day could be made and the staff could be assigned
trips that represent rebalancing operations. It would also be interesting to investigate the
stuck and abort agents and minimize such occurrences.
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Conclusion

In vehicle sharing systems (VSSs), there is a trade-off between supply and demand
operations. On one hand, the VSS operators must ensure an adequate supply of vehicles
and services to meet the demand of users; on the other hand, they must also monitor the
trip demand to ensure that the system is not underutilized, which can diminish profits.
Finding the right balance between supply and demand can be challenging, as it depends
on various factors such as the city characteristics, sharing system configuration, and user
behavior. Additionally, the supply and demand operations are interdependent and can
affect each other, making it even more complex to find the optimal balance. Therefore, it
is crucial for VSS operators to carefully analyze their operations and make necessary
adjustments to ensure that they are able to meet the needs of users while also
maximizing profits.

This thesis utilizes simulation and optimization while constructing the generic
framework. Simulation allows for the replication of real-life scenarios, while optimization
enables the identification of the best course of action based on given parameters.
Together, simulation-optimization frameworks can provide a comprehensive
representation of both the supply and demand sides of a system, such as the daily
operations of a VSS, and optimize the decisions. These frameworks are capable of
capturing the interactions between the supply and demand, and can be used to find the
optimal balance between them. Thanks to the generic structure of these frameworks,
many fields facilitate it to aid their decision making including VSS literature. They form
a powerful tool for VSS operators to make strategic decisions and achieve their
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objectives such as increasing profits and improving service level.

This thesis (i) designs a holistic planning and management framework of VSSs, positions
the literature with respect to the framework that aims at identifying the current
state-of-the-art and possible research directions, (ii) develops a simulation-optimization
framework in the context of BSSs and CSSs, (iii) examines the mathematical models and
algorithms that can be used in these frameworks, and (iv) applies them to evaluate the
selected trade-offs between supply and demand in VSSs. Through this research, the
thesis aims to provide a thorough understanding of the methods and tools available to
VSS operators for decision making. Additionally, the thesis aims to identify research
gaps and areas for future study in this field. In this chapter, we provide an overview of
the main conclusions drawn from our research (Section 5.1) and we suggest areas for
future research (Section 5.2).

5.1 Main contributions and findings

This thesis presents a generic framework that is developed through a systematic and
holistic review. We use it to evaluate demand forecasting and rebalancing challenges
in VSSs, by utilizing a detailed model of demand at a disaggregate level, taking into
account variations in user behavior. Furthermore, these frameworks facilitate simulation
by using this disaggregate representation of demand to enable the creation of tailored
supply strategies and policies.

We first present a holistic framework for management and operations optimization of
VSSs. The optimization problems which appear in different kinds of systems repeat
themselves, i.e., the same management approaches can be used in different VSSs with
rather small variations. Therefore, with the framework, we aim to address all possible
VSS configurations and vehicle types. In the light of the framework, a thorough
literature review on VSS management and optimization is presented. Simultaneously,
the conclusions drawn from the review have contributed to produce the framework
architecture, components, and required tasks. From the literature review, we have also
concluded that a vast number of methodologies for solving most planning problems in
VSSs exist. Nevertheless, by mapping the existing works to the framework, we have also
identified unanswered research questions, such as dealing with users’ destination-choice
analysis, competing VSSs, and investigating the added value of rebalancing operations
and demand forecasting. We also observe that, certain vehicle types, such as moped and
e-scooters, are not thoroughly studied although they are becoming more and more
popular in practice. Furthermore, we believe that the general framework is not exclusive
to the VSSs. Finally, driven by the presented framework, we identify the two concrete
research questions we tackle in this thesis.

We present a simulation-optimization framework to account for trip demand forecasts in
rebalancing operations to evaluate the importance of accurate trip demand forecasting in
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BSSs. Our methodology includes the creation of a discrete-event simulator to simulate
the daily trip demand of a bike sharing system (BSS) and the enhancement of an
optimization model from the literature for the routing of rebalancing operations in BSSs.
We also employ a clustering approach to identify groups of stations that can be
independently rebalanced to handle larger instances. We test our methodology using
both synthetic and real data and provide valuable insights for BSS operators. Our
framework supports the decision maker by informing them of the upper limit of the
budget for tasks related to demand forecasting, including data collection and the
creation of demand models. The proposed framework also enables the examination of
both spatial (for example, characteristics of a city) and temporal (for example, seasonal
effect) factors. The main conclusion highlights the significance of utilizing demand
forecasts when devising rebalancing strategies for large systems. On the other hand, the
experiments conducted on smaller-size case studies show that, rebalancing operations
planned with precise trip demand knowledge neither improve the level of service nor
reduce the rebalancing operations cost. These results indicate that different system
characteristics induce a need for different management approaches, which was not
studied before to the best of our knowledge.

We also evaluate different strategies to solve rebalancing operations in one-way
station-based CSSs.  Specifically, we introduce a methodological framework that
integrates a multi-agent transport simulation, which includes choice modeling, and an
optimization module. We utilize the Multi-Agent Transport Simulation Toolkit
(MATSim) to account for disaggregate demand and city characteristics, which improves
the state-of-the-art demand modeling, mainly performed in an aggregate manner. We
deploy a choice model from the literature and test four different rebalancing operations
strategies. MATSim is utilized in an iterative algorithm where each iteration represents a
day under the assumption of each day being similar. Our experimental results indicate
that the proposed framework assess the connection between the need for rebalancing
operations and system characteristics, such as capacity and user behavior. Key findings
show that our framework can help the decision maker in how to position themselves in
the market and which target audience they need to focus on to increase their profit. For
example, we see that rebalancing operations are not really necessary, i.e., they result in
similar values of number of rentals, when the system is made more attractive to the users
and they are incentivized to walk a longer distance to a car sharing station.

To summarize, we design a holistic management framework that allows us to position the
literature and identify the promising research directions. Following our conclusions from
this framework, we integrate simulation and optimization within a unique framework, in
order to analyze complex demand and supply interactions in VSSs. This contributes to the
general goal of finding the significant factors for improving decision making. Finally, the
findings of this thesis indicate that the added value of demand forecasting and rebalancing
operations depend on the configuration of the system and should be analyzed per case to
facilitate better decision making.
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5.2 Future research directions

This section outlines potential areas for future research that could expand upon and
enhance the holistic management and modeling frameworks presented in this thesis. The
goal is to demonstrate the versatility and applicability of the frameworks developed in
this thesis and the potential for new and exciting research opportunities.

One potential future research direction is to further extend the holistic management
framework presented in Chapter 2. This could involve analyzing other types of VSSs or
other transportation or logistics systems to ensure that all management and
optimization tasks are covered by the framework. Another direction for future work is to
apply the framework to a case study. This would involve using the framework to analyze
and optimize a specific VSS or transportation system in practice. This case study could
provide valuable insights and real-world examples of how the framework can be used to
improve the management and operations of VSSs. Additionally, it would also allow to
validate the framework, as well as addressing the limitations of the framework. A first
attempt to fill this gap can be seen in Obrenovi¢ et al. (2022).

Another area of future research could be to include a choice model, such as destination, in
the framework, that is presented in Chapter 3, to examine the effect of different rebalancing
strategies. This could provide valuable insights for BSS operators in terms of which
strategies are most effective for different scenarios, such as varying levels of demand and
socio-economic characteristics of the users. By including this choice model, the framework
would become more comprehensive and would help decision makers make more informed
decisions at both tactical and operational levels. Furthermore, it would be intriguing
to study dynamic rebalancing within this framework. In dynamic rebalancing, the bikes
are constantly moved between stations in response to real-time demand patterns. This
approach is different from the static rebalancing discussed in the chapter, which is based
on forecasts of demand. By studying dynamic rebalancing, researchers could gain a better
understanding of how to optimize the movement of bikes in response to real-time demand
patterns. Additionally, incorporating a multi-agent transport simulation, such as the
sharing module of MATSim, would be useful to account for intermodal transportation
and the interplay between bike sharing and other modes of transportation.

While heuristic methods provide quick solutions to optimization problems, one possible
avenue for future research is to explore exact methods. Given the results obtained from
the framework, it is worth to investigate whether incorporating rebalancing operations
routing in the framework constructed in Chapter 4. This would allow for a more precise
evaluation of the system and could potentially alter the insights gained from the current
study. We mention that the heuristic method used in this study compares well to a
scenario where no rebalancing takes place, but inclusion of the rebalancing operations
routing could potentially provide even more insight. A strategy that focuses on overnight
rebalancing could be used as a starting point for this research. By optimizing the
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rebalancing operations during low usage times, it could minimize the impact on the user
experience while maximizing the efficiency of the system.

Concerning applications, another avenue for future research is to apply the framework
to real-life case studies. We work on a case study is based on Sioux Falls, US, and it
would be valuable to see how the framework performs in other real-world locations with
choice models specifically calibrated for that location. This would enable a more thorough
evaluation of the system in a practical setting and would provide valuable insights for
car sharing operators, who could use the results to optimize their service in different
locations. From the implementation point of view, we suggest that the first step is study
offline dynamic rebalancing operations using the subpopulation property of MATSim. This
would allow to better understand the role of staff in the rebalancing process, and how to
optimize the use of staff and vehicles to improve the efficiency of the system.

An operator might also be interested in analyzing online dynamic rebalancing operations
using our framework. One should note that, it requires extensive coding and knowledge on
MATSim. However, the new feature of MATSim, the sharing module, can be investigated
to overcome the problems faced in this thesis. This would allow for a more detailed analysis
of the system and could provide new insights into how to optimize the performance of CSSs.
By using online dynamic rebalancing, the system could adapt to changes in demand in
real time, resulting in a more efficient and effective service.

To conclude, although challenges related to VSSs are widely studied in the literature,
there is a lack of holistic management and methodological frameworks. These frameworks
allow identifying the added value of operations by representing both supply and demand
sides of the system. Furthermore, even if disaggregate data is crucial to derive conclusions
at an individual level, they are usually aggregated to be able to find solutions to the
problems in a reasonable time. With this thesis, we contribute to the definition of a
holistic framework in the context of VSSs, and utilize disaggregate demand data within
simulation-optimization frameworks. We propose several future research directions to both
enhance the methodological framework and accommodate practical applications.
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Supplementary graphs to Chapter 3

This section presents the supplementary graphs to Chapter 3. Figure A.1, Figure A.2,
Figure A.3, and Figure A.4 show the results for X-percent scenarios for Sarajevo, Berlin,
Chicago, and New York City, respectively. The horizontal axis shows the days, and the
vertical axis shows the rebalancing operations cost in meters. Each figure represents
one case study and each subfigure separately includes 20-percent, 40-percent, 60-percent,
and 80-percent scenarios. Each X-percent scenario is represented with one line, that is
the average over 100 iterations, and the shaded areas representing the variance over 100

iterations.
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Clustering approaches investigated in Chapter 3

For the sake of completeness we detail here the clustering method selection used in
Chapter 3 that is based on Atag et al. (2021b). Clustering based approaches are used to
split a problem into smaller sub problems to reduce the computational complexity. We
consider and compare different clustering approaches, i.e., agglomerative hierarchical
clustering (AHC) with Ward linkage and proximity of stations as a similarity matrix,
AHC with Ward linkage and number of trips between stations as a similarity matrix
adapted from Lahoorpoor et al. (2019) (Appendix B.1.1), and two multi-objective
mathematical models (Appendix B.2.1).

To select the best clustering approach, we set our performance measures, which will later
define the objective function components for the mathematical models, as follows:

o (P1) the total in-cluster Manhattan distance, that shows the compactness of the
cluster,

o (P2) the deviation of the total in-cluster demand from zero, that shows whether the
clusters are self-sufficient, and

e (P3) the deviation of number of stations per cluster from the average number of
stations per cluster, that shows whether the number of stations visited by a
rebalancing vehicle is balanced among clusters.

Next, we present these four clustering methods.
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B.1 Agglomerative hierarchical clustering (AHC) with
Ward linkage

In AHC, each element is treated as a singleton cluster at the beginning of the algorithm.
This bottom-up approach connects a pair of clusters that are the most similar to produce
a bigger cluster. The algorithm halts as soon as all the elements are in one cluster.

The data is used to compute the similarity (dissimilarity) matrix between each pair of
elements in the data set. According to a linkage function, the closest elements (or clusters)
are grouped together at one higher level in the hierarchy, which forms the dendrogram.
A dendrogram illustrates the cluster arrangement that is produced by the corresponding
analyses. Then, the decision maker determines a convenient level to cut the dendrogram,
which also corresponds to the number of clusters.

There are several linkage functions introduced in the literature such as single, complete,
group average, and Ward. This paper considers Ward linkage, which aims to minimize
total within-cluster variance. This linkage is chosen since different similarity measures can
be used.

B.1.1 Proximity as a similarity matrix

This method uses the proximity of two stations, which corresponds to the physical distance
between a pair of stations, as a similarity matrix. The advantage of this method is that it
produces geographically convenient clusters, helping to improve (P1). On the other hand,
it does not pay regard to the performance measures (P2) and (P3).

B.1.2 Number of trips as a similarity matrix

Different similarity matrices may also be used. Lahoorpoor et al. (2019) introduce a
methodology for clustering BSS stations using the number of trips from one station to
the other as a similarity matrix. This matrix is created using the origin-destination trip
information. This way, they claim that they can discover the groups of stations which
interact the most. In other words, the constructed clusters are more likely to be
self-sufficient, which implies better performance in (P2).

B.2 Multi-objective mathematical model approach

Although AHC is convenient in terms of computation time, it does not take multiple
objectives into account. Therefore, we develop two multi-objective mathematical models,
that consider all the three performance measures, i.e., (P1), (P2), and (P3).
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Table B.1: Notation for the model given by (C3N)
Parameter Description
N number of stations (i, j € {1,...,N})
C number of clusters (¢ € {1,...,C})
lon;, lat; the longitude and latitude of station i, i € N, respectively
di; the distance from station i to station j, i,j € N
qi the demand at each station, i € NV
a, B,y weight of 1%, 27¢ and 3"¢ objective function, respectively

Decision variable

Description

Sic

1 if station 7 is assigned to cluster ¢, 0 otherwise, i € N,c € C

Auxiliary decision variables

Description

inClusterDist, the total Manhattan distance between each pair of stations in
cluster ¢, c € C
Mijc 1 if both ¢ and j are in cluster ¢, 0 otherwise, i,7 € N,c € C

B.2.1 MINLP

The first mathematical model, given by (C3N), is a mixed integer non linear model. The
corresponding notation is given in Table B.1. The objective function components, i.e.,
(B.1), (B.2), and (B.3), consider all the three performance measures, i.e., (P1), (P2),
and (P3), respectively. The component (B.1) minimizes the in-cluster distance, which
is a sum of all the L; distances between each station. The second component (B.2)
aims to minimize the positive and negative total deviation from the zero total demand
within a cluster. Lastly, the third component (B.3) minimizes the deviation of number
of stations across the clusters. The objective weights, i.e., o, 8, and -y, help to obtain a
single objective. One should note that the problem can also be solved using lexicographic

approach, without the use of weights.

Eq. (B.4) enforces that all stations, that have non zero demand, are assigned to one and
only one cluster. Eq. (B.5) ensures that the distance between each pair of stations in a
cluster is determined as in-cluster distance. Eq. (B.6) determines the positive and negative
deviation from the zero total demand within a cluster, whichever is applicable. Similarly,
Eq. (B.7) detects the positive and negative deviation of number of stations across the
clusters. Finally, (B.8)-(B.11) ensure that the domain constraints of the decision variables
are satisfied.
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(C3N) min Z a-inClusterDist. (B.1)
ceC
+ Y B(devD{ + devD;) (B.2)
ceC
+ ) v-(devSNF + devSN[) (B.3)
ceC
s.to > sie=1 Vie N (B.4)
ceC:q; #0
Z Sic * Sjc - dij = inClusterDist, Vi,j € N,Vee C
i, jEN:j>i
(B.5)
> Sic - ¢ = devD} — devD Vee C (B.6)
1EN
N + —
> Sic=—= +devSN} —devSN; VeeC (B.7)
: C
ieEN
sic € {0,1} Vie N,ce C (B.8)
devSNF, devSN; >0 VeeC (B.9)
devD}, devD, >0 Vee C (B.10)
inClusterDist. > 0 Vee C (B.11)

This non linear model is linearized by introducing an auxiliary variable, m;j., that
represents the multiplication of s;. and sj.. With this, (B.5) is replaced by (B.12)-(B.16),

which are given below:

Mije < Sic
Mije < Sje
Mije 2 Sic + Sje — 1
Z Mije - dij = inCluster Dist,
i,JEN:j>i
Mijc € {O, 1}

Vi,j € N,Vee C (
Vi,7 € N,Vee C (
Vi,j € N,Vee C (B.14
Vi,j € N,VYee C (

Vi,j € N,Vee C (B.16)

We call the linearized model as (C3). The complexity of (C3) is given by O(N? - C).
As the number of clusters indirectly depend on the number of stations, i.e., a function of

number of stations, the complexity can be identified as O(N3).

B.2.2 MILP

Given the complexity of the (C3), we develop another model to solve the clustering

problem. In addition to the ones in (C3), we introduce two other decision variables.
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Table B.2: Additional notation for the model given by (C4)

Parameter Description

M big-M value

S {1...5}, where S is the number of stations

Decision variables Description

lonC,, lonC, the longitude and latitude of cluster ¢, ¢ € C, respectively

Auxiliary decision variables Description

devSNF, devSN; the positive and negative deviation of number of stations in cluster ¢
from the average number of stations per cluster, ¢ € C, respectively
devDT, devD; the positive and negative deviation of total demand from 0 in cluster

¢, c € C, respectively

dif f Lon;. the distance in longitude between station ¢ and cluster ¢, i € N,c € C
dif f Lat;. the distance in latitude between station ¢ and cluster ¢, i € N,c € C
md;. the Manhattan distance between station i and cluster ¢, i € N,c € C'

These determine the cluster center and the in-cluster distance is calculated by summing
the distance to these centers from all the elements in that cluster. Some additional
decision variables help us to calculate the in-cluster distance. The additional notation is
given in table B.2 and the developed model is presented as (C4).
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(C4) min (B.1) + (B.2) + (B.3)
s.to (B.4)
lon; —lonC. < dif fLon. Vie NVeeC
(B.17)
lonC. — lon; < dif fLon;. Vi e N,Vee C
(B.18)
lat; — latC. < dif f Lat;. Vie N,Vee C
(B.19)
latC, — lat; < dif f Lat;,. Vie N,Vee C
(B.20)
dif fLon;. + dif fLat;e < mdjc + M - (1 —s;c) Vie N,VeeC
(B.21)
Z md;. < inClusterDist, Vee C (B.22)
iEN
(B.6),(B.7), (B.8)
dif f Lon., dif f Lati.,md;c > 0 Vie N,ceC
(B.23)
lonCe,latC. > 0 Vee C  (B.24)

(B.9), (B.10), (B.11)

The constraints (B.17)-(B.20) calculate the absolute distance between each cluster center
and station. Then, these are used to calculate the manhattan distance (Eq. (B.21)),
which helps us to determine the total in cluster distance (Eq. (B.22)). Note that, this
value is different than the value obtained in (C3). The Big-M value is set to the maximum
possible distance between two stations, i.e., (maxlon; — minlon;) + (max lat; — min lat;).

Egs. (B.23) and (B.24) ensure the domain constraints are satisfied.

The complexity of this model is given by O(N - C). Although it does not express
exponential complexity at a first glance, the number of clusters being a function of
number of stations makes the complexity of the (C4) O(N?). Therefore, we can conclude
that (C4) is expected to perform better than (C3).

B.3 Computational experiments

The optimization models are implemented on a computer with 8 GB RAM and 2.3 GHz
Intel Core i5 processor in python and python API for CPLEX 12.10.

We give the resulting clusters with the four different clustering methods for Sarajevo
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and Berlin, in Figure B.1 and Figure B.2, respectively. Here, (C1) and (C2) correspond
to AHC with similarity matrix as proximity matrix and OD-trips matrix, respectively.
(C4pp) solves (C4) where the minimizing the deviation of demand is the most important
objective, i.e., 8 > o > ~, whilst for (C4;cp) solves (C4) where the objective function
coefficient favor minimizing the in-cluster distance, , i.e., « > § > =. Note that (C3) is
not included here because it is intractable to solve it in real time.

Given that the units of the three objective functions are different than each other, we first
try lexicographic method. However, this method is not able to produce any solutions in
real time. Therefore, we assign extreme values as the objective weights, to approximate
the lexicographic method.

As expected, (C1) creates geographically convenient clusters. Although for Berlin, the
number of stations per cluster does not differ among different clusters, this is not true for
Sarajevo case study. Here, we see the influence of city structure. The Sarajevo case study

Blagovac R Blagovac
L4 )
A.. ‘W. i au Vogoica

bW Safajevo
i (@i

S e .‘fi"_éé’ajevo
R el i

o

(c) Clustering with (C4pp) (d) Clustering with (C4;cp)

Figure B.1: Sarajevo - 10 Clusters
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results confirm that the number of stations per cluster is not considered by (C1).

We observe that the clusters that (C2) has resulted in are unbalanced in terms of number
of stations for the Berlin data set. Specifically, among ten clusters, three of them have 9,
52, and 225 stations, whilst the remaining seven clusters have at most three stations.

With (C4pp), we see that the most of the clusters span the whole service area. This is
due to the fact that the second objective, i.e., minimizing the deviation from zero total
demand, is the most important objective. On the other hand, the results of (C'4;cp) show
more collective clusters compared to (C4pp). This is expected since the first objective,
i.e., minimizing the in-cluster distance, is more important than the other two objectives.
However, it should be noted that the results of both (C4pp) and (C4;cp) are found with
a large optimality gap. This indicates that the found solutions might be far from the
optimal.

The costs resulted from application of (C2) increase as well compared to (C1). The
accummulation in few stations would explain this increase. The resulting solutions of

the rebalancing optimization with different clustering methods are given in Table B.3.
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Table B.3: Rebalancing cost for all the clustering methods

Dataset  # of clusters (C1) (C2) (C4pp) (C4iep)

Sarajevo 2 9.728  15.991 12.709 12.627
10 75.351 372.332 139.880  126.983
Berlin 15 83.393 103.923 163.261 173.630

20 90471 120.289 159.271 197.483

Note that these values represent the total kilometers driven by the trucks, which linearly
determines the rebalancing cost. Compared to (C1), both (C4pp) and (C4;cp) produce
more scattered clusters. The increase in kilometers traveled by the trucks can be explained
by this fact. We see that, the additional demand-based objective does not work well, i.e.,
results in increase in rebalancing costs.
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Details on MATSim

MATSim is a powerful toolkit to analyze many aspects of transportation such as mobility
patterns of individuals, mode shares, and traffic congestion. This comes with a detailed and
sometimes not very easy to navigate terminology and implementation. In this chapter,
we first present in Section C.1 the terminology that is essential in MATSim and that
will be used in this chapter. We then introduce the working principle of MATSim in
Section C.2 and talk about its main components: how the scoring is done, i.e., the utility
function used in MATSim (Section C.2.1), and the strategies that are applied during the
replanning phase of MATSim (Section C.2.2). Later, we move on to the car sharing API
of MATSim. We discuss the framework and present the steps of car sharing vehicle rental
in Section C.3. We also introduce the generalized cost function of car sharing (Section
C.3.1), the membership model (Section C.3.2), and replanning strategy operators specific
to car sharing API (Section C.3.3). Finally, we conclude this chapter by noting down some
important points (Section C.5) and reporting the issues with MATSim utilization faced in
the scope of this thesis (Section C.6).

Please note that this chapter is a compilation of several resources that develop, utilize,
and discuss MATSim. This chapter is included in this thesis to build a ground for Chapter
4.

131



APPENDIX C. DETAILS ON MATSIM

C.1 Terminology

In this section, we explain the terminology that is essential in MATSim and that will be
used in the following sections. Figure C.1 introduces the legend used in the figures of this
chapter. Figure C.2 illustrates the running example which will be used in the following
sections of this chapter unless specified otherwise. A compact plan of the example agent
illustrated in Figure C.2 is given in Figure C.3.

)!@ File names Transport modes Activities Miscellaneous
* config.xml car home & agent
o
*¢'x population.xml one-way education ©» activity start time

%.ﬁ.m}*mv
Mol B <

network.xml public transport work >® activity end time
facilities.xml walk leisure y_i age
transitVehicles.xml bike shopping ender
transitSchedule.xml i?g &
membership.xmi plan

stations.xml

modestats.txt

Ee-0DF%

scorestats.txt

Figure C.1: Legend for the illustrations
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Y

=" 28 remate A W Q (685375.0275, 4824050.8428) [, 6392_12 (O » 12:31:36 » () 13:31:36
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A A Q (686386.7981, 4824847.9253) i, 1339_18

Figure C.2: An illustrative detailed plan of the example agent
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Figure C.3: Compact plan of the example agent illustrated in Figure C.2

Agent An agent usually represents a person that follows the plan that is assigned to
them at the beginning of the simulation. An agent has socio-economic characteristics, that
affects their travel plans. The agent in our example is 51 years old and female. Additional
socio-economic characteristics such as education level, car ownership, and travel card
ownership can be defined. The population.xml file contains all this information. It
should be noted that an agent may represent different concepts. For example, in freight
contribution, it is possible to model the freight vehicles as non-autonomous agents that

serve the interest of the freight operator.

Activity An agent performs activities during the day. Some examples are home, work,
shopping, leisure, and education. The agent in our example performs home, work,
shopping, and leisure activities throughout her day. One can implement new activities in
MATSim.

Plan and chain A plan consists of a set of activity-travel chains. It starts and finishes
at the home location of the corresponding agent. The agent in our example has the
home-work-shopping-work-leisure-home chain as a plan.

Subtour A subtour is a set of activity-travel chains that starts and ends at the same
location. Therefore, an agent can have multiple subtours in the plan and a subtour is
modeled in the way that it does not contain any other subtours. Each agent has at
least one subtour as the first and last activities in the plan of an agent are the same,
i.e., home. The agent in our example has two subtours: (i) work-shopping-work and (ii)
home-work-leisure-home (please also see the compact plan in Figure C.3 to easily identify
the two subtours of the example agent).
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Leg and transport mode A leg corresponds to the travels between activities and each
leg is performed by a transport mode. The agent in our example has five legs in her plan.
The transport modes used in these legs are car, one-way car sharing, public transport
(also referred as pt), car, and car, respectively. One can implement new transport modes
in MATSim.

Chain-based mode A chain-based mode is a transport mode where the vehicle
continuity has to be respected in the subtours. Car and bike are two examples of
chain-based modes. In the illustration, the agent takes her car from home in the morning
and continues the home-work-leisure-home subtour with this mode although she uses
different modes while traveling between work and shopping activities (Figure C.3). The
vehicle continuity would be violated if she was not assigned to take her car in the
morning but still assigned to take the car for the work-leisure-home legs, as the personal
vehicles are always located at home location at the beginning of the simulation.

Nodes and links The network is composed of nodes and links that connect to each
other. Nodes represent points on the network and links are the entities that connect
nodes. Each node and link has a unique id. These are defined in the network.xml file.

Transit vehicles and schedule Public transportation network is defined in the
transitVehicles.xml and transitSchedule.xml files. The type of the vehicles along
with their attributes such as length and capacity are defined in the former and the stop
facilities and transit lines are given in the latter.

Facility Each activity location is associated with a facility in MATSim. They have a
unique id and location, opening and closing times, possible activities that can be carried
out, and the link id that the facility is located at. The agent in our example leaves home
facility with id 1339_18 in the morning to go to work facility with id 7783__16. Facilities
are defined in the facilities.xml file.

Household Each household can be defined in the households.xml file with the
information on shared socio-economic characteristics such as bike availability, income
level, and number of cars, as well as the members of the household.

Utility and score The utility and score terms are used interchangeably in MATSim.
Each plan gains utility by performing activities. A disutility (negative utility) is assigned
for each travel activity. We explain the details of the utility function, i.e., scoring, in
Section C.2.1. The utility function coefficients are defined in the configuration file,
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Replanning

Figure C.4: The MATSim loop (Axhausen et al., 2016)

config.xml. Ideally, these coefficients are based on estimated choice models. However,
the literature also recommends some values to be used in the absence of a choice model.

Agent memory An agent tries several different plans throughout the MATSim
iterations. These plans are kept in the memory along with their scores for possible future
use. To calibrate the size of the memory, i.e., the number of plans to be stored per agent,
one can adjust the parameter maxAgentPlanMemorySize in the configuration file.

C.2 How does MATSim work?

Following the details given in the previous sections, the generic framework of MATSim is
given in Figure C.4. The initial demand and network configuration is defined in the
input files. The essential input files can be listed as config.xml, population.xml, and
network.xml. Important features of the experimentation such as the number of
iterations, replanning and removal strategies, utility function coefficients (activity and
mode parameters), and pointers to the other files that are going to be used in the
simulation are provided in the configuration file. In other words, this file ensures the
communication between the user and the simulation. Explanations to other files are
given in Section C.1. MATSim uses an iterative co-evolutionary algorithm that takes an
initial plan for each agent in the population file, simulate these plans in mobsim, assigns
scores according to the utility function definition (Section C.2.1), and then modifies
these plans according to the replanning strategy settings (Section C.2.2). The flow
diagram explaining how the replanning module works is given in Figure C.5. Agents of
MATSim follow the plans that they are assigned at the beginning of the iteration no
matter what, which distinguishes the working principle from reinforcement learning.

C.2.1 Charypar-Nagel utility function

This section is inspired from "MATSim: A closer look at scoring" chapter of Nagel et al.
(2016). The basic Charypar-Nagel utility function calculates the score of a plan Sy, as
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the sum of utility of all the activities and disutility of all the travels:

N N
Splan = Z Sact,q + Z Strav,qa (Cl)
q=1 q=1

where Syt is the utility of performing activity ¢ and Sirq,q is the travel disutility after
leaving activity q. Here, ¢ is the trip that follows activity ¢ and the agent conducts NV
activities.

C.2.1.1 Activities

The utility of an activity g is the sum of utilities of performing each activity and disutilities
of waiting time spent, late arrival, not staying long enough, and penalty for a too short
activity, i.e.,

Sact,q = Sdur,q + Swait,q + Slate.a'r,q + Searly.dp,q + Sshort.dur,q- (CQ)

We define each term below.

The utility of performing activity ¢

tdur,q )
)

Sdur,q = ﬁdur ) ttyp,q -In (
toq

where
o Baur: the marginal utility of activity duration (or marginal utility of time as a
resource),
e typq: the typical duration of activity ¢ (obtained from a travel survey),
e lqurq: the actual duration of performed activity ¢ (obtained from the simulation),

o t0,4: the duration of activity ¢ when utility starts to be positive, i.e., at zero utility.
This value is the reference point which ensures that when all activities are executed
for their typical duration, t:y, ., an agent would not prolong an activity to shorten
another one (Bala¢ et al., 2018).

The waiting time spent

Swait,q = 6wait ' twait,q7

where

e Buwait: the direct marginal utility of time spent waiting, and
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 twait,g: the waiting time.

The late arrival penalty

(tstarty — t if tstare,q > t
. ’ ] ’ HL}
. Blate ar ( start,q latest.ar q)v start,q latest.ar,q
Slate.ar,q - .
0, otherwise

where

e Blate.ar: the direct marginal utility of arriving late,
o tstart,q: the starting time of activity ¢, and

o latest.arq: the latest possible penalty-free starting time of activity ¢ (such as office
hours or starting time of performances).

The penalty for not staying long enough

ﬁem’ly.dp : (tearliest.dp,q - tend,q)7 if tearliest.dp,q > 75end,q
Searly.dp,q = .
0, otherwise

where

o Bearly.dp: the direct marginal utility of leaving early,
e tendg: the ending time of activity ¢, and

o tearliest.dp,q: the earliest possible penalty-free end time of activity g.

The penalty for a too short activity

/Bshort.dur : (tshort.dur,q - tdu?",q)a if tshort.dur,q > tdur,q
Sshort.dur,q = .
0, otherwise

where

o Bshort.dur: the direct marginal utility of performing an activity too short,
o tqurq: the duration of activity ¢, and
o tshort.durq: the shortest possible duration of activity g.
The reader is referred to Table C.1 to see how each expression related to activities is

defined in the MATSim implementation (in this case config.xml) and its recommended
value in the literature.
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Table C.1: planCalcScore module for the activities in the

config file
Expression  Name in the config file ‘I;ei(lzl(;mmended
Baur performing 6 utils/hr
Buwait waiting 0 utils/hr
Blate.ar lateArrival —18 utils/hr
Bearly.dp earlyDeparture 0 utils/hr
Bshort.dur N/A 0 utils/hr
tiyp,q activityParams — typicalDuration 02:00:00
tdur,q activityParams — typicalDuration N/A

teartiest.dp,q activityParams — earliestEndTime N/A
tiatest.ar,q activityParams — latestStartTime N/A

tshort.dur,q activityParams — minimalDuration N/A

C.2.1.2 Travel

The disutility of a leg ¢ is

Strav,q :Cmode(q)

+ 6t7“av,mode(q) ’ tt?‘(w,q

+ (ﬁd,mode(q) + /Bm : f)/d,mode(q)) ' dtr(w,q

+ ﬂtransfer * Ttransfer,qs
where

o Chiode(q) 18 the mode-specific constant,

* Birav,mode(q) 18 the direct marginal disutility of time spent traveling by the mode of
leg ¢, i.e., the mode used after performing activity g,

e tirau,q is the travel time between activity ¢ and ¢ + 1, i.e., leg g,
e [ is the marginal disutility of money,

o Amy is the change in monetary budget caused by fares, or tolls for the complete leg
q,

* Bdmode(q) 1 the marginal disutility of distance traveling by the mode of leg g, i.e.,
the mode used after performing activity q,

* Ydmode(q) 1S the mode-specific monetary distance rate traveling by the mode of leg
q, i.e., the mode used after performing activity g,
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o dirau,q is the distance traveled from activity ¢ to ¢ + 1, i.e., leg g,
e Biransfer is the marginal disutility of public transport transfers, and

* Tiransfer,q 1S a binary variable indicating whether a transfer occurred between the
activity g to ¢+ 1, i.e., leg q.

We would like to point out some important properties of the terms mentioned above. The
expression f3,, - Am, should be negative as spending money brings disutility. Since Am,
is expressed in non-positive terms, 3, is normally positive. Similarly, as Z¢rqnsferq is a
binary variable and the expression SBi.ansfer * Tiransfer,q should be negative, By ansfer is
normally negative. Both B node(q) a0d Yamode(q) are non-positive since the term dirqv,q is
positive and the expression (Bq mode(q) T Bm * Vd,mode(q)) * Atrav,q is supposed to be negative.
Yd,mode(q) €an be thought as a distance-based public transport fare or gas costs for a private
car. When this attribute is nonzero, it captures the personal taste with respect to the
change in cost, such that the unit monetary change in road pricing would not affect the
low-income and high-income people in the same way. The reader is referred to Table C.2
to see how each expression related to travel is defined in the MATSim implementation (in
this case config.xml) and its recommended value in the literature.

The following two constants exist in the MATSim implementation to define the daily
monetary and utility constants. These can be used to model the fixed costs that do not
rely on distance or time, such as car ownership.

o Chymode(q) 18 the monetary fixed cost of mode per day,

o Cumode(q) is the utility of mode per day.

C.2.1.3 An example on the utility

Consider the agent with the plan illustrated in Figure C.2. Her compact plan is given in
Figure C.3.

According to the Charypar-Nagel utility function, we can calculate her score as follows.

Splan —Ract,home + Sact,work + Sact,shopping + Sact,work + Sact,lez’sure + Sact,home (04)
+ Strcw,car(home) + Strauoneway(work’) + Strav,pt(shopping) C5

+ St'rav,car(work) + Strav,car(leisure) (06)

In this plan, the elements in the first line, i.e., elements related to activities, (Eqn. C.4)
positively contribute to the score while the elements in the second and third lines, i.e.,
elements related to travel, (Eqns. C.5 and C.6) negatively contribute to the score.

Fach element is separately calculated using the definitions given in Sections C.2.1.1 and
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Table C.2: planCalcScore module for the modes in the config file

ded

Expression Name in the config file Recommende

value
Bm marginalUtilityOfMoney 1 utils/monetaryunit
Biransfer utilityOfLineSwitch ~1.0
q modeParams — mode N/A

0.0 utils/hr for ride
Cmode modeParams — constant —10 utils/hr for walk

—0.4 utils/hr for car, oneway, pt, bike

modeParams

5d,mode(q) 0.0

— marginalUtilityOfDistance_util_m

—26 utils/hr for bike
—6 utils/hr for walk, pt, ride
0.0 utils/hr for car, oneway

modeParams

Brravmode(a)  _, marginalUtilityOfTraveling_util_hr

Yd,mode(q) modeParams — monetaryDistanceRate —-2.107%
Cm mode(q) modeParams — dailyMonetaryConstant —-5.3
Cuymode(q) modeParams — dailyUtilityConstant 0.0

C.2.1.2. To illustrate, Syt home is modeled as

Sact,home :/Bdur : ttyp,home -In (M) Sdur,home
tO,home

+ Bwait . twait,home Swait,home

+ Blate.ar ’ min(O, (tstart,home - tlatest.ar,home)) Slate.ar,home

+ Bearly.dp : min(O, (tea'rliest.dp,home - tend,home)) Sea'rly‘dp,home

+ 55h07‘t.du7‘ : min(O, (tshort.dur,home - tdur,home)) Sshort.dur,home

and the disutility of travel that leaves activity home using mode car is modeled as

Strow,l :Ccar
+ Btrav,car : ttrav,l
+ Bm - Amy
+ (ﬁd,car + ﬁm ! "Yd,car) : dtrav,l
+ 6transfer * Ttransfer,ls

where mode(q) translates to car as it is the mode used after activity home and we denote
leg(q) that refers to the trip g, that follows home activity, with /.
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C.2.2 Strategies

MATSim agents replan their daily activities at each iteration. This takes place according
to replanning strategies. Each replanning strategy is assigned a weight which defines the
probability that they are going to be chosen for an agent. These weights are defined in
the configuration file by the parameter weight in the strategySettings parameter set
under the strategy module. Please note that, in case their weights do not sum up to one,
they are internally normalized.

An illustration that explains the working principle of the strategies is given in Figure C.5
(Horl, 2021). After iteration 4, such that 7 is not equal to the total number of iterations,
of MATSim is completed, the scores are assigned to the plans and the realized plans of
iteration 7 are passed to the replanning module. The first check relates to the maximum
number of plans that an agent can store in their memory, M, which can be defined by
maxAgentPlanMemorySize in the configuration file. If M is exceeded with the addition
of the new plan, the removal is invoked and one of the plans in the agent’s memory is
removed according to the removal strategy. If the removed plan happens to be the plan
that is selected for execution, a random plan from the agent’s memory is selected for the
next steps. Then, a random number r is drawn to decide which strategy is going to be
used, i.e., selection or innovation, depending on their weights. Assuming that ps is the
sum of the weights of all the selection strategies used in the configuration file, if r is less
than ps, then a selection strategy, otherwise an innovation strategy is applied on the plan
of iteration ¢. Finally, the resulting plan is fed back to the simulation as an input for
iteration ¢ + 1.

Next, we go into the details of these strategies. We start with the selection (Section
C.2.2.1) and innovation (Section C.2.2.2) strategies and continue with the removal
strategies (Section C.2.2.3) available in MATSim.

Initial demand
for iteration i

Adding

/ r<ps No
Selection the new plan
exceeds M?
|
Yes
Innovation ’ Removal

\ Realized plans
of iteration i
F

r>=ps
Replanning /

Figure C.5: Replanning in detail
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C.2.2.1 Selection strategies

The selection strategies consider the plans that are stored in agent’s memory. Strategies
KeepLastSelected and BestScore utilize the information from the previous iteration
whereas strategies SelectExpBeta, ChangeExpBeta, SelectRandom, and
SelectPathSizeLogit consider all the plans that are in the memory. The available
selection strategies are explained in Table C.3 in detail.

The authors in Axhausen et al. (2016) point out that using BestScore strategy may end
up with sub-optimal plans. They suggest that it should be used in combination with
SelectRandom.

Table C.3: Selection strategies

Name Explanation

KeepLastSelected (KLS) The selected plan in the previous iteration remains selected.
BestScore (BS)! The plan with the highest score in the previous iteration is selected.
SelectExpBeta (SEB) A Multinomial Logit Model (MNL) selection is performed. Letting Sp;

be the score of plan i of agent n,
eHSni
1Snj
Zjecn e

where p models the ability to distinguish between plans with different
scores? and C,, is the choice set of agent n.

Po(i|Cy) = (C.7)

ChangeExpBeta (CEB) Similar to SelectExpBeta, this strategy also samples from an MNL.
However, the probability depends on the switching probability

T(i — j) = e’Si=5) /2 (C.8)

where i is the previous plan and j is a randomly selected plan from
the memory of the same agent® and v is a calibration parameter which
ensures that the probability is never higher than 1

SelectRandom (SR) A plan is randomly selected.
SelectPathSizeLogit A Path Size Logit Model® (PSL) is performed.
(SPSL)

! Previously named as SelectBest.

2 The scale parameter p is recommended to set to 1 (Axhausen et al., 2016). This parameter can
be configured by the BrainExpBeta parameter that can be added in the scoring module in the
configuration file.

3 In fact, the switching logic applied in the ChangeExpBeta defines an ergodic Markovian process. This
way, the system converges to the unique steady state probabilities given in Eqn. C.7 if the available
N plans in the memory are kept constant (Horl et al., 2018). In other words, ChangeExpBeta is
recommended to be used with fraction0fIterationsToDisableInnovation.

4 The parameter ~ is hard-coded in the implementation and set to 0.01 (Horl et al., 2018).

5 The description of the model can be found in Frejinger and Bierlaire (2007). The related parameter
can be configured by the PathSizeLogitBeta parameter that can be added in the scoring module in
the configuration file.
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C.2.2.2 Innovation strategies

In general, innovation strategies choose one plan at random from the memory and use
this plan to innovate a new plan. The innovation can be done by changing the mode
(mode innovation), finding a new (better) itinerary (route innovation), and shifting the
start and end times of the activities (time innovation). The available mode, route, and
time innovation strategies in the generic MATSim toolkit along with their explanations
are given in Tables C.4-C.6, respectively.

Additional to the innovation strategies mentioned above, it is possible to work on different
strategies according to the needs of the framework. For example, in Tchervenkov et al.
(2020), they propose a new innovation strategy that takes the difference in time gain into
account while changing to a shorter route calculated by the new routing. This overcomes
the oscillations created by the small changes in rerouting, such as in the congested traffic

conditions.
Table C.4: Mode innovation strategies

Name Explanation

SubtourModeChoice The mode of transport of a randomly selected subtour of a randomly

(smMe)! selected agent’s plan is assigned to a randomly selected mode of
transport. The vehicle continuity constraints, i.e., the chain-based
modes? , are respected.

ChangeTripMode (CTM)3 The mode of transport of a randomly picked person is changed for the
whole plan.

ChangeSingleTripMode The mode of transport of a randomly picked person is changed for

(cstm)* a randomly selected leg of the plan. In other words, this strategy

contributes innovating plans with more than one transport mode.

LA very detailed and complete discussion about this strategy is available in Horl et al. (2018).

2 Personal car and personal bike are examples of chain-based modes. These vehicles should be available
at the point of departure, meaning that they have been used in the previous legs of the subtour as
well. These vehicles are located at home at the start of the simulation.

3 Previously named as ChangeLegMode.

4 Previously named as ChangeSingleLegMode.

Table C.5: Route innovation strategies

Name Explanation

ReRoute (RR) The new shortest path for an agent is determined according to
the mean travel times at each time bin from the previous iteration
and assigned as a new plan for the next iteration (Lefebvre and
Balmer, 2007).
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Table C.6: Time innovation strategies

Name Explanation

TimeAllocationMutator (TAM) The start and end times of activities are randomly shifted within
the allowable range’ (Balmer et al., 2005; Raney, 2005).

TimeAllocationMutator_ReRoute The end times of activities are randomly shifted within the
(TAMRR) allowable range, and the shortest path is found using the ReRoute
st]ra‘cegy.2

! The default value is £30 minutes. This range can be modified with the parameter mutationRange.
2 Tt is advised to be used when using public transport.

C.2.2.3 Removal strategies

This is set under the strategy module of the configuration file by modifying the
planSelectorForRemoval parameter. The available selectors are given in Table C.7. It
defines how to remove plans from an agent’s memory. Removal strategies work very
similarly to the selection strategies. For SelectExpBetaForRemoval,
ChangeExpBetaForRemoval, and PathSizeLogitSelectorForRemoval, the procedures
explained in Table C.3 are used to select one plan using SelectExpBeta,
ChangeExpBeta, and PathSizeLogit, respectively, for removal. For example, for
ChangeExpBetaForRemoval the switching probability introduced in Equation (C.8) is
used to determine the plan that is going to be removed from the memory.

Table C.7: Removal strategies

Name Explanation

WorstPlanSelector (WPS) The plan with the lowest score is removed.

SelectRandom (SR) A plan is randomly selected and removed.

SelectExpBetaForRemoval (SEBR) SelectExpBeta strategy is used to select the plan to be
removed.

ChangeExpBetaForRemoval (CEBR) ChangeExpBeta strategy is used to select the plan to be
removed.

PathSizeLogitSelectorForRemoval SelectPathSizeLogit strategy is used to select the plan to
(PSLSR) be removed.

C.3 How does car sharing API of MATSim work?

The MATSim’s development has started in C++ in the early 2000s and then migrated to
Java in around 2006 and 2007. The work on the car sharing API has been introduced
in 2008. Over the years, it has been improved and it now provides the three types of
car sharing, i.e., round-trip, one-way, and free-floating. In this study we are focusing on

one-way car sharing systems.
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Routers Models Analysis
/P N N
Routed Request Evaluate Rental
trip routing request information
N4 4
[ Car sharing manager ]
/F /P N
Vehicle Vehicle Current Update Membership Request
information request demand demand information information
4 J/ 4
Supply Operations Membership

Figure C.6: The car sharing framework (Balac et al., 2019)

Balac et al. (2019) present the high-level architecture of the MATSim car sharing
framework (Figure C.6). Here, the Car sharing manager ensures the communication
between the car sharing framework and MATSim. As soon as a car sharing trip is
requested in the main MATSim framework, the Routers compute the route according to
the stages of a car sharing trip (Figure C.7) and return it to the manager. The Supply
module provides information about all car sharing operators, their services, such as
vehicle information and station information, and their cost-structures. The Models
module includes some decision models to decide which company to choose when many
operators exist in the system. This module can also aid vehicle type decisions and
whether to keep the car while performing an activity. Operations module keep track of
the current and finished rentals. The Membership module ensures that only the agents
who are members of the corresponding car sharing system are allowed to use the system.
Lastly, Analysis module receives the rental information from the manager and reports it

for external analysis.

We present in Figure C.7 the working principle of one-way car sharing rental in the car
sharing API of MATSim. After finishing an activity ¢, an agent checks the leg mode to
travel to the next activity ¢ + 1 in their plan. If this mode is oneway, then the agent
creates a list of stations that are within the search distance, sd, of the current location
(the location of activity ¢). The parameter sd is defined in the config.xml file under the
module OneWayCarsharing with the parameter named
searchDistanceOneWayCarsharing in meters. Later, the list is sorted in the ascending
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Figure C.7: The flow diagram of car
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vehicle available for the rental.

possible score. If the agent can find a vehicle, they book it and start the access-walk

from the current location to the selected station.

After picking the vehicle up and freeing

the parking space, i.e., the parking spot becomes available to the other users, the user

looks for a parking spot close to the destination, i.e., the location of the next activity
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q + 1. Similar to searching for a pick-up station, a search is done to find a drop-off
station. If the agent succeeds finding an available parking spot within sd distance from
the location of activity ¢ + 1, then they book the parking spot making it unavailable to
the other users, drive the vehicle to the drop-off station, drop the vehicle off to the
determined station, end the rental period, and execute egress-walk from the drop-off
station to the next activity location. If they cannot find a parking spot, the agent is
stuck and aborted from the simulation with the lowest possible score.

C.3.1 Scoring car sharing trips

In order to include the car sharing travel in the utility, Ciari et al. (2016b) model the
disutility of car sharing travel, i.e., the generalized cost of car sharing travel, as follows.

Str(w,cs :Ccs

+ Beyes - ¢t - by time dependent part
+ Bees - Cq - d distance dependent part
+ Btwalk - (ta +te) walk path to/from the station
+ Btes - L rental time cost

where

o C¢s is the mode-specific constant, i.e., Cpode(q),

e Bees is the marginal utility of an additional unit of money spent on traveling with
car sharing, i.e., G,

e ¢ is the monetary cost for one hour reservation time,

e t, is the total reservation time,

e ¢4 is the marginal monetary cost for one kilometer travel,
e d is the total reservation distance,

e Bt walk is the marginal utility of an additional unit of time spent on traveling with
Walkinga ie., Btrcw,mode(q%

e t, is the access time,
e t. is the egress time,

e [ics is the direct marginal disutility of an additional unit of time spent on traveling
with car sharing, i.e., Biqvmode(q), and

t is the actual (in vehicle) travel time.

We can split the equation into five parts: alternative specific constant, time dependent
part, distance dependent part, walking to and from the station (which is evaluated as a
normal walk leg), and rental time cost.
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C.3.2 Car sharing membership

A logit model is estimated for Switzerland by Ciari et al. (2016¢) and implemented in the
carsharing API of MATSim. The model utilizes the socio-economic characteristics of the
individuals and accessibility from both home and work are considered. Accessibility A of
person p is calculated as

A(n) =1In (iXs . e_’g'ds’l) +1In (iXS . e_ﬁ'dsw).
s=1

s=1
where

o [ is the weight parameter for distances, it is set to 0.2 (see Weis, 2012),
e m is the number of stations in the system,

e dgp, is the distance between station s and home h,

e dgy is the distance between station s and work w, and

e X, is the number of cars at station s.

This accessibility measure can be used to come up with the membership file that is required
for the carsharing API.

C.3.3 Strategies

With the car sharing API of MATSim, two more mode innovation strategies are introduced
(Table C.8) additional to the ones presented in Table C.4 (Laarabi and Bruno, 2016). The
strategies presented in Tables C.3 and C.5-C.7 are still applicable in this module.

Table C.8: Car sharing specific mode innovation strategies

Name Explanation

CarsharingSubtourModeChoiceStrategy The mode of transport of a randomly selected subtour of
a randomly selected agent’s plan is assigned to a different
mode from a list of possible modes.

RandomTripToCarsharingStrategy The mode of transport of a randomly selected leg (that
is not part of a chain-based mode) of a randomly selected
agent’s plan is assigned to car sharing.

C.3.4 An example

Here, we illustrate in an example how the agents execute their plans in MATSim. Consider
the three agents in Figure C.8. Each agent is given their daily plans at the beginning of
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Figure C.8: Plans of three agents

the iteration. Our toy network shown in Figure C.9 has 6 nodes, 7 links, 5 facilities (2
home, 1 education, 1 work, and 1 shopping). The time stamp of each situation is given
below the frames. Each facility is accessible through the links and a car sharing station is
located at each node. Walking legs are represented with dashed lines and the others are
with solid lines.

All the agents start from their home location. The first two agents to start executing their
daily plans are the blue and red agents. The former uses the public transport to commute
to school and the latter uses her personal car to commute to work. The blue agent uses the
public transportation again to go back home from school. While the blue and red agents
execute home and work activities, respectively, the yellow agent walks to shopping. Later,
red agent travels back home by her private car (which is a chain-based mode). Finally, the
yellow agent takes a shared car from the closest station (which corresponds to a node),
travels to another station to park the vehicle, and walks home from the station.

C.4 Implementation details

The implementation details are discussed in this section and the flow-diagram is
provided in Figure C.10. As we are using MATSim as a black-box, we utilize bash scripts
to communicate with the Java environment. We use python for pre- and post-processing
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Figure C.9: Execution of the plans
operations. We represent bash implementations in blue boxes, python in red, and

MATSim, which is implemented in Java, in black. The communication between scripts
are mostly done by bash scripts (blue arrows), whereas when the functions that are
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implemented in python are called by another function in python, we do not switch to
bash scripts (red arrows). Each block is associated with an id, that is specified between
paranthesis above the name of the procedure.

We first initialize the parameters of our scenarios in (1). Later, we start creating the

scenarios by generating the necessary folders for MATSim runs. These folders are
organized with respect to the parameters that are studied for sensitivity analysis.
Within (2), we assign the necessary files, i.e., configuration, network, population,
facilities, car sharing stations, and car sharing membership files, to the corresponding
folder. Once the setup is complete, the first outer-loop iteration of MATSim is invoked.
Once this
finishes, the bash script collects the outputs and passes it to block (4). After, the output
This is followed by

determining the initial configuration in block (5b) and the car sharing stations files for

MATSim is run for pre-specified number of inner-loop iterations, i.e., (3).
files are post-processed and the final configuration is found.
the next outer-loop iteration are updated in block (6). Therefrom, we run the next
outer-loop iteration of the framework by invoking the MATSim block (3) again. As soon

as the number of outer-loop iterations are completed, we analyze and plot the results in
block (7).

MATSim provides several output files which allow disaggregate and detailed analysis.
Some examples are, the events file which stores all types of events that happen in the
simulation with information such as time, type of the event, and location, car sharing trips
file which stores the car sharing trips that are executed by the users including information
on which car is used by which agent at what time. As expected, these files consume memory
and one should consider removing the unnecessary ones. This is conducted in block (5a),
right after the final configuration is determined. This was added to our implementation
framework later and we were able to reduce the required memory by third.

Given the resource requirements of MATSim are quite demanding, we implement our
framework on a server. The main challenge faced at this point was installing MATSim

on the server. Although one could argue that the MATSim framework can be run by

Figure C.10: Implementation details
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Figure C.11: Parallel runs
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an executable file, the developers state that this is not possible for the car sharing API
since it is included in the contrib branch of the framework. One should either construct
the whole framework on their local machine with all the dependencies and then create
an executable file, or MATSim framework is installed through Eclipse IDE and Maven
dependencies and invoked by a Java command. In our implementation, we utilize the
second option as we could not succeed the first one.

To save from runtime, we exploit the multi-processor property of the server and launch
several scenarios at once. To illustrate, after creating scenarios in block (2), we launch S
scenarios at the same time (Figure C.11). This way, all the processors can be exploited.
However, in this case, there is a risk of running out of memory which is used during
iterations to store results, plans of the agents etc. Unless the number of threads allowed
for MATSim to use is well-calibrated, it results in cancelled jobs, therefore unfinished
runs, which would lead to wrong results. Hence, it is important to determine the trade-off
between the number of scenarios to be launched at the same time and the number of
threads should be analyzed, and adjusted according to the machine properties.

C.5 Important notes

This section discusses some important points that are not very easy to catch at the
beginning of MATSim usage. We aim at reducing the warm-up period of MATSim user.
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One defines the relevant parameters of the simulation in the configuration file. Although
the documentation includes the information on the units of these parameters, it is not
the first thing that the reader catches. That is why we wanted to explicitly state here
that MATSim uses meters for distance and seconds for time as units. The money is
implemented unitless.

The parameter fractionOfIterationsToDisableInnovation is important due to the
co-evolutionary nature of MATSim. After exploring many solutions, the agents start
using the plans in their memory instead of innovating after a specific number of iterations.
It is important to turn the innovation off early enough to be able to achieve convergence of
the scores. Otherwise, the agents will continue exploring new plans which would prevent
convergence. We have noticed that this was crucial by looking at the score statistics and
observing that they do not converge unless this parameter is used. Most works suggest
using this parameter at 80%.

It is suggested in the literature that one should work with the data available at the end
of the last iteration and the intermediate iterations are used for verification purposes.
Therefore, when having memory issues, it is smart to set the reporting interval that is
defined by writePlansInterval and writeEventsInterval to the number of iterations
to save memory.

Apart from being memory-consuming, MATSim simulations are also time-consuming. In
order to reduce the computation time and still have representative results, it is suggested
to simulate with 1% or 10% of the population depending on the population size. The
sample population can be obtained through the MATSim GUI. One needs to adjust the
capacity of the road links accordingly to remain representative of the reality. The GUI can
also be used to create a default configuration and validate an existing transit schedule. On
the other hand, this is not possible for some applications. For example, in car sharing API,
since the number of vehicles available in the system is quite low, it is not possible to scale
the capacity of the stations (as it is done for the capacity of the road links) according to
the population. Therefore, one has to run the full population to get representative results.

The activities have positive and traveling has negative impact on the utility function.
Although one can argue that traveling might have a positive utility for some people on
some occasions (for example, being able to work when one takes the train), assigning
positive values for traveling would not work. It is because every time this agent takes this
mode, it would have improved the utility function, meaning that this agent would circle
in the same area using this positive utility transport mode over and over. Even if it would
not be an issue for the scoring function it would be a problem for the routing. Therefore,
one cannot assign a positive value to traveling whereas they might bring less disutility
compared to some other modes.

Finally, we would like to point out the working principle of the innovation strategies.
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These do not necessarily generate reasonable plans. For example, an agent may receive a
plan where they would be required to walk unreasonable distances like 40 kms and still
perform this activity. Although we would not observe such an activity in real-life, these
are important features of MATSim where exploration of the solution space takes place.

C.6 Issues

In this section, we aim at informing the reader about the issues related to MATSim faced
in the context of research presented in this thesis and discuss possible solutions and the
walk arounds that we have followed, where applicable.

C.6.1 Strategies

If a module changes the mode of some of the legs, the scoring module of the simulation is
able to handle it correctly, since it calculates the scores leg by leg. However, the replanning
module might not be able to handle it because it works at the subtour level.

C.6.2 Simulating one day

MATSim simulates one whole day (24 hours). However, some analyses make sense when
they are done over several days such as charging requirements of electric vehicles and
one-way vehicle sharing systems. In this case, there are two options: (i) generating different
population files for each day that reflects the behavior on the corresponding day or (ii)
assuming that the generated population behaves similar every day. Since the traditional
surveys focus on a generic day, one needs to conduct a more detailed survey in order
to generate day-specific population files. Although this is the best way to represent the
system, it requires a lot of effort. On the other hand, even if the second option does not
have this overhead, it does not allow a detailed analysis.

C.6.3 Stuck and aborted agents

As stated before, MATSim does not utilize reinforcement learning. This implies that the
agents blindly follow their daily plan no matter what happens during the day. They do
not revisit and update their plans even if there is a problem with the existing plan such
as being stuck and aborted from the simulation and being forced to walk unreasonable
distances. For example, if an agent is supposed to take public transport and the line that
they are waiting never arrives due to failure, the agent waits for the bus until the end
of the simulation. Although this serves to the exploration purpose of the co-evolutionary
algorithm, this presents an unrealistic case in real life as people would adjust their plans.
The interpretability of the solution, i.e., the output of the last iteration, becomes vague
when such plans appear in the solution. Since in real-life an agent would always find a way
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to go back home and contribute to the mode share, inconsistency between the reported
results and what would happen in reality occurs. The question whether to consider these
agents or not remains unanswered in the literature, to the best of our knowledge.

Although the number of stuck and aborted agents might be insignificant for modes that
have high mode share, we think that they should be further analyzed as they might
represent a high proportion of some modes, that have very low mode share, such as car
sharing.

C.6.4 Stuck and aborted agents that have car sharing in their plan

Let us consider the agent that is presented in Figure C.12. The plan handed to this agent
in the morning starts at home and travels to work by a car sharing vehicle. After the work
activity is completed, they travel back home again with car sharing.

In order this plan to be successfully completed, at least one car sharing vehicle has to be
available at the right station at the right time for both legs. Let us assume that the agent
is able to conduct the car sharing trip from home to work in the morning and that a car
sharing vehicle is not available close to the work location after this agent completes its
activity at work. In this case, the agent gets stuck in the simulation, and he is immediately
aborted from the simulation. Being stuck and aborted means that the controller module of
MATSim assigns the worst score to this plan and it becomes very unlikely to be selected in
the next iteration of the simulation. However, there appears another issue here. Although
the whole plan was not successfully completed, the rental in the morning is reported as a
successful rental. The problem arises while analyzing the results. Since the mode share of
car sharing is quite low compared to the other modes, it is very sensitive to fluctuations
and misleads the operator in terms of number of rentals. These agents that get stuck and
aborted should be reported separately and two different outputs should be generated to
prevent misinterpretation of the results. There is no discussion on this topic, to the best
of our knowledge.

We also observe another issue with the timing of the reservation of the parking places.
As explained in Figure C.7, the agent looks for a parking spot after renting the vehicle,

L A A Q (685633.2670, 4823347.2456) [ 1499_17 » (D) 16:39:38
O 2
@ G A W Q (685411.5824, 4824336.9850) iR, 7747_16 () » 16:54:38 » () 18:04:48
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Figure C.12: A plan
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i.e., after the rental start. This produces the problem of reporting this as a successful
trip, although the agent gets stuck and aborted after the rental start. Again, the reported
number of rentals becomes unrepresentative of the system as in the situation explained
above.

C.6.5 Investigating scenarios with different main modes

It may be useful to test scenarios where only a specific number of modes are available in
the network. This is possible when the car mode is included in this list. However, it is
not possible to run a simulation on MATSim without the car mode as it is designed to
be the main mode of the network by the PrepareForSimImpl class in the controler.

C.6.6 Relocation module of MATSim car sharing API

The first idea of this research started with incorporating dynamic relocation algorithms
in the MATSim car sharing API. After several attempts, it was not possible to do so due
to several issues, which we discuss in this section.

According to the literature, relocation module, which is responsible of dynamic
rebalancing operations, is available only for the free-floating CSSs in MATSim car
sharing API. Therefore, we aimed at implementing another module that would apply
rebalancing operations for one-way CSSs. However, this was too complicated since the
framework required many changes such as additional module implementation. So, we
decided to adapt the available relocation module to the one-way CSSs.  The
rebalancing operations in free-floating CSSs were implemented with the definition of
zones, that represent areas in the city where one can pick-up and drop-off their car
sharing vehicle. We decided to define several zones with very small areas and treat them
as stations of one-way CSS. However, we were not able to either adapt or make the
existing relocation module run, in a reasonable amount of time.

Finally, we had to opt out using static rebalancing operations in our case study to illustrate
our framework. Indeed, static rebalancing is rarely discussed in the literature in the context
of CSSs; however, it provided a starting point to create a proof of concept for our research.

C.7 Conclusion

MATSim is a very powerful toolkit that can be utilized to analyze concepts such as mode
share and mobility patterns of individuals at a disaggregate level. This chapter suggests
first steps that can help a MATSim user to obtain a solid base about the toolkit by
explaining its terminology, working principle, and the carsharing API. We also include
two sections where we discuss some important points and the issues faced in the context
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of this research. We believe that this chapter will prepare a basis for the reader and make
it easier to navigate at the beginning of their MATSim experience.
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