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Abstract

Carsharing systems provide sustainable, environmentally friendly short-distance

inner urban transportation. One-way carsharing systems, a type of carsharing

system with a significant portion of registered members worldwide, allow users

to leave their vehicles at any station or anywhere in the region. However, this

leads to vehicle stock imbalances since the demand is not symmetrical. One-

way carsharing systems require demand-balancing relocation activities with the

involvement of personnel bringing vehicles where and when needed. Therefore,

one-way carsharing systems are complex regarding strategic and operational

decisions. The main goal of this thesis is to contribute to the one-way carsharing

literature by providing i) new mathematical models and heuristic algorithms

for the strategic decisions in infrastructure investments regarding the new tech-

nological developments in electric vehicle chargers ii) an in-depth literature

review for user-based relocation and pricing studies and iii) new mathematical

models and heuristic algorithms for operational decisions where users are offered

counteroffers that increase the operational profitability.

The first work conducted in this thesis exploits new technological develop-

ments corresponding to electric vehicle chargers. A new mathematical model

is proposed to determine the number and location of fast/rapid chargers to be

implemented in one-way carsharing systems with an electric vehicle fleet. The

proposed model takes into account vehicle relocation, battery availability and
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partial charging. As the model becomes intractable for large-sized instances, we

introduce heuristic algorithms that reduce the size of the variables and constraints

created. The results suggest that the proposed algorithms increase profitability by

providing charger infrastructure upgrade decisions at the stations.

The second work of this thesis presents a literature review on user-based

relocations and pricing studies. Other than operator-based relocations, user-based

relocations (providing alternative trips to users) and pricing are powerful tools

to balance the vehicle supply and trip demand. This part of the thesis provides

a discussion on the main lines of the research pertinent to user-based relocation

and pricing methods applied to carsharing systems by categorizing the literature

based on the aim and methods of the studies. Furthermore, we identified current

research gaps and shed some light on directions for future research.

Finally, the last work presented here provides an operational-level decision

support system in one-way carsharing systems. The users are offered counteroffers

(user-based relocations) to increase profitability by mainly decreasing operator-

based relocation costs. A mathematical model is introduced to find the best

possible offer to the user at each trip request. The model considers the users’

acceptance and rejection rates of the offers. Additionally, heuristic algorithms that

work efficiently are presented. The results suggest that incorporating user-based

relocations in operational level decisions increase profitability.
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Chapter 1

Introduction

1.1 Background and motivation

Carsharing is a transportation mode similar to car-rental systems with a short

term access to a shared vehicle fleet. Carsharing systems provide sustainable

transportation without sacrificing private vehicle comfort. Users registered in such

systems benefit from the access of private vehicles without considering the costs

that are associated with owning one.

The earliest carsharing system can be traced back to a carsharing initiative in

Switzerland called ”Sefage” in 1948. Yet, carsharing has become an essential actor

in the transportation sector after 2000, with new technological advancements and

traditional car-rental companies offering carsharing systems (Mindur et al., 2018).

Especially, the growing smartphone penetration has had an undeniable effect on

the growth of carsharing systems. As a result, the number of countries with

carsharing systems increased to 47, with almost 32m registered users and 200k

vehicles worldwide as of 2018 (Shaheen and Cohen, 2020).

The impacts of carsharing can be classified as environmental, land use, social

and transportation. Reduced vehicle ownership, vehicle km travelled and mobility

emissions are the positive environmental effect of carsharing. Studies reveal that

each vehicle in a carsharing system decreases the need for at least four vehicles on
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the road. Additionally, at least 15.6% of the users have sold their private vehicles

after joining the system (Shaheen and Cohen, 2012). According to Shaheen et al.

(1999), private vehicle owners tend to drive more than required since the variable

cost of driving is relatively low compared to fixed costs. This does not apply to

carsharing systems where the users pay for actual use, resulting in reduced vehicle

km travelled. This is also one of the reasons for reduced mobility emissions.

Carsharing systems’ impact on land use can be explained by reducing the demand

for parking spaces and freeing up public areas by up to 22% (Tchervenkov et al.,

2019). Next, the affordable private car access to all, including the disadvantaged

groups, defines the social effects. Finally, the decrease in vehicle ownership,

decrease in vehicle purchases, and change in travel modes by encouraging active

lifestyles such as cycling and walking are the effects of carsharing systems on

transportation in general (Shaheen and Cohen, 2012).

The effects of carsharing systems with an electric vehicle fleet are enriched

compared to an internal combustion engine fleet (Liao et al., 2020). Carsharing

operators benefit from the decreased operational cost and enjoy a positive en-

vironmental image when deploying EVs in their fleets. EV fleets in carsharing

systems also affect consumer behaviour in the users, providing easy access to EVs

and promoting EV use. On the other hand, providing EVs in the fleet imposes

additional burdens on the operational complexity of the carsharing companies.

First, the carsharing companies should equip their stations with EV chargers.

Second, the state of charge (SoC) level must either be above a predefined threshold

or meet the trip’s battery requirements before each rental. This reduces vehicle

availability as the time required to charge an EV fully can exceed eight hours using

conventional chargers.

In terms of vehicle drop-off locations, carsharing can be divided into two

categories. The first category, round-trip, requires users to return the vehicle to

the origin station. The second category, one-way systems, does not force users

to return to the origin station (or location). In one-way systems, users may

2



leave the vehicle at any station (station-based one-way systems) or anywhere

permitted in the region (free-floating systems). Although the second category can

attract more users as these systems are more flexible regarding the destination

locations, it comes with a cost of operational complexity. The fact that the trip’s

origin and destination are not forced to be identical causes demand asymmetry

in vehicle stocks at stations (or subregions for free-floating systems). Providing a

sufficient number of vehicles at stations is vital to maintain a high level of customer

service. Therefore, one-way carsharing companies often interfere with the vehicle

configuration at the stations to serve more customers. One way to alter the vehicle

stock is to relocate vehicles by personnel from over-saturated to under-saturated

stations (operator-based relocation). Operator-based relocations are very complex

since they involve both vehicle and personnel movements. The personnel drives

the vehicle to the station where the vehicle stock is low and then proceeds to the

next task on foot, by bicycle or by public transport. These movements result in high

personnel costs. Another way to rebalance vehicle distribution is to incentivise

users to change their original travel requests so that vehicle flow is maintained

from a low-demand station to a high-demand one (user-based relocation). Finally,

the last method in balancing the uneven distribution of vehicles is through pricing.

By setting lower prices on the routes from low-demand to high-demand stations,

and vice versa, it is aimed to change customers’ travel behaviour in favour of

the system. Note that user-based relocation and pricing strategies depend on the

stochastic nature of human travel decisions.

The operational complexity of carsharing systems has attracted the attention of

the Operational Research Community, especially over the last decade. However,

despite the vast literature on carsharing systems, there are still several aspects

in research on carsharing decisions regarding advancements in EV charging

technology and innovative approaches that increase profitability.

The current doctoral thesis aims to:

• Develop mathematical models and heuristic algorithms to solve strategic-

3



level decision-making problems pertinent to EV charging technologies.

• Provide a comprehensive and in-depth literature review on operational-level

decisions focusing on user-based relocations and pricing.

• Provide solution algorithms to spatiotemporal user-based relocation prob-

lems that increase profitability of the system.

1.2 Related literature

This section provides an introductory literature review on carsharing systems and

a brief overview of relevant studies that are pertinent to the presented work in this

thesis.

Ca
rs

ha
rin

g

Carsharing Impacts Social and 
Environmental impacts

Factors  Affecting 
Demand

Socio-economic factors

Environment related 
factors

Service related factors

Strategic/Tactical 
Planning

Long-term Pricing

Station Decisions

Fleet SizeOperational Planning

O
perator-based Relocation

U
ser-based Relocation

Pricing

Demand Balancing

Figure 1.1: Classification of carsharing literature

Figure 1.1 provides an overview of the carsharing literature. Vehicle sharing

can be divided into four categories: vehicle sharing effects, factors affecting

demand, strategic/tactical and operational decisions. The first two categories

can be considered descriptive studies, while strategic, tactical and operational

planning decision studies are the prescriptive studies which constitute the main

focus of the Operational Research Community regarding carsharing systems. We
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considered strategic and tactical decision studies in the same category because

these decisions were mostly considered together.

Another dimension of the carsharing literature is the demand balancing meth-

ods. Vehicle supply and trip demand can be balanced through operator relo-

cations, user relocations or pricing. Service-related factors (under the factors

affecting demand category) and the prescriptive studies are mostly concerned with

one of the vehicle balancing methods. Note that Chapter 3 is the review study of

user-based and pricing studies regarding carsharing systems. Therefore, we do

not present a review of demand rebalancing methods in this section. Instead, we

refer readers to Chapter 3 for more information.

1.2.1 Carsharing impacts

We review carsharing impacts based on the aims of the studies. First, one major

impact of carsharing is on vehicle ownership. Martin et al. (2010) conducted a

survey to analyze the effects of carsharing household vehicle ownership in North

America. The before-and-after analysis showed that the carsharing membership

greatly influences the car ownership of the members, reducing the average number

of vehicles owned from 0.47 to 0.24. Similarly, Vine and Polak (2019) analysed the

early-stage impact of carsharing on vehicle ownership. Surveys performed three

months after the free-floating system was introduced in London showed that 37%

of the respondents said the presence of the free-floating system had affected their

vehicle ownership. Furthermore, 4% of the respondents have already disposed of

their vehicles, and 2% were willing to sell a car within the following months.

One other impact of carsharing is the reduction of greenhouse gas (GHG)

emissions. By surveying the members of carsharing companies, Martin and

Shaheen (2011) showed that the decrease in vehicle kilometres travelled (VKT) and

vehicle ownership due to carsharing membership led to a significant reduction in

greenhouse gas emissions (-0.84 t GHG/year per household). Another study by

the same authors, Martin and Shaheen (2016), focused on 5 US cities to explore

5



the effects of Car2Go, one of the leading carsharing companies. The study showed

that the net annual emission change ranged between -10,027 and -2,270 t/year and

greenhouse gas emission was decreased between -18% and -4% per household

for the five cities due to Car2Go membership. Similarly, VKT was also reduced

between -16% and -6% per household due to the vehicles sold and Car2Go use.

Other than the impacts of reduction in vehicle ownership, greenhouse gas

emissions, and VKT, carsharing has social impacts on society by providing “pay-

as-you-go” mobility to those who cannot afford to own a vehicle (Shaheen et al.,

2012)

1.2.2 Factors affecting demand

Demand is affected by the socio-economical factors of the users, environmental

factors, and service related factors. We first investigate the socio-economical

factors (i.e. age, gender, occupation, and so forth). Kim et al. (2015) surveyed

electric vehicle sharing program participants to analyse the factors that affect the

participation of the carsharing systems. The analysis showed that age, household

income and marital status influence the participation in the program significantly.

The study showed that older participants tend to continue to use the carsharing

program despite the common belief that young people use carsharing more.

Furthermore, single participants and participants with higher incomes were likely

to continue using carsharing.

Secondly, environmental factors such as weather, temperature, geographical

characteristics of the area, and seasons affect the demand. Schmöller et al. (2015)

showed that the weather conditions affect short-term demand of free-floating

carsharing systems in Berlin and Munich. Similarly, Yoon et al. (2017) examined

the environmental factors that may affect the demand for carsharing systems.

It was concluded that precipitation and air quality do not significantly impact

demand. It was also stated that warmer weather conditions are more favourable

than colder weather conditions. On the contrary, through a stated preference
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experiment in Beijing, Wang et al. (2020) showed that daily weather condition’s

effect on the daily demand is negligible.

Finally, service-related factors, such as vehicle age and pricing, affect the

demand. By using regression models, de Lorimier and El-Geneidy (2013) showed

that the age of the vehicle and having a child seat have a significant impact on

vehicle usage. Note that how pricing affects the demand is explored in Chapter 3.

1.2.3 Strategic and tactical level decisions

Here, we provide optimization-based studies that are on strategic and tactical

level decisions that are pertinent to Chapter 2 of this thesis. Strategic decisions

in carsharing systems involve determination of the number, location and parking

capacity of the stations and infrastructure investment decisions. Furthermore,

the tactical decisions of fleet sizing decisions are mostly adopted in strategical

decision-making models. Therefore, we examine station planning and/or fleet

sizing decision studies together.

The most distinctive categorization in such studies is the fleet type. Depending

on the fleet type (combustion engine or electric), station planning is concerned

with providing parking spaces with or without chargers. Note that the location

and size of the stations are found by aiming to serve as many trips as possible (or

maximize profit) in combustion engine fleet, while in the electric vehicle fleet, it is

also aimed to serve trips with sufficient battery (state of charge, aka SoC) level.

Correia and Antunes (2012) and Huang et al. (2018) studied station location

and capacity problem in carsharing systems considering combustion engine fleet.

In Correia and Antunes (2012), it was aimed to maximize the profit of one-way

carsharing systems while deciding on the location and capacity of the locations. It

is assumed that the relocation activities are performed at the end of the day. The

problem was modelled as an integer programming model and applied to a real-

world system in Lisbon.

Huang et al. (2018) considered station location, station capacity and fleet
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sizing problems with simultaneous operator-based relocations. A mixed integer

nonlinear programming (MINLP) model that considers nonlinear demand that

is shaped by the competition between private vehicles and carsharing systems

was proposed. Note that the model did not take into account the personnel

movements. A customized gradient algorithm was proposed to solve the MINLP

model.

Unlike Correia and Antunes (2012) and Huang et al. (2018), station location

problems of carsharing systems with electric vehicle fleets should consider i) the

time required to partially/fully charge the vehicle, ii) battery SoC level to cover

the trip.

Boyaci et al. (2015) considered the problems of station location, fleet sizing and

the number of personnel to be employed together at a one-way electric carsharing

system. It was assumed that each vehicle needed to be fully charged to be assigned

to any relocation activity or trip. A multi-objective integer programming model

was proposed to maximize the company’s profit and users’ net benefits. In order to

reduce the size of the variables and constraints created, an imaginary hub through

which the relocations are performed was considered. The model was tested at a

real-world system in Nice, France.

Hua et al. (2019) proposed a multistage nonlinear stochastic integer program

to determine the station location and fleet size while considering time-varying

uncertain demand. The demand was assumed to be known at the beginning of

each stage, and real-time fleet operations (relocation and charging decisions) were

optimized at each stage. Note that partial charging was allowed, and vehicles with

sufficient SoC levels (but may not be fully charged) were considered for either

relocations or trips.

Çalık and Fortz (2019) modelled the station location problem of one-way

electric carsharing systems as a mixed integer stochastic program. A Benders

decomposition algorithm was proposed to optimally locate the stations.

Huang et al. (2020a) proposed a MINLP model to optimize the fleet size and
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station capacity problem at one-way electric carsharing systems. It was assumed

that the SoC of the vehicles that are parked at the stations follow a continuous

distribution. A golden section line search method and a shadow price algorithm

were built to solve the proposed MINLP.

Xu and Meng (2019) addressed the fleet sizing problem in one-way electric

carsharing systems considering nonlinear charging functions by developing a set

partitioning model. To solve the problem, an exact method based on the branch

and price algorithm was proposed.

Xu et al. (2021) also studied fleet sizing problem with consideration of battery

degradation. Battery wear cost was assumed to be nonlinear when charging and

discharging the vehicles. A MINLP model was proposed and linearized by using

a piecewise linear approximation approach and the outer-approximation method.

Even though many studies in the literature have addressed station location and

sizing problems, infrastructure planning involving different charging technologies

has not been taken into account. Especially, infrastructure upgrade decisions for

the systems with stations equipped with slow chargers have room to increase

profitability by optimally locating fast/rapid chargers. This is why in Chapter 2,

we have solved the problem of determining the number and location of fast charg-

ers to be implemented in one-way electric carsharing systems while considering

vehicle relocation and battery availability.

1.2.4 Operational level decisions

Operational level decision models determine daily vehicle and personnel sched-

ules, decide on pricing by assuming the strategical decisions are already made,

station location and capacities are defined beforehand.

Optimization-based operational planning studies aim to maximize profit while

deciding on the trip selection. Note that higher profit values are achievable

by applying demand balancing methods (operator-based / user-based reloca-

tion, pricing). Therefore, operational studies mainly incorporate at least one
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of the rebalancing methods. In this section, we provide a brief introduction

to optimization-based operational planning studies that include operator-based

relocations. In Chapter 3, we present a comprehensive literature review on user-

based relocations and pricing.

Nourinejad et al. (2015) considered joint optimization of vehicle and personnel

relocations at one-way carsharing systems where the demand is assumed to be

known. By considering all the trip requests to be served, a mixed integer linear

programming (MILP) model was developed to minimize the cost of the operations.

In order to solve the proposed MILP efficiently, a heuristic model that divides the

MILP into two problems was proposed. Vehicle relocation and staff relocation

decisions are made at separate problems in the proposed heuristic.

Boyacı et al. (2017) addressed the same problem considering electric vehicle

fleets. To solve the problem, a decision framework which consists of optimization

and simulation modules was proposed. The optimization module consisted of

three optimization models, namely, a station clustering model, a vehicle operations

optimization model, and a personnel flow model. The station clustering model

reduced the size of the problem. The vehicle and personnel schedules were

found by solving the last two models by disregarding the battery requirements.

Then, through the simulation module, the feasibility was checked. If an infeasible

schedule was found, an additional constraint was added to the model, and the

framework was solved iteratively until a feasible solution was found.

Gambella et al. (2018) modelled the same operational level problem by tracking

the battery level of each vehicle. Each arc in the system (either charging or driving)

was associated with a battery value, and by adding constraints, it was made sure

that the battery level of each vehicle was changed according to the arc’s battery

value. A secondary model was also proposed to solve the overnight relocation

problem to prepare the system for the next operational day.

Zhang et al. (2019) considered relays (completing the trip with multiple vehi-

cles) due to the battery requirements of the electric vehicle fleet in operational level
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problems. A space–time–battery network flow model was proposed to solve the

operational level problem without fully considering the staff scheduling problem.

A diving heuristic approach was developed to solve the model efficiently.

We have provided the literature of the other demand balancing methods,

user-based relocation and pricing, in Chapter 3 and presented research gaps and

possible future directions.

In user-based relocations, the users receive a counteroffer from the system. The

counteroffer is made due to the reasons: i) the original trip request is not feasible,

but the counteroffer is ii) the counteroffer generates more profit. As we explored

the literature of user-based relocations, we have concluded that one possible future

direction is solving the dynamic user-based relocation problem where the users

might reject the counteroffer. In Chapter 4 we have modelled this problem and

proposed solution algorithms.

1.3 Contributions

Despite the increasing number of studies in the field of one-way carsharing

systems, especially in recent years, there are still open strategic and operational-

level decision problems that need to be addressed. For strategical level decisions,

the incorporation of technological developments related to advanced charging

technologies has not been explored. Likewise, there is still more to study for

operational level decisions on user-based relocation decisions that represent the

real operating conditions of the one-way systems and user behaviour. This thesis

addresses some of these gaps by providing mathematical model-based solution

frameworks and algorithms for both strategical and operational-level decision

problems in one-way carsharing systems.

We summarize the contributions of the thesis as follows :

• To close the gap in strategical decisions regarding charger technologies,

this thesis introduces a novel model and solution algorithms to solve the
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fast charger location problem in one-way electric carsharing systems. The

proposed mathematical model finds the optimal location of fast chargers that

replace already installed conventional chargers. The model represents real

operating conditions by allowing partial charging and keeping track of the

battery levels of the vehicles.

• Due to the computational intractability of the model to solve the fast charger

location problem, this thesis presents matheuristic algorithms to provide

near-optimal solutions. The first type of heuristic algorithm reduces the

size of the model by generating relocation variables only where and when

relocation activities might be needed. The second heuristic algorithm

decreases the size of the model by grouping the stations.

• To identify under-explored areas in user-based relocation and pricing studies

in carsharing systems, this thesis provides an in-depth literature review of

the current state of research focusing on vehicle stock balancing methods

pertinent to user-based relocations and pricing. Furthermore, this thesis pro-

poses future directions for interested researchers and practitioners focusing

on user-based relocations and pricing.

• To close the gap in operational-level decisions regarding user-based relo-

cations, this thesis introduces a mathematical model which provides users

with a discounted counteroffer that generates the maximum expected profit

considering user acceptance/rejection rates. Furthermore, to represent real-

world systems better, the proposed model addresses the trips and relocations

in different time-space networks since, in real-world systems, the relocation

activities may start and end anytime.

• To solve the problem efficiently, heuristic algorithms that reduce the size

of the model by i) working on a graph-spanner network structure and ii)

decreasing the number of the relocation variables, as in the fast charger

location problem, have been proposed.
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1.4 Structure of the thesis

Chapter 2, Chapter 3, and Chapter 4 of this thesis are either published or in

preparation for submission to journals. A brief description of each chapter is

presented below.

• Chapter 2 Enhancing the performance of one-way electric carsharing systems

through the optimum deployment of fast chargers. This chapter introduces

a novel MILP model to introduce fast/rapid chargers at one-way electric

vehicle sharing systems. This chapter also proposes heuristics based on i)

clustering/grouping the stations and ii) removing the relocation arcs that are

likely to get a value of zero.

• Chapter 3 Balancing carsharing systems through user-based relocation and pricing:

A literature review. This chapter presents a comprehensive and in-depth litera-

ture review on operational-level decisions focusing on user-based relocations

and pricing. In addition, this chapter identifies research gaps and possible

future directions in carsharing demand balancing studies considering user-

based or pricing methods.

• Chapter 4 User-based relocations in one-way carsharing systems with consideration

of flexible demands with user acceptance probabilities. This chapter presents a

MILP model that optimally provides a counteroffer to the user considering

the acceptance and rejection rates of the offers. Like the arc-removing

heuristic presented in Chapter 2, an arc-removing algorithm for driving

and moving relocations is provided. Additionally, a graph-spanner based

heuristic is introduced to solve the problem efficiently.

• Chapter 5 is the concluding remarks chapter of the thesis.
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1.5 Status of publications

Chapter 2 is published as: Seyma Bekli, Burak Boyacı, Konstantinos G. Zografos,

Enhancing the performance of one-way electric carsharing systems through the

optimum deployment of fast chargers, Transportation Research Part B: Method-

ological, Volume 152, 2021, Pages 118-139, https://doi.org/10.1016/j.trb.2021.08.001.

This work was presented at ”The OR Society’s 63rd Annual Conference (OR60)”

on September 11, 2018 in Lancaster, UK, at ”2nd IMA and OR Society Conference

on Mathematics of Operational Research” on April 26, 2019 in Birmingham, UK

and at ”31st European Conference on Operational Research (EURO 2021)” on July

14, 2021 in Athens, Greece.

Chapter 4 was presented at ”The 32nd European Conference on Operational

Research (EURO2022)” on July 4, 2022 in Espoo, Finland and at ”Conference on

Advanced Systems in Public Transport and TransitData 2022 (CASPT2022)” on

November 10, 2022 in Tel Aviv, Israel.
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Chapter 2

Enhancing the performance of

one-way electric carsharing systems

through the optimum deployment of

fast chargers

Abstract

One-way electric carsharing systems (OWECS) provide environmentally friend-
ly mobility that enables users to commence and terminate their trips at a
preselected station within a region. However, the operations of OWECS are
complicated mainly due to: i) unbalanced spatial and temporal distribution
of demand which causes shortage or surplus of vehicles at stations, and
ii) excessive battery charging requirements that can reach up to 8 hours.
To ensure vehicle availability to their customers, carsharing companies hire
personnel to relocate vehicles to restore the demand-supply balance, and
increase the number of trips served. On the other hand, fast charging
technologies can reduce the charging time drastically and can help carsharing
companies to cope with the inefficiencies arising from excessive battery
charging times. Therefore, fast charging technologies have the potential to
enhance the operational performance of OWECS.

In this study, we propose an integer programming model to determine the
number and location of fast chargers to be implemented in OWECS while
considering vehicle relocation and battery availability. We propose a time-
space-battery level network model which allows to track battery levels of each
vehicle. As the number of stations increases, the number of relocation vari-
ables created increases polynomially which makes the model intractable for
problem instances found in real world OWECS. Therefore, we are introducing
three heuristics, two of which are based on the concept of reduction of vehicle
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relocation variables, while the third heuristic is based on station grouping. The
heuristics that are categorized as relocation reduction type heuristics generate
only a fraction of all possible relocation arcs significantly reducing the number
of relocation variables. The third heuristic reduces the number of variables by
grouping the stations and solves the problem initially at an aggregate level
using groups of stations instead of individual stations, while subsequently
optimizes the location of chargers within each group of stations.

We tested different approaches combining heuristics and tested them on
smaller instances with exact solutions to identify the approach that is both
accurate and efficient. We applied the selected heuristic approach on real-life
instances taken from an OWECS based in Nice, France. The results suggest
that the use of the proposed modelling and solution framework leads to a
configuration of the network of fast and conventional chargers that improves
the profitability and the number of trips served by the OWECS system.

keywords : One-way electric carsharing systems; Location modelling; Fast
charger; Battery electric vehicle; Integer programming

2.1 Introduction

Many cities around the world are seeking to improve air quality through the

introduction of ”Low Emission Zones”. Oxford is the first city to declare ”Zero

Emission Zone” starting from 2020 (Jones, 2017; Consultants, 2020). In Oxfordshire

the county council is cooperating, within the framework of a ”Zero Emission

Zone” scheme, with electric car-clubs (a.k.a. carsharing companies), to provide

mobility services to those that do not have access to a privately owned electric

vehicle (Council, 2019).

Carsharing is a type of short term car rental system which allows users to access

the vehicles and pay depending on the duration and/or driving distance of the

rental. Unlike classical car rental systems, a user first registers in the system,

reserves a vehicle, and drives for the reserved period. As of 2014, carsharing

systems have 4.8 million registered users sharing over 100,000 vehicles worldwide

(Shaheen and Cohen, 2016). One of the reasons for the rapid expansion of

carsharing systems is their social and environmental benefits. Firstly, most of the

cars used in these systems are new and small. In Germany, 70% of the cars of

carsharing companies belong to this category (Loose, 2010). Newer and smaller
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cars result in lower fuel consumption and reduced emissions. Secondly, registered

users of carsharing systems are less likely to buy a new car or more willing to sell

a car they own. Studies show that 28,000 cars have been removed from the roads

in 5 cities in the U.S. because of the memberships in carsharing systems (Martin

and Shaheen, 2016). Carsharing may be considered as an essential complement of

the urban public transportation system providing the convenience of driving a car

without owning it.

Carsharing systems are divided into two categories according to the locations

that the cars can be dropped-off. Round-trip carsharing systems are those that

require the user to return the vehicle to the station where it was picked-up. One-

way carsharing systems allow users to drop off at a parking spot within a specified

area. This could be at designated stations (station-based one-way) or anywhere in

a designated region (free-floating). Although the operations of one-way systems

are more complex due to the spatial and temporal demand-supply imbalance, they

are more attractive since they offer more flexibility. Therefore, more and more

carsharing companies are offering one-way carsharing services to their potential

users. In North America, the number of vehicles used in one-way carsharing

systems has reached 6,850 with 511,000 registered members as of 2015 (Martin and

Shaheen, 2016).

Carsharing with electric vehicles (EV) provides more sustainable, environmentally-

friendly mobility as compared to that with internal combustion engine vehicles. A

study of Clewlow (2016) highlights that carsharing members possess fewer cars on

average and when they do, the ratio of having an alternative car with low carbon

footprint is higher than non-members, which shows that members of carsharing

systems are highly considerate of the environment. In recent years, carsharing

companies are adding more EVs to their fleets in order to improve maintenance

needs1 and produce less carbon dioxide. However, one of the drawbacks of EVs

is the time needed to charge their battery. The time required to fully charge

1U.S. DOE (United States Department of Energy) (2020) suggests that electric vehicles require
less maintenance compared to internal combustion engine vehicles.
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an EV using conventional chargers can exceed 8 hours. The excessive battery

charging time reduces vehicle availability leading to lower vehicle utilization and

revenues. Recent advancements in the technology of EV chargers indicate that

via fast chargers2 the required time for charging a vehicle can be decreased to 30

minutes. As of May 2020, Tesla, one of the leading EV companies, provides 16,585

fast chargers in the US that can charge a vehicle within 30 minutes up to 80%

battery charge and 170-mile drive range (Tesla, 2020). Nissan Leaf can be charged

from 20% to 80% battery level within 60 mins via ChaDeMo fast chargers (Nissan,

2020).

There are three key elements for charging a vehicle; a connector installed

at the vehicle, a cable (could be portable or tethered to the charger) and a

charger. However, until the introduction of the EU Directive 2014/94/EU which

introduced the Type-2 and Combo-2 plugs (as shown in Figure 2.1), there was no

standardization (EU, 2014).

Standard Type2 connections provide alternative current (AC) which is conve-

nient for home-charging. As the battery of an EV requires direct current (DC),

Type 2 converts AC to DC which results in slow charging. For this reason, the

car manufacturers in Europe are combining AC and DC chargers through the

introduction of combined charging system (CCS Combo-2) (as shown in Figure

2.1). When in need of a DC plug for fast chargers, the driver can open the hidden

part and use as a Combo-2 plug.

One of the concerns of the DC chargers may be their effect on the battery life

of the electric vehicles. Although Kia states that minimum use of DC chargers

is recommended (Kia, 2019), a study conducted in Idaho National Laboratory

suggests that the difference in capacity loss between using only AC and only

DC chargers is insignificant compared to overall capacity loss (Shirk and Wishart,

2015). Four identical Nissan Leaf EVs were observed for battery degradation in

2In some sources this term is called rapid or super charger depending on the manufacturer. The
term fast charger is used thoughout this study to address superior charging units. Moreoever, we
use the term conventional chargers when referring both regular and slow chargers.
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Figure 2.1: Type2 and CCS charge connectors (Trucks, 2020; InsideEVs, 2018)

Shirk and Wishart (2015). Two of the EVs are charged only with AC chargers,

whereas the remaining EVs are charged with DC chargers. The study indicates

that after 50,000 miles of use, the battery degradation is at 22% and 25% of AC

and DC charged vehicles, respectively. The study also states that this may be an

upper bound for capacity loss as the experiments took place in a very hot city and

vehicles were charged twice as much as it is recommended by the manufacturers.

In the light of the results of this study, the mileage for battery replacement may not

be affected significantly by charger type for businesses renting vehicles.

Carsharing companies with EVs are following the recent developments in fast

charging technology closely. DriveNow brought fast chargers into the service for

the users in Denmark (DriveNow, 2019), Autobleue, a carsharing company in Nice,

France offered three fast chargers along with conventional chargers in the city. In

the near future, as the number of carsharing users and demand will increase, the

need for fast chargers will also grow.

The price of fast chargers is considerably higher than the price of conventional

chargers and ranges between 22,000€ and 32,000€ (Çalık and Fortz, 2019). How-

ever, fast chargers can contribute significantly to the increase of vehicle utilization

and the level of service offered to customers. Given the cost and operational
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characteristics of fast charging technologies, carsharing companies using EV’s are

facing decisions regarding the number and the locations of fast chargers they

should introduce in their operations.

The fast charger infrastructure investment planning problem has been studied

to determine the optimal locations of different types of chargers in order to cover

the charging requirements of EV users in regions (Zhang et al., 2017) and along

highways (He et al., 2019). The fast charger infrastructure investment problem has

been investigated from the standpoint of the charger suppliers (Guo et al., 2016).

Although the optimization of the operations of OWECS has been studied

(see Boyacı et al., 2017; Gambella et al., 2018), the effect of the use of different

charging technologies on the operational performance of OWECS has not been

adequately addressed. Sonneberg et al. (2015) and Jiao et al. (2017) investigate

the fast charger infrastructure planning problem in round-trip and OWECS,

respectively. However, these studies are not comprehensive enough to capture

the system complications arising from the vehicle relocation and battery charging

requirements of OWECSs (see Section 2.2 for a detailed analysis). To close this

literature gap, we present a new integer programming model that optimizes the

location of fast chargers that will be replacing initially installed conventional

chargers. This generic charger upgrading decision model can be applied to any

OWECS with a fleet of both AC and DC charger compatible vehicles.

The remainder of the paper is structured as follows: In Section 2.2, we provide a

summary of related literature. In Section 2.3, an integer linear programming (ILP)

model for the charger upgrading decision is presented. Due to the computational

complexity of the model, we present heuristic approaches in Section 2.4. Section

2.5 follows with the computational experiments and comparisons on both the exact

model and the heuristic approaches. Finally, in Section 2.6, concluding remarks

and future research directions are given.
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2.2 Related literature

The complexity of the operations of carsharing systems has attracted the attention

of the research community over the past years. Remane et al. (2016) and Ferrero

et al. (2018) provide literature reviews and taxonomies regarding typologies and

use of carsharing systems. The readers are referred to Brandstatter et al. (2016) for

a mathematical modelling-oriented literature review of electric vehicle carsharing

systems, to Jorge and Correia (2013) for a detailed survey on carsharing demand

models and one-way carsharing operations modelling, and to Laporte et al. (2018)

for a survey on mathematical aspects of shared mobility systems including bike-

sharing operations.

Decisions regarding the design and management of carsharing systems are

categorized into three levels: strategic, tactical and operational (Boyaci et al.,

2015). Strategic decisions concern with station location and capacity decisions.

Tactical decisions are related to fleet sizing, while operational decisions focus on

vehicle relocation, personnel scheduling, and battery charging. In this paper,

we are addressing strategic decisions regarding the improvement of the vehicle

charging infrastructure of one-way carsharing systems. Please note that the focus

of our research is to make the charger upgrading decisions for OWECS systems

that are already in operation and therefore the strategic decisions regarding the

size, the number, and the location of the stations have already been made and

constitute inputs to our problem. In addressing charger upgrading decisions,

we take into account vehicle relocation decisions which are usually made at an

operational level. However, the consideration of vehicle relocations is necessary

when making strategic decisions as vehicle relocation operations affect the cost of

the operation and the spatial and temporal availability of the vehicles of OWECS

systems. Therefore, in our literature review we also provide a brief overview of

studies focused on strategic and/or operational OWECS decisions.

Strategic decisions regarding the location of stations have been investigated by
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Boyaci et al. (2015); Brandstatter et al. (2017, 2020); Biesinger et al. (2017); Çalık and

Fortz (2019); Hua et al. (2019) and Huang et al. (2020a).

The first study that considers the location of the charging stations in one-

way systems is Boyaci et al. (2015). The study proposed a multi-objective ILP

model that determines the number and location of carsharing stations, the fleet

size, the number of relocation personnel and relocation for OWECS systems while

maximizing company’s profit and users’ net benefits. In order to decrease the

size of the problem, it was assumed that each relocation operation is performed

through an imaginary hub. It was also assumed that vehicles after serving a

trip, are waiting at the stations to be fully charged before they are assigned to

the next trip. This paper does not consider different types of chargers and does

not allow partially charged vehicles to be allocated to trip requests. Therefore, this

model and the associated solution framework can not address the charger selection

decisions. The proposed optimization framework was applied using data from an

electric carsharing company in Nice, France.

Hua et al. (2019) solved station planning and fleet size determination prob-

lem under time-varying uncertain demand. The study proposed a multistage

nonlinear stochastic integer program seeking to minimize total operational and

infrastructure cost, unmet demand, and cost of waiting customers. It was assumed

that the demand was known at the beginning of each stage. Via the multistage

approach, a real-time fleet management was aimed. A Lagrangian relaxation and

a stochastic dual dynamic programming methods were used to solve the problem.

The study was tested on data from New York City.

Huang et al. (2020a) considered mixed integer nonlinear program to solve the

location and fleet size problem by maximizing the profit of the system. The study

assumes that the charging levels (state of charge) follow a continuous distribution.

Due to computational complexity, a heuristic algorithm based on dividing the

original model into two submodels and solving iteratively to tackle strategic

and operational level problems is proposed. The submodel for strategic level
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problem is solved via shadow price and golden section line search algorithms. The

operational level submodel is solved via a rolling horizon method. The proposed

approach was tested in Suzhou, China.

Boyaci et al. (2015), Hua et al. (2019) and Huang et al. (2020a) consider

relocation operations in modelling strategic decisions while studies Brandstatter

et al. (2020, 2017), Çalık and Fortz (2019) and Biesinger et al. (2017) disregard

the relocation operations, arguing that this might not be necessary for strategic

decision making.

Brandstatter et al. (2020) proposed integer programming formulations and

constructive heuristics for solving the station location and fleet size determination

problem with explicit consideration of the battery levels. The proposed approach

was tested on data from Vienna, Austria.

Biesinger et al. (2017) considered the same problem with a two-stage approach

which uses heuristic solution approaches in both stages. In the first stage, a

variable neighbourhood search heuristic is used to determine the station locations

and the fleet size. In the second stage, greedy heuristic algorithms are used to

determine the trip requests that should be served. The proposed model considers

the battery availability in assigning trip requests to vehicles. The study was

compared with the models proposed by Brandstatter et al. (2020) for the Vienna

instance. Although the proposed heuristic was not able to find the optimal

solutions which are found by Brandstatter et al. (2020) for the small size problems,

it was able to find better feasible solutions for the large size problems.

Brandstatter et al. (2017) formulated the station location selection and fleet size

determination in one-way carsharing systems as a two-stage stochastic integer

program. The first stage determines the station locations and fleet size, while the

second stage determines the trips to be served. The model assumes that each trip

is served with a full battery, and does not consider vehicle relocation operations. A

heuristic approach is also presented for solving large instances. The model and the

heuristic algorithm are tested for a real-life instance in Vienna for taxi trip requests.
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The customers are assumed to walk to origin and destination stations within 5

minutes distances.

Çalık and Fortz (2019) introduced a mixed integer linear programming (MILP)

model and proposed a Benders decomposition algorithm to optimally locate

carsharing stations. Fast chargers are assumed to be installed in all stations. The

proposed algorithms were tested on real data from Manhattan taxi trips.

It is worth noting that the models proposed by Brandstatter et al. (2017) and

Çalık and Fortz (2019) do not allow partial charging of vehicles following their

return from a trip. This assumption coupled with the lack of consideration of

vehicle relocation may result to lower vehicle utilization and number of served

trips.

In what follows, we provide a literature review on operational decision level

problems that incorporate vehicle relocation operations.

Boyacı et al. (2017) considered the vehicle and personnel relocation problem

in a hierarchical multi-objective MILP model aiming to maximize the number of

trip requests served, and minimize vehicle relocation cost. The proposed solution

framework incorporates both vehicle and personnel relocation operations and

allows partial charging of the vehicles following their return from a trip. A

simulation module is included in the proposed framework for checking vehicle

charging requirements. To reduce the computational complexity resulting from

the incorporation of vehicle and personnel movements, the proposed model

introduced the concept of station clustering. Boyacı and Zografos (2019) proposed

a framework that investigates the impacts of temporal and spatial flexibility of trip

requests.

Gambella et al. (2018) proposed a MILP model to find the route assignments for

both vehicles and personnel while maximizing profit over all routes. Furthermore,

a model was proposed to optimize relocation operations during the non-operating

hours in order to start the next operational period with the appropriate number

of vehicles. The relocation model was computationally intractable; hence two
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heuristic algorithms based on performing relocations at certain time steps and

adding relocation arcs gradually (rolling horizon approach) were proposed. The

proposed model and solution algorithms were tested on a data set from Singapore.

Zhang et al. (2019) formulated vehicle assignment with relays (completing

the journey by passing through an additional station and switching the vehicles

because of battery constraints) as a time-space–battery network flow model.

Heuristic approaches based on LP relaxation were used to solve large instances.

The proposed model was tested on a real-world system operating in Shanghai.

The literature on station location selection models mostly focuses on using one

type of chargers. To the best of our knowledge, the only studies that considered

”fast chargers” along with conventional chargers are Sonneberg et al. (2015) and

Jiao et al. (2017). The former study is considering fast charging units for a

round-trip carsharing system and proposed a mathematical model to find station

locations and the number of fast and conventional charging units to be allocated

at each station. The model assumes that each vehicle serves demand once per

day. The model is integrated into a decision support system and applied to

San Francisco. The latter study proposed a MILP model for a one-way electric

carsharing system for locating the depots (i.e. stations) and selecting charger types.

Jiao et al. (2017) discretized time using independent time-intervals, hence the

interaction between time intervals is not taken into account. The model was

applied to a carsharing company in Beijing. Both of these studies consider the

need of fast chargers based on the infrastructure cost. However, these studies

do not consider multiple vehicle trips and interactions between the discrete time

intervals that the vehicles operate.
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Strategic

Boyaci et al. (2015) ✓ ✓ ✓ ✓ ✓ ✓ ✓

Hua et al. (2019) ✓ ✓ ✓ ✓ ✓

Huang et al. (2020a) ✓ ✓ ✓ ✓ ✓ ✓

Brandstatter et al. (2020) ✓ ✓ ✓ ✓ ✓

Biesinger et al. (2017) ✓ ✓ ✓ ✓ ✓

Brandstatter et al. (2017) ✓ ✓ ✓ ✓

Çalık and Fortz (2019) ✓ ✓ ✓

Jiao et al. (2017) ✓ ✓ ✓ ✓ ✓

Sonneberg et al. (2015) (round trip) ✓ ✓ ✓ ✓ ✓ ✓

Operational

Boyacı et al. (2017) ✓ ✓ ✓ ✓ ✓

Gambella et al. (2018) ✓ ✓ ✓ ✓

Zhang et al. (2019) ✓ ✓ ✓

Boyacı and Zografos (2019) ✓ ✓ ✓ ✓ ✓

Strategic Proposed Study ✓ ✓ ✓ ✓ ✓
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The focus of the research reported in this paper is on modeling and solving

the problem regarding the optimization of strategic decisions relevant to the de-

termination of the number, location, and type of chargers (fast and conventional),

for OWECS systems. The realistic representation of this problem requires the: i)

consideration of different charger types, ii) recognition that vehicles of OWECS

systems can be partially charged when allocated to users, and iii) incorporation of

relocation operations in modeling the spatial and temporal availability of vehicles.

As discussed in the preceding paragraphs of the literature review section and

presented in Table 2.1, none of the currently available strategic and/or operational

models address simultaneously all these three important attributes. This paper

aims to close this literature gap by introducing models and algorithms that provide

exact and near-optimal solutions for making charger investment decisions for

existing OWECS systems considering both battery charging level and vehicle

relocation operations. This study contributes to the current state of knowledge

by introducing:

• A new ILP model that finds the optimal location of fast chargers to replace

already installed conventional chargers. This model addresses the demand

uncertainty by considering multiple scenarios, each associated with an

occurrence probability. In order to have a realistic representation of the

system, the proposed model keeps track of the battery levels of the EVs and

allows partial charging. We ensure that no battery infeasibility, i.e., vehicle

movements without sufficient battery charge, occurs while serving multiple

trips. We incorporate partial charging, the introduction of fast chargers, and

vehicle relocations in our model.

• Heuristic algorithms to generate near-optimal solutions without compromis-

ing the quality of the ILP model. The first type of heuristic used decreases

the size of the model by considering only the relocations needed. The

second heuristic treats the problem in a three-stage approach. In the first

stage, the stations are grouped using an integer programming model aiming
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to minimize the maximum distance within each group of stations. At the

second stage, the ILP problem is solved using trip requests between stations.

At the third stage, a new ILP model is used to locate fast chargers within each

group of stations.

2.3 Mathematical model

In this paper, we consider a reservation-based system where the users request

trips in advance, stating the origin and destination stations of their trips. The

users are notified, at the end of the reservation period, whether or not their

requests have been accepted. Each day starts with a predetermined number of

fully charged vehicles at the stations. The stations are initially equipped with

conventional chargers implemented at designated parking spots. All EVs in the

fleet are identical and compatible with both AC and DC chargers. After each

vehicle trip/relocation, the vehicles are connected to an available charger. Please

note that if it is decided to upgrade at least one of the chargers at a station, the

vehicle entering the station is notified where it will be charged. No charger or

parking spot switching is allowed at the stations, i.e., if a vehicle enters a station

and is connected to a charger, it occupies the allocated parking spot and the charger

until it leaves the station. The battery is charged at a constant rate that depends on

the type of the charger. When the vehicle battery is fully charged, it stops charging,

but remains connected to the charger until the vehicle will be assigned to a trip

request. The battery consumption is considered linear during the vehicle rental

(trip) and its relocation. Vehicles are relocated by available personnel, and the

relocation time for any origin-destination pair is fixed and does not depend on the

time of the day that the vehicle trip/relocation takes place.

The operational hours of the system are discretized in time intervals of equal

length. When the system is not operating, the system is reset, i.e. vehicles are

distributed to the stations and fully charged until the first time interval of the next
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operational day starts. The battery capacity is also divided into K+ 1 equal levels.

Any battery level in
[
k−1
K , k

K

)
corresponds to discrete level of k − 1 and only 100%

battery charging level corresponds to level K.

Owing to its strategic nature, the proposed model does not optimize personnel

relocation decisions. Personnel movement is simplified by considering only

vehicle relocation movement and personnel cost is added by considering the

duration of vehicle relocations.

In what follows, we provide the mathematical model that optimizes the

location selection for fast chargers.

2.3.1 Sets and indices

s ∈ S scenarios

i ∈ Is trip requests in scenario s

j, l ∈ J nodes (stations)

t, t′ ∈ T = {0, ..., T } time intervals

k, k′ ∈ K = {0, ...,K} battery levels

p ∈ P charger types, p = 0 denotes the conventional charger

2.3.2 Parameters

Origin(i) origin station of trip i

Dest(i) destination station of trip i

Start(i) start time interval of trip i

End(i) end time interval of trip i

TRi revenue of trip i

Ps occurrence probability of scenario s

DCjp depreciated cost of upgrading a conventional charger to charger type p at station

j per day

RCjl relocation cost of a vehicle from station j to l

PC personnel cost per time interval

Djl number of time intervals it takes to relocate a vehicle from node j to l

ratep number of battery levels charger type p can charge per time interval

CTjl number of battery levels utilized for relocation from station j to l
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CTi number of battery levels utilized for trip i

ICjp current number of charger type p installed at station j

AR average number of time intervals to relocate a vehicle, then walk to the origin of

the next relocation

MaxPer maximum number of personnel that can work at any time interval

Vj number of vehicles that are present at station j at the beginning of the time

horizon

2.3.3 Variables

fjp number of charger type p (p ̸= 0) decided to be installed for upgrading the

charging capacity of station j

zsik 1, if trip i of scenario s is served by a vehicle with a battery level k; 0, otherwise

rstjlk number of vehicles with battery level k relocated from station j to l starting at

time interval t in scenario s

bstjkp number of vehicles with battery level k that start charging at charger type p at

station j starting at time interval t in scenario s

estjkp number of vehicles with battery level k that leave charger type p at station j at

time interval t in scenario s

dstjkp number of vehicles with battery level k that are being charged by a charger type

p at station j during time interval t in scenario s

cstjp number of charger type p at station j occupied by vehicles at time interval t in

scenario s
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2.3.4 Formulation

max

expected revenue︷ ︸︸ ︷∑
s∈S,k∈K,i∈Is

Ps TRi z
s
ik −

expected cost︷ ︸︸ ︷( ∑
j∈J,p∈P−{0}

DCjp fjp

︸ ︷︷ ︸
infrastructure upgrade cost

+
∑

j,l∈J,t∈T,k∈K,s∈S

Ps RCjl r
st
jlk︸ ︷︷ ︸

relocation cost

+
∑

j,l∈J,t∈T,k∈K,s∈S

Ps Djl PC rstjlk︸ ︷︷ ︸
personnel cost

)

(2.1)

subject to∑
(k′∈K,i∈Is):

k′=CTi+k
Dest(i)=j
End(i)=t

zsik′ +
∑

(l∈J,k′∈K):

k′=CTlj+k

r
s(t−Dlj)

ljk′ =
∑
p∈P

bstjkp ∀j ∈ J, s ∈ S, k ∈ K, t ∈ T (2.2)

∑
(k∈K,i∈Is):
Origin(i)=j
Start(i)=t
CTi≤k

zsik +
∑

(l∈J,k∈K):
CTjl≤k

rstjlk =
∑
p∈P

estjkp ∀j ∈ J, s ∈ S, k ∈ K, t ∈ T (2.3)

d
s(t−1)
j(k−ratep)p

+ bstjkp − estjkp = dstjkp
∀j ∈ J, t ∈ T, s ∈ S, p ∈ P

ratep ≤ k < K (2.4)

bstjkp − estjkp = dstjkp
∀j ∈ J, t ∈ T, s ∈ S, p ∈ P

0 ≤ k < ratep (2.5)

∑
(k∈K):

k≥K−ratep

d
s(t−1)
jkp − estjKp = dstjKp ∀j ∈ J, t ∈ T, s ∈ S, p ∈ P (2.6)

∑
k∈K

dstjkp = cstjp ∀j ∈ J, t ∈ T, s ∈ S, p ∈ P (2.7)

ICj0 −
∑

p∈P−{0}
fjp ≥ cstj0 ∀j ∈ J, t ∈ T, s ∈ S (2.8)

ICjp + fjp ≥ cstjp ∀j ∈ J, t ∈ T, s ∈ S, p ∈ P − {0} (2.9)

∑
k∈K

zsik ≤ 1 ∀s ∈ S, i ∈ Is (2.10)

∑
(t′∈T ):

t≤t′≤t+AR

∑
j,l∈J,k∈K

rst
′

jlk ≤ MaxPer ∀t ∈ T, s ∈ S (2.11)

∑
p∈P

ds0jKp = Vj ∀j ∈ J, s ∈ S (2.12)

∑
p∈P

∑
(k∈K):

0≤k≤K−1

ds0jkp = 0 ∀j ∈ J, s ∈ S (2.13)

∑
k∈K,p∈P

dsTjkp = Vj ∀j ∈ J, s ∈ S (2.14)

zsik ∈ {0, 1} ∀s ∈ S, i ∈ Is, k ∈ K (2.15)

rstjlk, b
st
jkp, e

st
jkp, d

st
jkp, c

st
jp, fjp ∈ {0} ∪ Z+ ∀j, l ∈ J, k ∈ K, p ∈ P, s ∈ S, t ∈ T (2.16)

Objective function (2.1) maximizes expected daily profit considering all demand

scenarios. The daily profit is calculated as the difference between the expected
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daily revenues generated by all served trips and the expected daily cost consisted

of the infrastructure upgrade cost, expected total relocation personnel cost and

vehicle relocation cost. Since the fast charger implementation decision is a strategic

decision, it is not scenario dependent. Expected revenue, vehicle relocation and

personnel costs are scenario dependent and therefore, a coefficient expressing

the scenario probability is used. Scenario revenue is calculated as the sum

of the revenues of all trips corresponding to the scenario under consideration.

Relocation cost represents the expected driving cost associated with the relocation

activities. The parameter RCjl in the relocation cost component is the unit energy

consumption cost of driving the route connecting station j to station l. Similarly,

relocation personnel cost per scenario can be calculated by multiplying personnel

cost per time interval by the total number of time intervals required to relocate all

vehicles of that scenario. We do not consider maintenance and parking related cost

as done in Boyaci et al. (2015), since the number of vehicles and parking areas are

considered fixed. The additional cost associated with the reduction of battery and

vehicle life due to high utilization of vehicles is not taken into consideration.

Constraints (2.2) are used to keep track of the number of vehicles that arrive at

station j with charging level k at time interval t in scenario s by trips or relocation

activities. Similarly, Constraints (2.3) are introduced to keep track of vehicles that

leave station j. Please note that the variables zsik and rstjlk are generated only if

battery levels are sufficient (i.e. k ≥ CTi and k ≥ CTjl for zsik and rstjlk, respectively).

Constraints (2.4), (2.5), and (2.6) ensure that in scenario s at charger type p

of station j, the number of vehicles being charged at time interval t is equal to

the number of vehicles being charged at time interval t − 1 plus the number of

vehicles arrived at time interval t minus the number of vehicles departed from

station j at time interval t. Note that these constraints are written separately

for charging levels ratep ≤ k < K, 0 ≤ k < ratep and K. Constraints (2.5) are

needed to define the number of vehicles being charged at charger type p when the

initial battery level is less than what could be charged at one time interval (ratep).
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This indicates that there would be no vehicle flow coming from the previous time

interval to charger type p. Constraints (2.6) are used to keep track of the fully

charged vehicles. Since there is an upper limit on the battery capacity (battery

levels ofK), the number of vehicles with battery level k ≥ K−ratep at time interval

t − 1 will be fully charged and be at the charger type p at the station unless they

serve a trip or relocation at time t.

Constraints (2.7)-(2.9) are to ensure enough number of chargers of each type

are present at each station. Constraints (2.7) keep track of the occupied capacity

of each charger type at each station. Constraints (2.8) ensure that the number of

vehicles parked at the conventional chargers of station j cannot exceed the station’s

conventional charger capacity. Here, it is also ensured that the total number of

purchased chargers for station j cannot exceed the initial conventional charger

capacity of station j. We assume that the operator is allowed to replace only

conventional chargers with non-conventional chargers. Constraints (2.9) ensure

that the number of vehicles that are being charged or parked at a charger type p at

station j will not exceed the number of charger type p at station j.

Constraints (2.10) ensure that every demand request is served at most once.

Constraints (2.11) restrict the number of personnel and the total number of

relocations performed within consecutive AR time intervals. Here, AR is the

average relocation time in the system plus the average movement time between

one relocation’s destination and the other’s origin station. The rationale behind

creating Constraints (2.11) is to prevent generating solutions that have relocations

accumulated at certain time intervals. For instance, consider a solution with (w)

number of relocations where w =
∑

j,l,k R
s∗t∗

jlk for a time interval t∗ at scenario

s∗. This means that the company needs to hire at least w number of personnel

to relocate the vehicles at time t∗. This might not be practically feasible when w

is high. In order to prevent such cases to occur, we limit the model to have at

most MaxPer number of relocations within AR consecutive time intervals with

Constraints (2.11).
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Constraints (2.12) and (2.13) ensure that a predetermined number of fully

charged vehicles are present at the beginning of the time horizon at each station

in each scenario. Contraints (2.14) ensure that the same predetermined number

of vehicles are available at each station in each scenario at the end of the

day. Constraints (2.15) and (2.16) define the domains for the binary and integer

variables.

2.4 Heuristic approaches

The model provided in Section 2.3 may not be computationally tractable due to the

large number of variables and constraints. In this section, we provide two heuristic

approaches, namely selective relocation and grouping approaches, that reduce the

size of the problem.

2.4.1 Heuristic 1: Selective Relocation

Number of relocation variables created in mathematical model (2.1)-(2.16) is in the

order of |J |2|T ||K||S|. With a sufficient battery level, a relocation may happen

between any origin-destination pair at any time. Given 64 time intervals and

33 battery levels in a 60 station system like the system in Nice, France, the total

number of relocation variables created is equal to 7,063,414 even for a single

scenario. Yet, we observed that the total number of realized relocations account for

the 0.017% of the created relocation variables for small-sized instances analyzed in

Section 2.5.

As most of the created relocation variables take value of zero, we decrease the

number of relocation variables. Reducing the density of the relocation variables

(arcs) has been proposed in studies (Carlier et al., 2015) and (Gambella et al., 2018).

The former study employs the relocation arcs at specific time steps, whereas the

latter considers the inclusion of relocation arcs gradually. Both of these reduction

techniques generate good quality, near-optimal solutions.
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In this study, we propose two heuristics by creating relocations akin to trip

requests. There are two main reasons to perform relocations at a system; namely,

to ensure the availability of vehicles and/or parking spaces. In the first heuristic,

relocation arcs are created to serve at least one of the reasons. To serve the first

reason, relocation arcs are created such that the arrival time of a relocation to its

destination (also the origin of the trip) must be prior to the starting time of the

trip. The time between the end of the relocation and start of the trip is limited to

a predetermined time window. The same predetermined time window is applied

to the relocation arcs which provide a parking spot for an end of a trip. By this

method, the created number of relocation arcs become in the order of |Is||J ||S||K|.

To illustrate this heuristic method, consider a simple OWECS having four

stations with a capacity of one charger and one parking spot at each station as

shown in Figure 2.2A. Trip requests and relocation arcs are demonstrated with

green and red arrows, respectively. A trip is requested from Station 1 to Station

2 at time interval 4 with a duration of five time intervals. In order to provide a

vehicle to Station 1, possible relocation arcs are created from Station 2, 3 and 4.

Similarly, in order to provide a parking spot at Station 2, a relocation arc from

Station 2 to Station 1, 3 and 4 at time interval 9 are created.

Figure 2.2: Examples of Relocation Restriction 1 (A) and Relocation Restriction 2
(B)

In the second relocation selection approach, three types of the relocation arcs

are inserted to the network. The first type of arcs are the ones when relocation may
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be required both at the origin and destination stations. Consider the same system

again with three trip requests, as shown in Figure 2.2B. A relocation arc (Type 1)

starting at Station 3 at time 8 and ending at Station 4 at time 12 is created to provide

a parking spot for arrival of a trip and provide a vehicle to a start of another trip.

The start time of the relocation (t = 8) is earlier than the end time of ”Trip Request

1” (t = 9) and it is limited by a time window. It should be stressed that a relocation

arc is added if the end time of the relocation is prior to the start of ”Trip Request

2” and it falls into the time window. The second type of relocation arcs start after a

trip has been concluded, and it provides a vehicle to another trip as shown ”Type

2” in Figure 2.2B. The last type of relocation arcs (Type 3) is added to serve trips

that start at the beginning of the day.

We observed 2,778,912 and 851,800 relocation variables are needed on average

for relocation selection 1 and 2, respectively, for our 10 instances each contains

60 stations and 600 demand requests. (The time window was taken as 2 in both

approaches). The reduction rate of relocation variables were 60.7% in the first and

87.9% in the second approach.

2.4.2 Heuristic 2: Station Grouping - Three Step Approach

Even though the relocation variables account for the highest proportion of vari-

ables, reducing their number may not suffice to solve large scale problems.

Variables bstjkp, e
st
jkp, d

st
jkp are in the order of |J ||K||S||T ||P | and having these many

variables could prevent us from having a tractable model that is applicable to real-

life problems. To decrease the number of variables even further, we propose a

second type of heuristic approach based on grouping the stations. This method

reduces |J |; hence, reduces the sizes of all of the variable sets.

This approach has three steps: (i) station grouping ((2.17)-(2.24)), (ii) solving the

mathematical model ((2.1)-(2.16)) using the identified groups, and (iii) solving the

within-group models ((2.25)-(2.33)) (see Figure 2.3). We start by solving the station

grouping model provided in Section 2.4.2.1 by employing a walking distance
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matrix. Each station group is formed in such a way that any pair of stations

within the group is accessible by the relocation personnel through walking from

the stations in the group. The main motivation for aggregating the stations is to

run the model provided in Section 2.3 for the groups considering them as ”large

stations”. The Station Grouping model aims to minimize the maximum walking

distance within the groups and is solved for different |G| values where G denotes

the group set (1 ≤ |G| ≤ |J |). After observing the objective function values for

different |G| values, the final |G| value is determined by selecting the number of

groups corresponding to the elbow of the curve (point of diminishing returns)

describing the relationship between the maximum walking distance within the

groups and the number of the corresponding groups. It should be noted that if

we set |G| = |J |, the grouping heuristic method becomes the exact model we have

proposed in Section 2.3. On the other hand, the fewer the groups are, the higher

the deviation from the optimal solution is. It is a trade-off between accuracy and

efficiency.

Start

Input

Solve grouping
model for

different number
of groups

Decide on
number of groups

Solve exact model
with groups

Set GroupID = 0
Set Z = Z(Step2)

Is
GroupID
≥ |G|

Is
∥JGroupID∥

=1

Assign fast
chargers to
j ∈ JGroupID

GroupID += 1

Solve In-
Group Model
for group g :

g.ID = GroupID
Set Z -= Z(Step3)

GroupID += 1

Finish

yes

no

yes

no

Trip requests
Fast charger, personnel cost

Charger rates
Energy consumption per km

Info From Grouping Model:
Number of groups (|G|)

Groups (g ∈ G)
Group Station sets (Jg)

Distance Matrix
(Between groups)

Info From Grouping Model:
Number of fast chargers to be

implemented at each group
List of the trips to be served
Between group relocations

Walking distance matrix

Step 1 Station
Grouping

Step 2 Model
with Groups

Step 3 In-
Group

Modelling

Figure 2.3: Flowchart of Grouping Heuristic Method

After determining the number of groups and stations at each group, the
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mathematical model is solved for the groups decided in the first step. The groups

are treated as large stations with the total capacities of the stations in them. For

the second step, Model 2.3.4 is solved for the variables r̃stguk, b̃
st
gkp, ẽ

st
gkp, d̃

st
gkp, c̃

st
gkp, f̃gp

which differ from the variables of the exact model only by handling groups

instead of stations. The indices g and u denote groups instead of stations. In this

implementation of the model, the only variable that takes stations into account is

zsik. The distance parameter D̃gu is considered as the maximum distance of any

stations of group g to group u. The rest of the parameters are also considered

as taking the indices of groups (g, u) instead of stations (j, l). Please note that

Ṽg =
∑

j∈Jg Vj where Jg denotes the station set of group g.

The solution of the model with groups (Step 2) determines the number of fast

chargers to be installed at each group, the number of relocations between groups

and the accepted trips. After solving Step 2, a further optimization is required to

find where to locate the chargers within groups.

Figure 2.4 demonstrates an instance of 6-station system where the Step 2 Model

is applied. In this example, the first group is formed by combining Station 1, 2, and

3. The second group is comprised of Station 4 and 5, while the last group includes

only Station 6. As illustrated in Figure 2.4, after solving the Between-Group Model

(Step 2), the accepted trips are assigned from one station to another. However,

the relocations are considered to be performed between groups. The fast charger

decision is also made for groups. In Figure 2.4, two fast chargers decided to be

implemented to Group 1. Then, the corresponding stations for relocation activities

along with the within relocations for Group 1 must be decided. This is why, a new

Within-Group model (Step 3) is created (see Section 2.4.2.2). The outputs of the

main model (Step 2) are used as the parameters of the Within-Group Model. This

model must be iteratively solved for each group, unless the number of stations

within the group is one as shown in flowchart Figure 2.3. Clearly, if the number

of stations in a group is 1, then all the fast charger decisions of the group must be

implemented at this station, the relocations involving the group must be operated

38



to/from that station, and there will be no within-group relocation. The aim of the

Within-Group Model is to minimize the within-group relocation cost while serving

all the accepted trips, performing relocations, and implementing fast chargers, all

of which are decided by the main model.

Figure 2.4: Representation of groups at time interval t, scenario s after solving the
exact model with groups

2.4.2.1 Step 1: Station Grouping Model

This model aims to minimize the maximum distance within station groups. It

allocates the stations to a given |G| groups and determines the maximum distance

between any stations within any group.

Sets and indices

j, l ∈ J nodes (stations)

g ∈ G groups

Parameters

Wjl walking distance between station j and l

Variables

ajg 1, if station j is assigned to group g; 0, otherwise
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hjlg 1, if both stations j and l are assigned to group g; 0 otherwise

v maximum distance within groups

Grouping Mathematical Model

min v (2.17)

subject to∑
g∈G

ajg = 1 ∀j ∈ J (2.18)

hjlg ≤ ajg ∀j, l ∈ J, g ∈ G (2.19)

hjlg ≤ alg ∀j, l ∈ J, g ∈ G (2.20)

ajg + alg − 1 ≤ hjlg ∀j, l ∈ J, g ∈ G

(2.21)∑
g∈G

Wjlhjlg ≤ v ∀j, l ∈ J (2.22)

∑
g∈G

Wljhjlg ≤ v ∀j, l ∈ J (2.23)

v ∈ Q+, ajl, hjlg ∈ {0, 1} ∀j, l ∈ J, g ∈ G (2.24)

A similar clustering model has been proposed by (Rao, 1971). Constraints (2.18)

ensure that each station is assigned to a cluster (group). Constraints (2.19), (2.20)

and (2.21) are the linearization of hjlg = ajgalg. Constraints (2.22) and (2.23) define

the maximum distance within groups.

2.4.2.2 Step 3: Within-Group Model

After determining the number of station groups (Step 1) and solving the exact

model for groups (Step 2), the model below is solved for all of the groups

separately. For group g, Within-Group model finds the locations of the fast

chargers inside g if it is decided at Step 2 that g has fast charger(s) to be located.

Furthermore, this model also determines the corresponding stations inside g for
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the relocations that are coming in or going out of g while minimizing the relocation

costs within g. The summation of objective function values (in group relocation

costs) of all of the groups is subtracted from the solution found in Step 2, resulting

in the total revenue of the heuristic method.

Sets and indices

s ∈ S scenarios

i ∈ IAs accepted trip request in scenario s at Stage 2

j, l ∈ Jg nodes(stations) in group g

t ∈ T = {0, ..., T } time intervals

k, k′ ∈ K = {0, ...,K} battery levels

p ∈ P charger types, p = 0 denotes conventional chargers

Additional Parameters

Rst
k number of vehicles arriving to group g by relocation at time interval t in scenario

s with battery level k decided at Stage 2

R
st

k number of vehicles arriving to group g by relocation at time interval t in scenario

s with battery level k decided at Stage 2

Zs
ik trip requests accepted at Stage 2 and will be served with battery level k

Fp decided number of charger type p to be installed at group g

Additional Variables

qstjk number of vehicles arriving to group g from outside of the group by relocation,

at time interval t in scenario s with battery level k

qstjk number of vehicles leaving from group g by relocation, at time interval t in

scenario s with battery level k
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Within-Group Mathematical Model

min
∑

j,l∈Jg,k∈K,s∈S,t∈T

Ps (RCjl + DjlPC) rstljk (2.25)

subject to∑
j∈Jg

qstjk = Rst
k ∀k ∈ K, t ∈ T, s ∈ S (2.26)

∑
j∈Jg

qstjk = R
st

k ∀k ∈ K, t ∈ T, s ∈ S (2.27)

qstjk +
∑

(k′∈K,i∈IAs):
Dest(i)=j
End(i)=t

k′=CTi+k

Zs
ik′ +

∑
l∈Jg

rstljk =
∑
p∈P

bstjkp ∀k ∈ K, j ∈ Jg, t ∈ T, s ∈ S

(2.28)∑
(i∈IAs):

Origin(i)=j
Start(i)=t

Zs
ik +

∑
l∈Jg

rstjlk + qstjk =
∑
p∈P

estjkp ∀k ∈ K, j ∈ Jg, t ∈ T, s ∈ S (2.29)

∑
j∈Jg

fjp = Fp ∀p ∈ P (2.30)

(2.4), (2.5), (2.6), (2.7), (2.8), (2.9) Same with Model in Section 2.3
only ∀j ∈ J is replaced with ∀j ∈ Jg

(2.31)

(2.16) ∀(j, l) ∈ Jg, k ∈ K, p ∈ P, s ∈ S, t ∈ T (2.32)

qstjk, q
st
jk ∈ {0} ∪ Z+ ∀j ∈ Jg, k ∈ K, s ∈ S, t ∈ T (2.33)

This model aims to provide a feasible solution for the results generated in the

second stage. Constraints (2.26) and (2.27) guarantee that arriving (Rst
k ) and

departing (R
st

k ) relocations (as shown in Figure 2.4) are assigned to stations of

group g. Constraints (2.28) and (2.29) are flow conservation equations similar to

(2.2) and (2.3) respectively. Please note that the trip requests in the first model

are now provided as parameters (accepted trips). The within-group relocation

arcs (rstjlk) are assumed to be only within the station dimension, i.e., no battery

or time consumption is considered. These variables are only ensuring feasibility.

Constraints (2.30) are for the charger implementation. The remaining of the model

is the same with the original model, only applied for the stations within-group g.

Since the goal is to find a feasible solution, we minimize the relocation cost

within group g (Objective Function (2.25)) in order to have a more realistic
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representation of the system.

To demonstrate the steps of the grouping heuristic, a small instance with 10

stations is provided in Figure 2.5. In this example, first, we divided 10 stations

to 5 groups: Jg0={Station 0, Station 4, Station 7}, Jg1={Station 1}, Jg2={Station

3}, Jg3={Station 5} and Jg4={Station 2, Station 6, Station 8, Station 9} with the

help of Station Grouping Model. Then, we found the best station groups for

the fast chargers by solving ”Model with Groups” (see Figure 2.5A). Finally, we

solved Within-Group Mathematical Model for each group formed in Step 1 to

identify stations that should have fast chargers installed (see Figure 2.5B). In

this last step, we used between-group relocations and accepted trips provided in

Step 2. In Step 3, we identified the exact origin-destination stations of between-

group relocations and generated new within-group relocations while considering

carried-over accepted trips and between-group relocations. In Figure 2.5, the

colour of the cells is associated with the battery levels. As shown in the figure

key, the darkest shades of black and red colours represent full (32) and empty

battery (0) levels, respectively. In this example, we allow vehicles to be rented only

if their charging level is over 40%. To indicate this, the charging levels from 0% to

40% and from 40% to 100% are shown with red and black colours with increasing

darker shades respectively. Also, a cell is added for every vehicle leaving a

station that shows if the vehicle is leaving for a trip (green), or relocation within

(yellow) or between (blue) groups. Each number in the colored cells refers to a

certain vehicle. Additionally, the color of each line is associated with a particular

vehicle, and represents the movement of the corresponding vehicle. Based on

the representation of the state of the usage of each vehicle described above, one

can follow each vehicle’s path for the day. For instance, dark blue illustrates the

movements of vehicle 0 which starts the day at g0 in Figure 2.5A and at Station

0 in Figure 2.5B. Solid, dashed and dash-dotted lines represent trips, relocations

between groups and relocations within groups, respectively. Please note that

Figure 2.5A indicates trips originating/terminating at grouping levels, while in
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Figure 2.5B, trips are illustrated from/to stations.
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Figure 2.5: Vehicle flows in Step 2 (A) and Step 3 (B) when the Grouping Heuristic
is applied to an instance with 10 stations.

44



2.5 Computational experiments

The model and heuristic approaches presented in Sections 2.3 and 2.4 are applied

to historical data of Auto Bleue, which used to be a one-way electric carsharing

system operating in Nice, France. The system has 60 stations. Each station has

3 parking spots along with conventional chargers provided at each parking spot.

Each day is assumed to start at 6:00 and end at 22:00. As discretization in time is

assumed, the 16-hour time horizon is divided into 64 15-minute time intervals.

The proposed models and heuristics assume discrete battery levels. The

installed conventional chargers need 8 hours (32 time intervals) to fully charge

an empty battery. In the experiments, one type of fast charger that can charge an

empty battery in 30 mins is assumed to be implemented. The battery is discretized

into 33 (from 0 to 32) charging levels. Therefore, the charging rates of conventional

and fast charger are taken as 1 and 16 battery levels per time interval, respectively

(i.e. rate0 = 1, rate1 = 16). Although the charging speed is not linear and slows

down after a certain charging level, we assume linear charging rates. It should be

noted that the models are still compatible with nonlinear (with a fixed charging

speed in each time interval, i.e., piecewise linear) charging rates because of the

discretization of the battery levels.

The experiments are conducted in C# in .NET environment, on a workstation

with Intel Xeon E5-2640 v3 processor. The integer programming models are solved

by IBM ILOG Cplex 12.10.

The parameters used in the model and heuristic algorithms except for the

personnel cost are taken from Boyaci et al. (2015) and provided in Table 2.2. In

this study, the personnel cost per hour is taken as the minimum hourly wage in

France in 2018 (OECD, 2018). We employ the personnel based on the need of

relocation, and the labour cost is calculated by the summation of the relocation

duration multiplied by the personnel cost per time interval as shown as personnel

cost in Objective Function (2.1). Revenue of trip i (TRi) is calculated by multiplying
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the trip duration (End(i)-Start(i) in hours) by the hourly revenue given in Table 2.2.

Relocation cost (RCjl) is based on the driving distance between station j and l, and

vehicle relocation cost per km. Serradilla et al. (2017) considers the investment

horizon of fast charger implementation as 10 years, and the salvage value at the

end of the useful life as 5% of the purchase value. Çalık and Fortz (2019) indicates

fast charger prices in the range (€22,000 - €32,000). In our calculations, we have

€30,000 for the cost of the fast chargers. The resulting daily depreciated upgrade

cost of a fast charger is €11.15.

Table 2.2: Parameters used in computations

Parameter Value
Revenue per hour €13
Vehicle relocation cost per km €0.01
Relocation speed (km/hour) 30
Personnel cost per hour €10
MaxPer 3, 4, and 6

for 10, 20 and 60 stations systems, respectively
AR 3 time intervals

The number of vehicles is assumed to be equal to the number of stations.

The trips and relocations are only allowed when the battery level is higher than

40% and sufficient to drive the origin-destination distance of trip requests. In the

proposed model, a vehicle is present with a full battery at one of the parking spots

of each station before the start of the day (i.e. 6 AM).

2.5.1 Heuristic selection

Since the model (Section 2.3) is intractable for the real life system with 60 stations,

we run initial experiments on systems that are composed of 10 and 20 busiest

stations to compare the performance of the proposed heuristic methods with the

exact method. Scenarios are created by randomly selecting 100 and 200 trips from

the historical data set for systems with 10 and 20 stations, respectively. Problem

instances are solved using the solution methods proposed in Sections 2.3 and 2.4.

As the grouping heuristic approach assumes ”instant within-group relocation”
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Figure 6: Maximum walking distance within groups for 10 and 20 stations

assumptions may not be realistic since the size of the groups would be too big and station distances within groups
would be too high.

The numbers of groups selected for the experiments with 10 and 20 station instances are 5 and 9, respectively.
This choice was made because these number of stations correspond to the elbow of the curves of the graphs illus-
trating the relationship between the number of stations and the maximum distance within the stations belonging
to the identified clusters (See Figure 6).

Table 3 summarizes the values of the objective function obtained by the (i) exact model, (ii) exact model with-
out relocation variables (No Reloc.), (iii) exact model without charger upgrade variables (No Fast Charger) and,
(iv) relocation restriction 1 (RelRes1), (v) relocation restriction 2 (RelRes2), (vi) grouping, (vii) grouping with
relocation restriction 1 (GroRelRes1) and (viii) grouping with relocation restriction 2 (GroRelRes2) heuristics. It
should be pointed out that except for the computational time values, we do not present the criteria values of the
heuristics directly as the objective functions are treating different distance values for grouping heuristics. Instead,
the expected profit, number of served trips, and vehicle utilization values of the heuristic methods are calculated
in 2 steps; (i) solving the heuristic method and finding the locations of the fast chargers ( f jp), and (ii) solving the
exact method by fixing the ( f jp) values found in (i). This way we ensure that the resulting profits are computed on
the basis of the same objective function. Each cell in the table represents the average value of 5 runs for different
instances. 1% MIP gap and 3 hours (10800 sec) are set as termination parameters for the mathematical models
used in all of the algorithms. The runs were stopped when one of the termination parameters is reached.

In Table 3, the comparison of the exact and no fast charger (fixing f jp = 0 for p , 0) algorithms suggests
that fast charger purchases will increase the expected profit (17.3%), number of served trips (33.8%) and average
vehicle utilization (27.3%) dramatically.

When the heuristic methods are compared with the exact model, it is clear that RelRes1 and RelRes2 methods
are performing better than the rest of the heuristic methods in terms of expected profit (objective) values. The
error of a heuristic algorithm’s expected profit value is calculated by z−zheur

z ∗ 100, where z and zheurrepresent the
expected profit values of the exact model, and the exact model with fixed ( f jp) values found by the heuristic
algorithm, respectively. The average errors compared to the exact method are 0.09% and 0.29% for RelRes1 and
RelRes2 methods, respectively. However, especially for 20-node instances, the time required to solve RelRes1
reaches the 3-hour limitation even for two-scenario instances. On the other hand, the average computation time of
RelRes2 is 237.5 sec which is less than 1/8 of the time required for RelRes1 for 20-Node, one-scenario instances.

The average error to the optimal value of the heuristics No Relocation (setting rst
jlk = 0 ∀ j, l, k, s, t), Grouping,

GroRelRes1 and GroRelRes2 are 4.04%, 3.05%, 2.81%, and 2.80%, respectively, for 25 different instances. Figure
7 illustrates how the errors of the heuristic methods are distributed. The boxplot shows that the grouping heuristics
behave similarly. Solving the exact method without the relocations (No Relocation method) spreads wider than
the grouping heuristics. In fact, the standard deviation of No Relocation method is 4% whereas it is 2.21% for
Grouping and 2.20% for GroRelRes1 and GroRelRes2. As the numbers of nodes and groups increase, the time
required to solve Grouping and GroRelRes1 shows a similar pattern with Exact and RelRes1 algorithms. This is
why, among No Relocation, Grouping, GroRelRes1 and GroRelRes2, we decided to use GroRelRes2 heuristic.

At this point of the analysis, we compare RelRes2 and GroRelRes2 computation times on the system with 60
stations.
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Figure 2.6: Maximum walking distance within groups for 10 and 20 stations

(no battery consumption or travel time is encountered due to the very close

proximity of the stations comprising a group), the groups are selected such that

the maximum walking distance within the group stations is minimized. It should

be noted that the number of groups to be used affects the resulting computational

complexity. If the number of groups is equal to the number of stations, i.e. no

grouping is considered, then the resulting model is the exact model proposed

in Section 2.3. If it can be solved, it provides the exact solution but could be

intractable for real-life instances. If the number of groups is too small, the model

would be inaccurate. The battery consumption and travel time assumptions may

not be realistic since the size of the groups would be too big and station distances

within groups would be too high.

The numbers of groups selected for the experiments with 10 and 20 station

instances are 5 and 9, respectively. This choice was made because these number

of stations correspond to the elbow of the curves of the graphs illustrating the

relationship between the number of stations and the maximum distance within

the stations belonging to the identified clusters (See Figure 2.6).

Table 2.3 summarizes the values of the objective function obtained by the (i)

exact model, (ii) exact model without relocation variables (No Reloc.), (iii) exact

model without charger upgrade variables (No Fast Charger) and, (iv) relocation
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restriction 1 (RelRes1), (v) relocation restriction 2 (RelRes2), (vi) grouping, (vii)

grouping with relocation restriction 1 (GroRelRes1) and (viii) grouping with

relocation restriction 2 (GroRelRes2) heuristics. It should be pointed out that

except for the computational time values, we do not present the criteria values

of the heuristics directly as the objective functions are treating different distance

values for grouping heuristics. Instead, the expected profit, number of served

trips, and vehicle utilization values of the heuristic methods are calculated in 2

steps; (i) solving the heuristic method and finding the locations of the fast chargers

(fjp), and (ii) solving the exact method by fixing the (fjp) values found in (i). This

way we ensure that the resulting profits are computed on the basis of the same

objective function. Each cell in the table represents the average value of 5 runs

for different instances. 1% MIP gap and 3 hours (10800 sec) are set as termination

parameters for the mathematical models used in all of the algorithms. The runs

were stopped when one of the termination parameters is reached.
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Table 2.3: Expected profit, number of served trips, time and vehicle utilization values of the solutions

Problem
Type

Criteria Exact No Reloc. No Fast
Charger

RelRes1 RelRes2 Grouping GroRelRes1 GroRelRes2

Expected Profit (obj)(€) 1343.1 1246.8 1105.5 1340.8 1338.7 1287.7 1287.3 1286.1
10 Nodes- Time (sec) 376.5 2.2 60.5 166.3 25.9 71.4 44.2 25.9
1 Scenario # of served trips 53.2 48.4 35.4 53.2 53.4 52.2 50.0 50.0

Avg. Vehicle Utilization 62% 57% 45% 62% 63% 60% 59% 59%

Expected Profit (obj)(€) 1331.1 1282.1 1094.7 1330.2 1324.7 1285.5 1293.9 1297.1
10 Nodes- Time (sec) 949.6 4.3 130.8 351.1 45.8 139.3 97.4 49.7
2 Scenarios # of served trips 50.2 50.2 34.2 50.3 51.2 50.4 50.3 50.6

Avg. Vehicle Utilization 62% 60% 45% 62% 63% 60% 60% 60%

Expected Profit (obj)(€) 1324.0 1278.3 1096.0 1323.7 1320.4 1284.1 1284.2 1285.8
10 Nodes- Time (sec) 1618.8 6.5 277.6 584.3 83.4 323.9 197.9 84.8
3 Scenarios # of served trips 52.4 48.7 33.8 51.9 52.7 50.5 50.6 50.2

Avg. Vehicle Utilization 62% 59% 45% 62% 62% 60% 60% 60%

Expected Profit (obj)(€) 1305.0 1276.1 1092.5 1305.0 1302.7 1275.7 1278.6 1278.2
10 Nodes- Time (sec) 3233.0 8.5 453.8 1122.6 147.1 481.9 296.4 116.8
4 Scenarios # of served trips 53.1 52.2 34.7 53.1 53.4 51.7 51.3 51.3

Avg. Vehicle Utilization 62% 60% 45% 62% 63% 60% 60% 60%

Expected Profit (obj)(€) 2653.6 2548.7 2175.2 2648.5 2648.1 2575.9 2589.0 2582.8
20 Nodes- Time (sec) 4917.4 4.1 408.6 1950.8 237.5 242.7 182.3 145.4
1 Scenario # of served trips 105.0 103.2 69.4 110.4 110.4 104.4 106.4 105.0

Avg. Vehicle Utilization 64% 60% 45% 63% 63% 61% 61% 61%
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In Table 2.3, the comparison of the exact and no fast charger (fixing fjp = 0 for

p ̸= 0) algorithms suggests that fast charger purchases will increase the expected

profit (17.3%), number of served trips (33.8%) and average vehicle utilization

(27.3%) dramatically.

When the heuristic methods are compared with the exact model, it is clear

that RelRes1 and RelRes2 methods are performing better than the rest of the

heuristic methods in terms of expected profit (objective) values. The error of a

heuristic algorithm’s expected profit value is calculated by z−zheur

z
∗ 100, where z

and zheurrepresent the expected profit values of the exact model, and the exact

model with fixed (fjp) values found by the heuristic algorithm, respectively. The

average errors compared to the exact method are 0.09% and 0.29% for RelRes1

and RelRes2 methods, respectively. However, especially for 20-node instances, the

time required to solve RelRes1 reaches the 3-hour limitation even for two-scenario

instances. On the other hand, the average computation time of RelRes2 is 237.5 sec

which is less than 1/8 of the time required for RelRes1 for 20-Node, one-scenario

instances.

The average error to the optimal value of the heuristics No Relocation (setting

rstjlk = 0 ∀j, l, k, s, t), Grouping, GroRelRes1 and GroRelRes2 are 4.04%, 3.05%,

2.81%, and 2.80%, respectively, for 25 different instances. Figure 2.7 illustrates

how the errors of the heuristic methods are distributed. The boxplot shows that

the grouping heuristics behave similarly. Solving the exact method without the

relocations (No Relocation method) spreads wider than the grouping heuristics.

In fact, the standard deviation of No Relocation method is 4% whereas it is 2.21%

for Grouping and 2.20% for GroRelRes1 and GroRelRes2. As the numbers of nodes

and groups increase, the time required to solve Grouping and GroRelRes1 shows

a similar pattern with Exact and RelRes1 algorithms. This is why, among No

Relocation, Grouping, GroRelRes1 and GroRelRes2, we decided to use GroRelRes2

heuristic.

At this point of the analysis, we compare RelRes2 and GroRelRes2 computation
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times on the system with 60 stations.
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Table 3
Expected profit, number of served trips, time and vehicle utilization values of the solutions.

Problem type Criteria Exact No reloc. No fast charger RelRes1 RelRes2 Grouping GroRelRes1 GroRelRes2

10 Nodes-
1 Scenario

Expected profit (obj)(e) 1343.1 1246.8 1105.5 1340.8 1338.7 1287.7 1287.3 1286.1
Time (s) 376.5 2.2 60.5 166.3 25.9 71.4 44.2 25.9
# of served trips 53.2 48.4 35.4 53.2 53.4 52.2 50.0 50.0
Avg. vehicle utilization 62% 57% 45% 62% 63% 60% 59% 59%

10 Nodes-
2 Scenarios

Expected profit (obj)(e) 1331.1 1282.1 1094.7 1330.2 1324.7 1285.5 1293.9 1297.1
Time (s) 949.6 4.3 130.8 351.1 45.8 139.3 97.4 49.7
# of served trips 50.2 50.2 34.2 50.3 51.2 50.4 50.3 50.6
Avg. vehicle utilization 62% 60% 45% 62% 63% 60% 60% 60%

10 Nodes-
3 Scenarios

Expected profit (obj)(e) 1324.0 1278.3 1096.0 1323.7 1320.4 1284.1 1284.2 1285.8
Time (s) 1618.8 6.5 277.6 584.3 83.4 323.9 197.9 84.8
# of served trips 52.4 48.7 33.8 51.9 52.7 50.5 50.6 50.2
Avg. vehicle utilization 62% 59% 45% 62% 62% 60% 60% 60%

10 Nodes-
4 Scenarios

Expected profit (obj)(e) 1305.0 1276.1 1092.5 1305.0 1302.7 1275.7 1278.6 1278.2
Time (s) 3233.0 8.5 453.8 1122.6 147.1 481.9 296.4 116.8
# of served trips 53.1 52.2 34.7 53.1 53.4 51.7 51.3 51.3
Avg. vehicle utilization 62% 60% 45% 62% 63% 60% 60% 60%

20 Nodes-
1 Scenario

Expected profit (obj)(e) 2653.6 2548.7 2175.2 2648.5 2648.1 2575.9 2589.0 2582.8
Time (s) 4917.4 4.1 408.6 1950.8 237.5 242.7 182.3 145.4
# of served trips 105.0 103.2 69.4 110.4 110.4 104.4 106.4 105.0
Avg. vehicle utilization 64% 60% 45% 63% 63% 61% 61% 61%

values for grouping heuristics. Instead, the expected profit, number of served trips, and vehicle utilization values of the heuristic
methods are calculated in 2 steps; (i) solving the heuristic method and finding the locations of the fast chargers (𝑓𝑗𝑝), and (ii) solving
the exact method by fixing the (𝑓𝑗𝑝) values found in (i). This way we ensure that the resulting profits are computed on the basis of
the same objective function. Each cell in the table represents the average value of 5 runs for different instances. 1% MIP gap and
3 h (10 800 s) are set as termination parameters for the mathematical models used in all of the algorithms. The runs were stopped
when one of the termination parameters is reached.

In Table 3, the comparison of the exact and no fast charger (fixing 𝑓𝑗𝑝 = 0 for 𝑝 ≠ 0) algorithms suggests that fast charger
purchases will increase the expected profit (17.3%), number of served trips (33.8%) and average vehicle utilization (27.3%)
dramatically.

When the heuristic methods are compared with the exact model, it is clear that RelRes1 and RelRes2 methods are performing
better than the rest of the heuristic methods in terms of expected profit (objective) values. The error of a heuristic algorithm’s
expected profit value is calculated by 𝑧−𝑧ℎ𝑒𝑢𝑟

𝑧 ∗ 100, where 𝑧 and 𝑧ℎ𝑒𝑢𝑟 represent the expected profit values of the exact model, and
the exact model with fixed (𝑓𝑗𝑝) values found by the heuristic algorithm, respectively. The average errors compared to the exact
method are 0.09% and 0.29% for RelRes1 and RelRes2 methods, respectively. However, especially for 20-node instances, the time
required to solve RelRes1 reaches the 3-h limitation even for two-scenario instances. On the other hand, the average computation
time of RelRes2 is 237.5 s which is less than 1/8 of the time required for RelRes1 for 20-Node, one-scenario instances.

Fig. 7. Heuristic methods’ expected profit value distances to the exact model’s expected profit (%).

The average error to the optimal value of the heuristics No Relocation (setting 𝑟𝑠𝑡𝑗𝑙𝑘 = 0 ∀𝑗, 𝑙, 𝑘, 𝑠, 𝑡), Grouping, GroRelRes1 and
GroRelRes2 are 4.04%, 3.05%, 2.81%, and 2.80%, respectively, for 25 different instances. Fig. 7 illustrates how the errors of the
heuristic methods are distributed. The boxplot shows that the grouping heuristics behave similarly. Solving the exact method without
the relocations (No Relocation method) spreads wider than the grouping heuristics. In fact, the standard deviation of No Relocation
method is 4% whereas it is 2.21% for Grouping and 2.20% for GroRelRes1 and GroRelRes2. As the numbers of nodes and groups
increase, the time required to solve Grouping and GroRelRes1 shows a similar pattern with Exact and RelRes1 algorithms. This is
why, among No Relocation, Grouping, GroRelRes1 and GroRelRes2, we decided to use GroRelRes2 heuristic.

Figure 2.7: Heuristic methods’ expected profit value distances to the exact model’s
expected profit (%)

In order to compare the computation times of the heuristics when solving

instances with 60 stations, the number of groups should be determined first. Figure

2.8 shows the maximum within distances for different number of groups. On the

graph, we observe a sharp decrease when the number of groups is changing from

10 to 15, and a milder change when the number of stations becomes larger than

15 (elbow of the curve). At 15, the maximum distance within the groups is 1.5km,

which denotes negligible battery consumption between stations inside the groups.

This is why the number of groups is selected as 15 for the system with 60 stations.

Table 2.4 shows the computation time of heuristics RelRes2 and GroRelRes2

when the number of groups is set to 15. Each cell represents the average of four

different runs. RelRes2 heuristic is able to solve instances only with 60 stations

and 1 scenario within 3 hours (10800sec) time limitation. On the other hand,

GroRelRes2 heuristic method is able to solve instances with more scenarios within

the time limit.

Table 2.4: Duration of RelRest 2 and Grouping RelRest 2 heuristics for 60 Node
systems

Problem Type RelRes2 GroRelRes2 (|G|=15)
60Node-1 Scenario 5476 (sec) 1066 (sec)
60Node-2 Scenarios NA 3023 (sec)
60Node-3 Scenarios NA 6405 (sec)
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Figure 8: Maximum distance within groups for different number of groups

It is concluded RelRes2 is able to find near-optimal solutions for smaller size problems whereas GroRelRes2
performs well for both small and large size problems.

We performed sensitivity analysis in order to investigate the effect of the length of the time interval on the cal-
culation of the optimal profit value. In our sensitivity analysis we used 5 and 15-minute intervals and we observed
that the average difference on the objective function value was negligible (1.03% on the average). Thereby, the
rest of the analysis is carried out via GroRelRes2 heuristic algorithm using 15-minute time intervals.

We performed sensitivity analysis in order to investigate the effect of the length of the time interval on the cal-
culation of the optimal profit value. In our sensitivity analysis we used 5 and 15-minute intervals and we observed
that the average difference on the objective function value was negligible (1.03% on the average). Thereby, the
rest of the analysis is carried out via GroRelRes2 heuristic algorithm using 15-minute time intervals.

Figure 9 illustrates the sample solution for the 60-node system in Nice. Optimal locations of fast chargers are
obtained by solving the GroRelRes2 heuristic algorithm that considers 15 scenarios. Before solving the model,
we identify the groups first. Stations 14, 36, 37, 43 and 44 form groups on their own. In addition sets of {17, 29},
{21, 35}, {15, 54, 55}, {10, 11, 34, 40}, {0, 27, 50, 56, 58}, {2, 3, 7, 8, 45, 46}, {4, 5, 22, 24, 32, 57}, {1, 18,
20, 25, 26, 41, 52}, {9, 19, 23, 31, 33, 38, 49, 53, 59}, {6, 12, 13, 16, 28, 30, 39, 42, 47, 48, 51} are suggested by
the grouping algorithm. The optimal solution suggests that 17 conventional chargers should be upgraded to fast
chargers in various groups, e.g. one in group composed of stations 15, 54, 55; two in group composed of 2, 3, 7,
8, 45, 46. The rest of the assignments can be seen in Figure 2. In the second stage of the algorithm, it is identified
that one of the conventional chargers located in stations 0, 1, 5, 6, 7, 8, 9, 11, 14, 15, 16, 17, 22, 31, 35, 36 and 41
should be upgraded to maximize the profit.

20

Figure 2.8: Maximum distance within groups for different number of groups

It is concluded RelRes2 is able to find near-optimal solutions for smaller

size problems whereas GroRelRes2 performs well for both small and large size

problems.

We performed sensitivity analysis in order to investigate the effect of the length

of the time interval on the calculation of the optimal profit value. In our sensitivity

analysis we used 5 and 15-minute intervals and we observed that the average

difference on the objective function value was negligible (1.03% on the average).

Thereby, the rest of the analysis is carried out via GroRelRes2 heuristic algorithm

using 15-minute time intervals.

Figure 2.9 illustrates the sample solution for the 60-node system in Nice.

Optimal locations of fast chargers are obtained by solving the GroRelRes2 heuristic

algorithm that considers 15 scenarios. Before solving the model, we identify the

groups first. Stations 14, 36, 37, 43 and 44 form groups on their own. In addition

sets of {17, 29}, {21, 35}, {15, 54, 55}, {10, 11, 34, 40}, {0, 27, 50, 56, 58}, {2, 3,

7, 8, 45, 46}, {4, 5, 22, 24, 32, 57}, {1, 18, 20, 25, 26, 41, 52}, {9, 19, 23, 31, 33, 38,

49, 53, 59}, {6, 12, 13, 16, 28, 30, 39, 42, 47, 48, 51} are suggested by the grouping

algorithm. The optimal solution suggests that 17 conventional chargers should
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be upgraded to fast chargers in various groups, e.g. one in group composed of

stations 15, 54, 55; two in group composed of 2, 3, 7, 8, 45, 46. The rest of the

assignments can be seen in Figure 2.9. In the second stage of the algorithm, it is

identified that one of the conventional chargers located in stations 0, 1, 5, 6, 7, 8, 9,

11, 14, 15, 16, 17, 22, 31, 35, 36 and 41 should be upgraded to maximize the profit.

Figure 2.9: Sample fast charger location solution for the system in Nice

2.5.2 Sensitivity analysis on the number of chargers

In this part, we evaluate the effects of different number of fast chargers on the

total profit for a 60-Station OWECS. Figure 2.10 is obtained via fixing the number

of chargers at GroRelRes2 heuristic algorithm on a 60 Node-1 Scenario instance.

Please note that we also solve the same instance without considering charging

levels. In other words, we assumed a system with internal combustion engine

(ICE) vehicles. There are many bottlenecks that could prevent a carsharing

system from serving all requested demand, such as station capacity, demand

distribution, vehicle count. Running the system with ICE vehicles allows us to see
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the bottleneck created by factors other than the battery restrictions. We consider

this value as the upper bound for the profit in our analysis. As the Grouping

heuristics maximize the profit of the model of Step 2 (solving the exact model by

using the station groups), it can be observed that the second step profit values

behave as a discrete concave function, and the optimal solution is obtained when

the number of fast chargers is fixed at 17 (see Step 2 profit values in Figure 2.10).

On the other hand, the total profit fluctuates especially when the number of fast

chargers is greater than 4. The total profit has its maximum value when the

fast chargers are fixed to 20. We observe that the within-group relocation cost

when locating 17 fast chargers is higher than that of 20. Yet the difference in

total profit when locating 17 and 20 fast chargers is less than 0.2%. Figure 2.10

also illustrates the marginal increase in total profit at each additional fast charger

implementation. Implementing 17 fast chargers will result in 25% increase in the

total profit. The largest increase (7.5%) for an additional fast charger is observed

when the first fast charger is implemented. The increase in the total profit is

12.5%, 16.1%, 18.6% and 20.1% for 2, 3, 4, and 5 fast charger implementations,

respectively. As expected, the impact on the second step profit is decreasing as

the number of fast chargers increases, and after reaching the optimal solution

(17 fast chargers), the second step profit is decreasing because of the fast charger

costs. With some fluctuations, the total profit also behaves similarly. Using 17 fast

chargers increases the number of served trips from 207 to 351 by 69.6% compared

to not implementing any fast chargers. We observe a steep rise in the number

of served trips when 4 fast chargers are implemented, in fact, 61.4% of 69.6%

increase is due to the purchase of the first 4 chargers. After the implementation

of 20 chargers, we see almost no change in the number of served trips with

additional charger implementations. There is 7.6% difference between the total

profit of optimally locating fast chargers and the upper bound (ICE total profit

value). This result is based on the requirement of having compulsory battery level

(40%) before trips/relocations, charging times and battery capacity. Please notice
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that, the optimal solution of the proposed algorithm does not require to upgrade all

conventional chargers to fast chargers. For instance, the daily profit in the optimal

solution of a 60-Node 2-scenario instance is €9,188 whereas it is €7,558 when all

chargers are upgraded to fast chargers. The profit difference is mainly due to the

upgrade cost of the chargers that are not upgraded in the optimal solution.
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Figure 2.10: Second stage profit, total profit and number of served trips when
different numbers of fast chargers are implemented

Figure 2.11 illustrates how the number of relocations (both between and within-

group) and relocation cost vary with the number of fast chargers implemented

to the system. The number of within-group relocations per served trips shows a

downward trend as the number of fast chargers increases. This could be explained

by the availability of the fast chargers at the stations. If a trip has already been

accepted at the grouping stage of the algorithm, a vehicle with a sufficient battery

level must be available at the origin station of the trip. In certain cases, this may be

only possible by relocating a vehicle to a station that has an available fast charger

within the group. If there is a fast charger available at the origin of the trip, within-

group relocation is usually not needed to serve the trip.
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Clearly, the proposed algorithm generates more relocation activities than the

exact algorithm. In comparing the number of required relocations between the

exact and heuristic solutions for problem instances with 10 and 20 stations, we

found that the exact solution generates relocations for 57% of the accepted trips

while the heuristic generates relocations for 82% of the accepted trips. However,

as seen in Figure 2.11, the majority of the generated relocations of the GroRelRes2

(76% on the average) is resulting from the within-group relocations. The average

cost of a within-group relocation is significantly less than the average cost of a

between-group relocation. Although we observe more relocations in our heuristic

approach, i.e. GroRelRes2, as it can be seen in the analysis conducted in Section

2.5.1, the difference between the optimal profit and profit resulting from the

heuristic decision is not more than 5% in 95% of the cases (see Figure 2.7). In

other words, relatively high relocation numbers in the heuristic approach do not

affect the quality of the heuristic solutions significantly and give close to optimal

results in most of the cases.
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2.5.3 Sensitivity analysis on charger prices

To understand the effects of the cost of fast chargers on the optimal solution, we

vary the cost of fast chargers. We solve the problem by considering five different

costs per day (€11.15, €8.36,€5.57, €2.79,€0) per fast charger installation. We also

consider the option without fast charger installation (indicated with ∞ sign in

Table 2.5) and report the percent improvements of other fast charger installation

price levels compared to this option. Table 2.5 provides information on the total

profit, number of served trips, number of fast chargers to be implemented and

vehicle utilization. Figure 2.12 illustrates how these values are compared to

”without fast charger option” when the daily depreciated cost of fast charger is

varied.

From Figure 2.12, it can be seen that introducing fast chargers increases

the expected daily profit, the number of served trips and vehicle utilization

remarkably by 25.3-29.1%, 63.1-65.2%, and 37.3-37.9%, respectively. However, it

is observed that the system performance is not sensitive to the cost of the fast

chargers. When 25% gradual discounts are analyzed for (€11.15 to €8.36), (€8.36

to €5.57),(€5.57 to €2.79),and (€2.79 to €0), the average increase in the total profit

value, number of served trips and vehicle utilization are 0.8%, 0.4% and 0.1%,

respectively.

We observe that when the daily depreciation of a single charger drops from

€11.15 to €0, the model advises to open 28 chargers (not 180, i.e. total number of

charging points, even though they are free to install) instead of 17. In addition, the

profit increases by 3.08%, 2.06% of which comes from additional profit of serving

more trips.
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Table 2.5: Total profit, number of served trips, fast chargers and vehicle utilization
under different price scenarios for fast chargers

Depreciated Total Av. Number of Number of Vehicle

Cost Profit Served Trips Fast Chargers Utilization

∞ €7335.0 189.5 0 49%

€11.15 €9188.2 309.5 17 67%

€8.36 €9232.7 309.0 19 67%

€5.57 €9294.6 309.5 20 67%

€2.79 €9353.5 312.5 22 68%

€0 €9470.0 313.0 28 68%

2.5.4 Sensitivity analysis on demand levels

In this section, we evaluate the effects of demand levels on the fast charger

acquisition decision. Alternative demand scenarios were generated by decreasing

the initial demand of 600 requests to 250, 300, 350, 400, 450, 500 and 550, and
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increasing the demand for trip requests to 650, 700, 750, 800, 850, 900, 950 and

1000 requests. Figure 2.13 depicts how the total profit and number of fast chargers

change when demand size varies from 250 to 1000 for EVs. We also added the

same analysis, obviously without the consideration of chargers, for an ICE fleet

for comparison purposes. When the demand increases between 250 and 500, there

is a significant growth in the number of fast chargers with 3 fast charger increase

per additional 50 requests on the average. When the demand exceeds 500, the

number of fast chargers fluctuates between 16 and 18. There may be many reasons

for the fluctuations. First, we are using both duration and distance information for

the trips in our experiments. Since the model is selecting the trips to serve, each

additional 50 trips may alter the trips selected to be served. Please note that in our

model we are not trying to serve all demand but select the most profitable ones as

much as the capacity allows. We have many constraints in our system, including

station capacities. We cannot have more than 3 rentals from any station at any

time interval. If the model can find more profitable trips that reduce the relocation

activities or trips with longer duration but shorter driving distance, it can use its

limited capacity for these trips. As the selected trips and generated relocations

change, the fast charger location and number may vary. Clearly, the profit of the

system increases as the demand size increases. However, an additional 50 requests

for smaller demand sizes (sizes between 250 to 500) yield more profit than larger

demand sizes. For example, additional 50 requests provide 22% and 0.7% increase

in the total profit for demand sizes 300 and 900, respectively. For the smaller

demand sets, the station and personnel relocation capacity is still sufficient to serve

more trips, whereas for the larger demand sets, there is not enough capacity for

accepting additional trips, and extra profit is generated by accepting longer trips

or trips that require fewer relocation operations. It should be noted that as the

size of demand increases, the difference between optimal solutions of EV and ICE

fleet increases. The difference increased from 3.07% when demand is equal to 250

to 9.3% when demand increases to 1000. The difference between the performance
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of ICE and EV fleets is the outcome of restrictions imposed by the batteries. As

the system gets more congested, the profit difference between the system with ICE

vehicles and EVs increases. When the vehicles are utilized more, EVs require more

frequent charging. Although the system with EVs can install more fast chargers,

since it is not profitable, it is not advised by our model.
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Figure 2.13: Changes in the total profit and number of fast chargers when demand
size differs

2.5.5 Sensitivity analysis on charger locations

In this analysis, we explore the effect of the location of the fast charger to the

profitability of the system. We want to observe how much more we can gain

by choosing the right fast charger location. We consider a system without a fast

charger as a start and compare the total profit of the system when we install a single

fast charger to one of the stations. We consider 60 different instances. We install

a fast charger to one of the stations at every instance. Figure 2.14 shows the total

profit and the number of served trips when only one fast charger is implemented

at different stations. The green dotted line located on the figure shows the total

profit level if we do not consider restrictions on the total number of fast chargers.

Gray line, on the other hand, shows the total profit level if no fast chargers are
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installed to the system. Station 16 and 42 are the most and least profitable stations

to install a fast charger, respectively. In this system, installing the fast charger to a

wrong station could lead up to 7.2% loss in profits. However, the distribution of

the profitability of the stations is left-skewed. The average profit of installing a fast

charger to any station is just 1.6% worse than the maximum profit of installing a

fast charger.

We have also analyzed the vehicle utilization when only one fast charger is

implemented at different stations at each run. The utilization of vehicles varies

between 49% and 55%, which shows that if only one fast charger purchase is

possible, the utilization of vehicles might increase by 12.25% if the right location is

selected.
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Figure 2.14: Changes in total profit and number of served trips when only one fast
charger is implemented to different locations

2.5.6 Sensitivity analysis on the compulsory battery level

Carsharing companies often follow a policy of minimum battery level require-

ments. In this section, we investigate the effect of the minimum battery level of

a vehicle required to start a trip. We name it as the compulsory battery level
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for brevity. Table 2.6 illustrates profit values and number of fast chargers to

be implemented when the compulsory battery level varies between 0% to 100%.

When the compulsory battery level is increased from 0% to 100%, the total profit

is decreased by 4.5% (€420.1 /day). This is due to the fact that higher battery

availability thresholds render a higher number of vehicles unavailable and require

additional charging time. The number of fast chargers implemented shows almost

a non-decreasing trend. As the compulsory battery level increases, even though

the optimal number of fast chargers in almost all of the cases increases, the

total profit of the system decreases. Fast charger implementation is becoming

increasingly important as the compulsory battery level increases.

Table 2.6: Profit values and number of fast chargers for different compulsory
battery levels

Compulsory Second Total Number of
Battery Stage Profit (€) Fast Chargers
Level(%) Profit(€)
0 9820.05 9249.33 16
10 9813.73 9226.82 18
20 9804.12 9220.82 17
30 9790.55 9183.46 18
40 9772.61 9188.15 17
50 9745.20 9161.96 18
60 9671.99 9105.02 19
70 9620.46 9058.52 19
80 9565.50 9029.89 21
90 9474.24 8939.92 22
100 9334.61 8829.26 25

2.6 Conclusions and future research directions

In this study, we have introduced a time-space-battery level integer programming

model to solve the fast charger location problem in one-way electric carsharing

systems. Besides the exact solution, we propose two types of heuristic methods

based on relocation reduction and station grouping. The first type of heuristic

method creates relocation arcs based on the trip request data set rather than creat-
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ing relocation arcs between all station pairs for all time intervals and battery levels.

The second type of heuristic method decreases the size of the network by grouping

the stations and treating the groups as large stations. This heuristic method

involves three stages: (i) determine the number of groups, (ii) solve the integer

programming model for groups, (iii) model the problem of locating fast chargers

within the groups. Along with these two types of heuristic methods, a heuristic

combining relocation reduction and grouping methods was also presented.

The proposed model and heuristic methods are tested on 10 and 20 station

subset settings of a real world one-way electric carsharing system from Nice,

France. It is observed that the mixed heuristic gives good quality solutions

in a reasonable computational time. Our analysis on the real world instance

with 60 stations suggests that the introduction of the fast chargers increases the

profitability of the system and the level of service offered to its users as more trip

requests can be served with lower relocation cost without increasing the fleet size.

Furthermore, we found that the performance of the system is not very sensitive to

the price of fast chargers. The analysis on the number of demand requests suggests

that the number of fast chargers increases as the number of demand requests

increases until the system reaches the capacity of either relocation or stations, then

it remains fairly constant. For the location analysis, only one fast charger is allowed

in the system and applied to different locations. In this analysis, we observe that

the distribution of the profitability of the system is left-skewed. Although there are

a few stations that installing a fast charger to one of these stations increases profit

as much as installing the fast charger to the best station, installing fast charger

to the wrong station could lead to huge losses in profit. The analysis on different

compulsory battery levels shows that as the minimum battery level that is required

to assign a vehicle to start a trip increases, the profitability of the system decreases

and the system requires more fast chargers. Please note that the presented results

reflect the characteristics of the system under consideration. Managerial insights

derived from the study are only applicable to the data set used.
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Although the exact model can only be applied to very small scale problems, the

proposed combined heuristic approach is scalable to address problem instances

found in real world OWECS and can be used by decision makers to optimize fast

charger location decisions.

In our study, we consider fixed station capacities in terms of the available

parking spots. In reality, one of the major costs of the one-way electric carsharing

companies is the parking spot cost since most of these companies are established

in urban areas. With minor adjustments, the proposed models can be used to

determine the optimum number of fast chargers and the optimum number of

parking spots per station. In addition to the proposed single objective model

considering profit maximization, multi-objective models can be introduced by con-

sidering maximization of the number of served trips, vehicle utilization, and other

performance measures. In our study we have used randomly selected scenarios

for analyzing the OWECS system instance under consideration. A shortcoming of

the random selection of the scenarios to be analyzed is their representativeness.

Therefore, a fertile ground for future research is the development of a systematic

procedure for scenario reduction leading to the identification of a representative

scenario set to be used as the basis for analyzing the OWECS system.
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Chapter 3

Balancing carsharing systems through

user-based relocation and pricing : A

literature review

Abstract

Carsharing systems (CSS) provide sustainable and affordable access to private
vehicles. In recent years, CSS gained more importance in urban mobility as
an attractive alternative to privately owned vehicles and a crucial component
in public transport. However, the imbalanced demand pattern in CSS
makes these systems operationally challenging. To rebalance the vehicle and
demand distribution, carsharing companies often hire personnel to relocate
the vehicles over the stations. In addition, to make the system more profitable,
these companies promote certain trips, enabling users to relocate vehicles,
and thereby reducing staff dependency. In this paper, we review studies on
carsharing literature that involve user-based relocation and pricing strategies
to obtain more balanced systems in terms of demand and supply. First, we
investigate the descriptive studies that explore the willingness of users to
participate in user-based relocations. Second, user-based related optimization
problems and their solution methods are surveyed. Third, we provide an in-
depth analysis of pricing studies that affect the demand to achieve a more
balanced system. Finally, by highlighting the gaps in the literature, we
propose future research directions and areas for improvement for carsharing
studies that address pricing mechanisms or user-based relocation activities.

keywords : literature review; carsharing; user-based relocations; pricing;
imbalanced demand
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3.1 Introduction

Privately owned vehicles have reached a mounting number of 34.5 million in

the UK alone (Bates and Leibling, 2012). Increasing population and urbanization

have escalated the need for transportation and, therefore, the number of private

vehicles. Vehicles are in the parking position 96.5% of the time, which results

in fewer parking areas in the city centres (Bates and Leibling, 2012). While the

increase in the number of private vehicles causes traffic congestion, idly sitting

vehicles cause a decrease in urban public spaces. Therefore, the importance of

sustainable sharing economy models in transportation, such as carsharing, has

emerged.

The introduction of carsharing dates back to 1948, with a pioneering start-up

called Sefage providing short-term vehicles in Zurich, Switzerland. Although it

has been more than seventy years since the first launch of carsharing, it has made

its transformation as an important player in the transportation sector over the past

decade with the era of digitalization and mobile technologies. From 2006 to 2018,

the number of vehicles in carsharing globally increased by more than 16-fold and

reached almost two hundred thousand. A more significant increase (more than 90-

fold) for the same period was observed in the number of registered users, which

has reached almost 32 million worldwide in 2018 (Shaheen et al., 2020).

Carsharing can be categorized into three types based on the pick-up and drop-

off points. The first category, round trip systems, requires users to return the

vehicle to the pick-up station. In the second category, one-way systems, drop-off

is possible at any station, while in the third category, free-floating systems, users

may leave their vehicle at any parking point in the region. Although one-way

and free-floating systems provide flexibility and convenience to the users, they are

operationally challenging due to the imbalanced vehicle-demand distributions. As

a result, these systems may face over or undersupply of vehicles and may require

corrective actions to reconfigure the vehicle distribution. To tackle this problem,

66



carsharing companies employ three schemes (Brendel et al., 2022):

• Operator-based relocation: Reactive approach which requires personnel to

relocate the vehicles to meet future demands, balance the vehicle distribution

or regain idle vehicles in low-demand areas.

• User-based relocation: Proactive approach where users are convinced to alter

their original trips through incentive schemes or rewards.

• Pricing: Preventive approach of carsharing companies by analyzing the

overall demand and promoting the prices of routes from excess supply to

excess demand.

Particularly, complex relocation operations have attracted the attention of the

Operations Research Community in terms of strategic, tactical, and operational

decisions in carsharing systems. As a result, several literature review papers have

been published to analyse studies focusing on demand estimation, optimization

models, business practices and models.

One of the literature review papers, Jorge and Correia (2013), provides an

overview of the studies conducted on demand estimation of the carsharing market,

mathematical models, and vehicle demand-supply balancing. A recent study,

Yao et al. (2022), investigates similar aspects of carsharing considering electric

vehicle fleets. Laporte et al. (2018) investigates mostly studied questions, namely

station location, fleet size, station inventory, incentives, and vehicle repositioning

for vehicle sharing systems (including bike sharing) from an operational research

perspective. Wu and Xu (2022) also provides literature focusing on optimization

problems and solution methods for carsharing systems. Illgen and Höck (2019)

provides an in-depth analysis of decision problems related to operator-based

relocations in one-way carsharing systems. Ferrero et al. (2018) provides a

taxonomy along with an overview of the papers included in the taxonomy.

Another taxonomy study Remane et al. (2016) provides a general introduction to

the carsharing operator profiles with a focus on business models. Nansubuga and

Kowalkowski (2021) provides a broader literature review with consideration of
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business models among carsharing operators, drivers and barriers to the use of

carsharing, customer behaviour, and the studies in vehicle rebalancing. Finally,

Golalikhani et al. (2021) provides a literature review on descriptive research

on user behaviour and prescriptive research on modelling problems. Table 3.1

summarizes the literature review papers.

Table 3.1: Summary of literature review studies on carsharing systems
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Study
(Ferrero et al., 2018) X X X X X
(Jorge and Correia, 2013) X X
(Remane et al., 2016) X X
(Wu and Xu, 2022) X X X X
(Yao et al., 2022) X X X X X
(Illgen and Höck, 2019) X X X X X
(Laporte et al., 2018) X X X X
(Nansubuga and Kowalkowski, 2021) X X X X X
(Golalikhani et al., 2021) X X X X X X X

The supply-demand balance in carsharing has been examined in the mentioned

literature review studies with a focus on operator-based relocation. Even though

most of the literature review papers mention user-based relocation strategies and

pricing, an in-depth analysis has not been provided. The literature lacks review

papers that present an extensive analysis and categorization of the user-based and

pricing approaches to balance the demand.

Influencing demand through incentives or pricing has been studied in different

sectors, including electricity markets, hotel and airline management. A summary

of incentive-based and pricing-based demand response in the electricity market is

given in Albadi and El-Saadany (2008). A literature review of pricing optimization

techniques in hotel management is presented in Vives et al. (2018). In transporta-

tion, acting on demand by incentive-based and pricing-based methods has been
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intensely studied for ridesourcing, bike sharing and carsharing systems. Wang

and Yang (2019) has provided a literature review on ridesourcing with a focus

on demand pricing and supply incentives. The studies Reiss and Bogenberger

(2017), Pfrommer et al. (2014), Fricker and Gast (2016) and Singla et al. (2015)

aim to rebalance bike sharing systems through user-based relocation with given

incentives to users, whereas Haider et al. (2018) uses pricing tools to achieve a bike-

stock and demand balance. Similarly, the same approaches to achieving balanced

systems in carsharing systems are gaining importance.
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Figure 3.1: Number of user-based relocation and/or pricing studies in carsharing
over years

Figure 3.1 points out pricing and user-based relocation strategies’ importance

over the years in the operational research community. Particularly over the last six

years, an increasing number of studies have addressed user-based relocation and

pricing in carsharing literature. In this paper, our purpose is to explore the papers

that try to maintain a supply-demand balance through user-based relocations and

pricing. The contribution of this review is twofold. First, we provide a compre-

hensive overview of the current state of research on descriptive and prescriptive

analysis focusing on vehicle stock balancing methods, excluding studies involving

only operator-based relocations. Second, we identify under-explored areas and

propose future directions for interested researchers and practitioners.

The literature review is conducted through a keyword search (”user-based relo-

cation”), (”pricing”+”carsharing”) and (”incentive”+”carsharing”) of the databases
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Scopus and Web of Science. For the relevant papers, we have also conducted a

backward and forward search and, finally, achieved 70 papers that include the

user-based and pricing aspects in carsharing. Please note that throughout this

study, we use the term ”user-based relocations” to refer to the studies that consider

changing the routes of certain trips by offering incentives (monetary rewards/free

driving minutes) and lessening the need for operator-based relocations. On the

other hand, we use ”pricing” for the studies that use different minute-based prices

to affect the overall demand on the routes and achieve a more balanced vehicle

supply demand among the stations. These terms might be used differently by the

related studies but are categorized according to the definitions we assumed in this

literature review.
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Figure 3.2: Classification of pricing and user-based relocation review

The remainder of this paper is structured as follows. Section 3.2 provides a

review of survey-based studies on pricing and user-based relocations, followed

by Section 3.3, a summary of studies using data analytics on pricing region

detection, rule-based relocation policies and simulation approaches. Section 3.4

focuses on the mathematical modelling aspects in the related literature. Finally,

in Section 3.5, this paper addresses the gaps in the literature to shed light on

future research. Figure 3.2 illustrates the relations between sections. Note that

the sections provided in this review are not disjoint sections, and certain studies

are discussed under more than one section.
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3.2 Descriptive analysis

In this section, we examine the exploratory studies investigating the incentive

mechanisms and users’ willingness to accept flexibility when considering incen-

tives. These studies involve both supply and demand-side factors that affect

carsharing participation ratios. User-based relocations require the users to walk to

stations with available vehicles or drive to stations with parking availabilities other

than their original pick-up or drop-off stations or wait more than expected (supply-

side factors). The factors affecting acceptance of the spatiotemporal flexibilities

are not only limited to additional walking/driving distance and time required but

also weather conditions, temperature, time of the day, day of the week, public

holidays, seasons, the purpose of the trip, the number of people travelling together,

location of stations, road conditions, the incentives on the flexibility, as well as the

demographic indicators including gender, education, income, vehicle ownership

(demand-side factors).

Shaheen et al. (2018) designed two types of incentives that reduce the need

for operators in one-way electric carsharing systems. The first type requires the

user to leave the vehicles at stations close to the central charging station, while

the second type provides 10-minute driving credit for moving the vehicle from

low-demand to high-demand zones. The analysis shows that, for the charging-

focused incentives, 85% of the respondents reported that they could participate

and earn credit before the incentives were implemented. After the incentives were

implemented, 22% of the respondents received credit, and the majority of the non-

credit takers responded that incentivized stations were not in their destination

areas. For the rebalancing incentives, 7% of the respondents indicated that they

would move the vehicle to the requested station for 10-minute driving credit.

When driving credit is 30-minutes, the participation rate rises to 65%.

Zoepf and Keith (2016) conducted a discrete choice survey by providing

different alternatives (price, distance, availability and vehicle type) to the users.
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The analysis shows that one-mile access distance is almost equal in value to one

hour shift in the scheduled hour. Ströhle et al. (2019) provided the additional cost

of the flexibility of the users to a mixed integer programming model (see Section

3.4) by carrying out a discrete choice survey as done in (Zoepf and Keith, 2016).

It is assessed how much the user would pay to reduce the flexibility (i.e. decrease

the walking distance or time shift). In general, the participants would pay more

for a 250m drop from 1km to 750m than for a drop from 500m to 250m. The same

is valid for the time shifts.

Herrmann et al. (2014) designed a survey to understand the users’ willingness

to participate in an incentivized scheme in free-floating systems. The survey

indicates that 20% of the respondents accept walking more than 500m, and 95%

of the respondents do not agree to wait more than 30 mins. When asked if the user

accepts a more distant vehicle, 85% of the customers accept, whereas 13% of the

respondents expect more discount than 10 cents/km in order to accept the distant

vehicles. With the insights gained from the survey, user-relocation strategies are

developed and tested on car2go data via simulation.

Wu et al. (2020) conducted a survey on willingness to pay and accept in-

centivization mechanisms on free-floating carsharing users in Washington D.C.

and Vancouver. Among the relocation mechanisms, namely, delivery, pick-up,

drop-off changes, and paid relocation, drop-off with incentives gets the highest

ratio of willingness to accept (57%). The study suggests that user experience

factors influence the willingness to pay/accept mechanisms more than socio-

demographic factors. Curtale et al. (2021) examined the user preferences based

on flexibility in origin-destination stations and vehicle sharing through a survey

administered on one-way carsharing users in the Netherlands. Users offered 3€,

1€, and 3€ for alternative pick up, drop off and sharing the vehicle, respectively.

Unlike Wu et al. (2020), the analysis indicates that users are more willing to

participate in the incentive program for pick-up alternatives.
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Wu et al. (2019) considered spatiotemporal vehicle balancing through two

mechanisms, virtual queueing (VQ) and guaranteed advanced reservation (GAR),

and examined the attractiveness of these mechanisms to customers. By implement-

ing GAR and VQ, demand-vehicle stock balance can be achieved while not losing

the customer. The survey for the analysis of trip behaviour based on social activity

purpose revealed that users were more willing to use GAR over VQ, preferring to

pay more for guaranteed trips rather than risking long waiting times.

Herrenkind et al. (2019) conducted a survey to feed a self-learning algorithm

on incentive computation. Unlike the other survey approaches mentioned earlier,

factors affecting the willingness to walk, such as weather and temperature, are

included to assess the incentive acceptance rates. The survey data is used to train

a machine learning algorithm to provide the best incentive value to the user. The

algorithm is further trained by providing the accepted and rejected offers with

lower and higher incentives to induce a learning process.

Table 3.2 provides a brief introduction to survey-based studies regarding user-

based relocations and pricing. In summary, both demand and supply-side factors

that affect carsharing membership are extensively studied. Survey analysis studies

can reveal general user travel behaviour regarding user-based relocation. Surveys

that can analyse the effects of the geo-location characteristics of the region/stations

and incentives on origin-destination pairs can provide companies with more

realistic insights. Moreover, the surrounding points of interest of the stations

might be additional influencing factors on the willingness to accept the flexibilities.

More research is needed to analyse user behaviour under uncertainty in vehicle

availability, dynamic pricing, and vehicle location (Wu et al., 2020). Additionally,

the effects of the existence of travel modes that complement carsharing systems

on carsharing prices can be further analysed. Survey studies on pricing in

carsharing systems can be used to reveal the relationship between user behaviour

and distance to systems such as public transportation and bike sharing. Finally,

further analysis can be made on how incentive schemes shape demand by seeking

73



to answer the following questions: i) does the volume of demand increase through

incentives, or ii) is the demand just shifted to the incentivized vehicles within the

system? (Lippoldt et al., 2018)

Table 3.2: Summary of the survey studies on user flexibility behaviour in
carsharing systems

Study Number of
respondents

Flexibility Incentive Key findings of the analysis

Shaheen
et al. (2018)

1081+448+473 Dropping station Discount or points in
the system

Minutes are more favourable than dis-
count,
Almost half of the respondents who
did not take incentive state that the
destination is not in the incentive area

Herrmann
et al. (2014)

87 Walking to the sta-
tions, and waiting

10cent/km discount,
driving minutes

20% of the respondents accepts to walk
more than 500m
Majority of the respondents do not
accept to wait more than 30mins
A few of the respondents expect more
discount than 10cents/km to the far
stations
One third of the respondents are inter-
ested in free minutes.

Curtale
et al. (2021)

739 Walking to
stations/ sharing
vehicle

3 Eur for pickup, 1 eur
for drop off

Alternative pick up is more favourable
than drop off or sharing vehicle

Wu et al.
(2020)

311 Walking to stations delivery fee $7, station
change with a discount
$0.06/min, paid reloca-
tion 10%discount

Willingness to change the drop off
station is highest (57%) among other
relocation mechanisms

Wu et al.
(2019)

232 Walking to stations
waiting at the queue

£0.54 pay for journey Positive willing to pay for GAR

Herrenkind
et al. (2019)

274 Walking to the
stations (between
800m to 1500m)

0.50€ to 6€ with 0.50€
increments

The responds are used in a self-learning
algorithm to compute the incentives

Ströhle
et al. (2019)

1529 Spatio-temporal
flexbility

Choice task with differ-
ent walking time, ve-
hicle availability, and
price

Half of the customers can be persuaded
with very low incentives.

Zoepf and
Keith (2016)

3958 Spatio-temporal
flexbility

Choice task with differ-
ent walking time, ve-
hicle availability, and
price

Traveling additional one mile is equiva-
lent to shifting the trip one hour

3.3 Data analytics

In this section, we explore how data analytics applications can improve the

service quality of carsharing systems in terms of vehicle availability. Carsharing

companies generate data at each rental and booking search. The generated data
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include helpful information on vehicle position, battery/fuel consumption, km

driven, personnel movements, customer behaviour and various others. To address

the spatiotemporal demand asymmetricities, data analytics are used to distinguish

pricing areas, predict demand, compute incentives and assess the effectiveness of

already implemented policies.

3.3.1 Pricing region detection

This section presents studies that investigate data and provide spatiotemporal de-

cision support on how the coverage area is divided into pricing areas. Specifically,

we provide a summary of the studies that divide the business areas into either

same-sized grids or areas with homogeneous characteristics. Especially in free-

floating systems with no clear definitions of subregions, it is necessary to provide

differentiated pricing regions to keep the balance on the vehicle stock.

Wagner et al. (2015) developed a location-based support system for free-

floating carsharing systems, providing a user-based relocation scheme to reduce

vehicle idle time. In the proposed support system, first, the business area of the

system is divided into a grid of individual tiles. Then, a user is offered free minutes

for altering the destination to an area (i.e. tile) with a lower idle time within a 500m

radius. It is assumed that the probability of acceptance depends on the distance

between the original destination and the proposed station. Average vehicle idle

time was reduced by 16% with a simulation analysis performed on a free-floating

system in Vancouver. Brandt and Dlugosch (2021) proposed a similar approach on

user-based relocation incentivization or nudging (i.e. offering alternative drop-off

stations by highlighting the parking availabilities of low idle-time areas) scheme

where the aim is to decrease the expected idle times of the vehicles. Simulations

on Vancouver and Berlin data show that a significant impact on the utilization of

vehicles can be achieved.

Lippoldt et al. (2018) evaluated the incentive programs implemented by a free-

floating carsharing system operating in Milan. The business district in Milan
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was divided into two categories, central and peripheral areas, with high and

low demands, respectively. The users were offered discounted rates to pick up

a vehicle from the peripheral area and free driving minutes to drop off the vehicle

at the central area. Rental data were analysed, and it was stated that district

categorization might not fully reflect attractiveness levels. However, improved

distribution of vehicles is achieved through incentivization schemes. The same

authors conducted a similar study for assessment of already placed incentive

schemes in Cologne (Lippoldt et al., 2019). It is shown that free-driving minute

incentives decrease the average idle time of vehicles in low-demand areas. Both

in Lippoldt et al. (2018), and Lippoldt et al. (2019),the incentives are applied in the

system through manual interference of the personnel, which demonstrate room for

improvement.

Weikl and Bogenberger (2013) conceptualize a two-stage approach for demand

prediction and relocation decisions. Yet, the focus of the study is on the first

stage, where the data is partitioned into clusters based on the principal component

analysis taking the number of bookings, vehicle idle times, and unsatisfied

bookings for the time of the days as indicators. After predicting demand for a

time interval of a day for each section (even though section identification is not

provided), a mixed integer programming model (MIP) is provided.

Brendel et al. (2020) presented a decision support system to distinguish pricing

areas in free-floating systems and applied to a real-world system in Göttingen.

Using the historical rental data, a heat map is generated, and the k-means

clustering algorithm is applied. Finally, a grid representation of pricing areas is

formed for the carsharing provider. Increased vehicle supply in high-demand

areas is achieved by offering bonus minutes. Please note that unlike Wagner

et al. (2015) and Brandt and Dlugosch (2021), the user acceptance rates are not

considered in the study.

Willing et al. (2017) proposed two types of spatial decision support systems

(SDSS) for balancing supply-demand in free-floating systems. The first SDSS is for
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existing systems, whereas the second is for the systems that aim to expand their

operation areas. By incorporating points of interest (POI, i.e. the aim of the trips,

such as arriving at restaurants and banks), heat-maps that show high, medium

and low-demand areas for different time intervals are created. The proposed SDSS

is applied to data collected from a carsharing operator in Amsterdam and tested

on data from Berlin to predict demand. Application of SDSS indicates that the

demand can be explained by POI to a certain extent which may help with pricing

decisions that lower the risk of vehicle imbalance in the system.

Table 3.3: Summary of the studies that detect pricing regions

Study Carsharing
Type

Flexibility Aim Methods Used Application

Wagner
et al. (2015)

Free-
Floating

Destination sta-
tion

Decrease the
vehicle idle time
through user-based
relocation

Business area segregation into tiles
Computation of expected idle times
of each tile.
User-based relocation policy to offer
lower idle-vehicle-time stations that
are close to destination station.

Vancouver

Brandt and
Dlugosch
(2021)

Free-
Floating

Destination sta-
tion

Identification
relocation
policy and
implementation

Map-based visualization of the
rentals
User-based relocations based on idle
vehicle times at stations

Vancouver
and
Berlin

Lippoldt
et al. (2018)

Free-
Floating

Origin and des-
tination stations

Evaluation of user-
based relocation
schemes

Partitioning operating area into
zones.
Idle time and vehicle distribution
assessment

Milan

Lippoldt
et al. (2019)

Free-
Floating

Origin and des-
tination stations

Evaluation of user-
based relocation
schemes

Idle time and vehicle distribution
assessment

Cologne

Weikl and
Bogen-
berger
(2013)

Free-
Floating

spatio-temporal Demand clustering Principle component analysis Munich

Brendel
et al. (2020)

Free-
Floating

Destination sta-
tion

Pricing areas Heat map on the rental data Göttingen

Willing
et al. (2017)

Free-
Floating

Destination sta-
tion

Pricing areas POI-based heat maps to show the
demand areas

Berlin

By displaying the regions that may offer price incentives to users on the map

via mobile applications (Wagner et al., 2015), companies can raise awareness

about user-based relocation and increase the participation rate. One challenge

in providing such guidelines for incentives is the dynamic nature of the system.

It requires regular updates to the map, making management more complex than

static incentive schemes. Furthermore, with the integration of historical data for
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different time-intervals of the day-month-year into dynamic mapping, the current

and future state of the system can be analysed and combined with the pricing

area detection process. Table 3.3 provides summary information of the studies on

pricing area detection.

3.3.2 Rule-based relocation policies

This section presents a summary of studies focusing on rule-based relocation

strategies in carsharing systems. As mentioned earlier, user-based relocation is

one of the tools that balance vehicle availability throughout operational hours.

However, vehicle flow from a station with an excess of vehicles to a station with

a shortage of vehicles does not necessarily guarantee a balanced distribution of

vehicles, as it might affect future vehicle movements within the system. Therefore,

determining the status of stations in terms of vehicle flow requirement and

availability is a challenging task (Laarabi et al., 2019).

Brendel et al. (2018) and Brendel et al. (2016) provided decision support

frameworks for user-based relocation assignments to vehicles with or without

considering EVs, respectively. The framework proposed in Brendel et al. (2016)

first predicts over and under-supplied stations by taking the historical data into

account. Second, the trips that are moving towards a vicinity of an under-supplied

station are prioritized and offered incentives for relocation. The same approach is

used in Brendel et al. (2018) with additional consideration of the battery charging

process and vehicle state of charge (SoC).

Wang et al. (2019) proposed a ranking method that offers users incentives to

reduce stations’ vehicle idle times and zero vehicle times (i.e. the time that stations

are without vehicles). The ranking method prioritizes the user-based relocations

based on a linear weighted sum of factor values that affect the supply-demand

ratio. These factor values include vehicle idle time, pickup and drop-off demands

for neighbouring stations and the reserved vehicle. The ranking method is applied

to a real-world system in Shanghai for a brief period of time and compared to
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an incentive plan based on the experience of company personnel. The results

show that the ranking method outperforms the empirical method and yields better

profit.

Barth et al. (2004) considers two types of user-based relocation strategies, where

users join or split trips. The former strategy is applied when two users request

vehicles for the same route with an under-supplied origin station and share one

vehicle. The latter strategy is offered to requests with multiple passengers wishing

to move to an under-supplied station. With this strategy, passengers are asked to

move separately. Simulations of the strategies show that with a 100% participation

rate, the number of relocations is decreased by 42%. Uesugi et al. (2007) also

adopted trip splitting and merging strategies based on minimizing the square error

sum for the number of available vehicles and the favourable number of vehicles at

stations.

Laarabi et al. (2019) considered user-based relocation policies in one-way

carsharing systems with lightweight stackable vehicles (i.e. ESPRIT cars) where

users are assumed to be able to drive a maximum of two vehicles per trip.

Relocation strategies based on vehicle and parking spot availabilities show that

leveraging historical data and forecast results in better alignment of vehicles over

the operational period.

Iacobucci et al. (2022) proposed a multi-stage DSS to solve the relocation

problem in one-way systems with stackable vehicles. First, the inventory imbal-

ances at each station, considering future demands, are calculated. Then, solution

algorithms are proposed based on the relocation scheme (operator-based, user-

based and autonomous). For the operator-based scheme, two distinct integer

programming (IP) models are formulated to find the vehicle flow quantity and the

personnel assignments. The user-based scheme is designed according to the state

of the station (feeder or receiver). Finally, the autonomous scheme considers the

first IP model’s solution to vehicle flow and assigns vehicles to relocations, taking

into account the maximum time to complete the relocation instead of immediately
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dispatching the vehicles.

Cepolina et al. (2015) proposed a user-based relocation scheme along with

two autonomous sharing systems for Personal Intelligent City Accessible Vehicles

(PICAVs). PICAVs are urban electric vehicles which are suitable mode of travel for

historical centres. Cepolina et al. (2015) offers a user-based relocation strategy for

users travelling outside of the urban area after completing the trip with a PICAV.

A set of PICAV stations is offered to the user, guaranteeing that public transport to

the user’s final destination is available.

Table 3.4 summarizes the rule-based user relocation studies. The afore-

mentioned rule-based studies lack incorporating user behaviour and pricing

decisions. Users accepting any alternative offer may result in higher profit values,

hence, mislead the operators. Integrating the user acceptance probabilities into

user-based relocation triggering mechanisms will yield a more realistic view of

the system. The next section presents such mechanisms through agent-based

simulations.

3.3.3 Simulation based studies on user-based relocation and pric-

ing

This section introduces the studies that use simulation-based decision support

systems in the pricing and incentive decisions to balance the demand distribution.

In particular, we investigate myopic approaches with decisions regarding the

current state of the system. Although some of the studies mentioned in this

section use rule-based mechanisms with threshold values, they are mentioned in

this section due to the primary focus on simulation.

Clemente et al. (2018) proposed a DSS that gives users incentives in parking

areas triggered by a threshold value. The system is described as a discrete event

system (DES) model, and optimal threshold values are found by maximizing

the level of service considering the system state knowledge. A particle swarm
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Table 3.4: Studies that investigate rule-based user relocations

Study Carsharing
Type

Flexibility Aim Methods Used Application

Brendel
et al. (2016)

One-way Destination
station

Designing a user-
based relocation
system

Predicting number of vehicles
needed at each station
Based on the treshold values,
customers are asked to change
destinations.

Generated one-
way data from a
round-trip sys-
tem’s data

Brendel
et al. (2018)

One-way
Mixed
Fleet

Destination
station

Maximize battery
electric vehicle
utilization

Based on treshold value, vehicles are
charged.
Battery electric vehicle are priori-
tized over internal combustion en-
gine
User-based policy of Brendel et al.
(2016) is applied

Simulation on a
German system

Wang et al.
(2019)

One-way Destination
stations

Incentive-based
approach to
influence the
demand patterns

Predict demand for each time period
Make a ranking list of vehicles and
stations

China

Barth et al.
(2004)

One-way
EV

Trip
splitting
and joining

Introduction
of user-based
mechanisms

Relocations are offered when the
conditions on number of passenger,
trip status and treshold on balancing
operations are met

Real-world uni-
versity campus

Uesugi
et al. (2007)

One-way Trip
splitting
and joining

Assigning optimum
number of vehicles
to users

Minimizing the residual error of
optimum number of vehicles and
available number of vehicles

Simulation

Laarabi
et al. (2019)

One-way
ESPRIT
fleet

vehicle
train

user-based
relocations in
ESPRIT fleet
systems

Rule based relocation policies based
on number of vehicles both at origin
and destination stations

Lyon

Iacobucci
et al. (2022)

One-way
stackable
fleet

vehicle
train

operator-based,
user-based and
autonomous
relocations in
stackable fleet
systems

Inventory balance prediction, in-
teger programming for operator-
based and autonomous relocations,
Rule based relocation policies based
the vehicle stock for user-based
policy

New York Taxi
data

Cepolina
et al. (2015)

one-way
one-
way au-
tonomous
free-
floating
au-
tonomous

Destination
station

Comparing user-
based relocations
with autonomous
systems

Rule-based assignment of a station
near the destination station of the
user

Genoa
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optimization algorithm is proposed to solve the optimization problem. Schulte

and Voß (2015) designed a DES with four types of user-based relocation strategies,

namely incentives for remote vehicles, remote drop-off locations, paid relocations

(routes), and demand pooling (trip joining). Acceptance probabilities are gener-

ated based on the survey results of Herrmann et al. (2014). All the strategies are

applied together in the simulation model. The results suggest that the application

of user-based relocation strategies yields a more economical and environmental-

friendly system.

Bianchessi et al. (2013) considered a dynamic pricing simulation scheme in

which the prices are updated according to the vehicle availability at each station.

If the number of vehicles at a station is below the average number of available

vehicles in the system, the price increases depending on the difference. Unlike the

rest of the literature, this is the only study that assumes that users’ decisions follow

a Normal distribution when accepting a station in the vicinity.

Ciari et al. (2015) designed a multi-agent modelling framework to explore how

demand is affected by pricing schemes on free-floating systems in a system where

free-floating and round-trip systems coexist. Full price, half price, and half price

at some time intervals during the day are taken as pricing schemes on the free-

floating system. The analysis shows that pricing policies on free-floating systems

also change the demand on the round-trip. In addition, the spatiotemporal profile

of carsharing demand has been shown to be sensitive to the pricing policies

adopted.

Chen and Kockelman (2016) considered autonomous vehicle-sharing systems

in an agent-based simulation framework. A multinomial logit model is presented

for the agents to select a transportation mode among private vehicles, city

bus service or shared autonomous electric vehicles (SAEV). The utility of each

transport mode is calculated by functions based on the service cost and the value

of travel time (VOTT) of the agents. VOTT is assigned to each agent in the

simulation, considering US census data of metropolitan residents. User-based
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pricing schemes (origin-based, destination-based and combined) are offered to the

agents and compared to distance-based pricing schemes. Note that the pricing

schemes consider the current system state and the next time interval’s anticipated

demand. The results show that user-based pricing schemes can significantly

reduce agents’ average wait times.

Another agent-based pricing study was conducted by Giorgione et al. (2019) to

investigate the effects of availability-based pricing on round-trip systems. Agents’

travel disutility in choosing the transport mode is defined by a function that

depends on VOTT, the number of available vehicles, the cost of the trip, and the

time required to complete the trip. Analysis of the study indicates that the number

of reservations decreases slightly when the dynamic pricing scheme is applied.

Additionally, users with low VOTT tend to switch to other transport modes.

Clemente et al. (2013) considered one-way electric carsharing systems and

modelled three incentive schemes (regular pricing, 20% off for the vehicles

returned back to the origin station, 20% off for the vehicles reducing the imbalance

of the vehicle stock across stations) in a Timed Petri Net environment. The

simulation results suggest that incentives with balance considerations improve the

LOS and profitability, whereas the incentives requiring immediate return of the

vehicles do not.

Table 3.5 provides a summary of the simulation-based studies regarding

pricing and user-based relocations in carsharing systems. The utility users get by

preferring carsharing systems or changing their trip choices not only depends on

price and time differences but also the region’s geographic characteristics. Incorpo-

rating more information into the system, such as traffic evolution and geographic

characteristics, provides a more realistic view of the system. Such studies form a

groundwork for future studies (Bianchessi et al., 2013). Furthermore, inclusion of

the operator-based relocations might alter the systems’ dynamics which provide a

perspective for future directions.
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Table 3.5: Simulation focused user-based relocation or pricing studies

Study Carsharing
Type

Aim Methods Used Simulation

Clemente
et al. (2018)

One-way Designing a decison sup-
port system with incentives

Incentive threshold values are found
by Particle Swarm Optimization Al-
gorithm

Discrete Event
Simulation

Schulte and
Voß (2015)

Free-
floating

Cost and emission efficient
system

Different user-based relocation
schemes proposed and applied at
a simulation model. The relocation
mechanisms are steadily triggered

Discrete Event
Simulation

Bianchessi
et al. (2013)

One-way Dynamic fleet balancing
with pricing

Dynamic pricing based on the error
between the number of vehicles at
a station and average number of
vehicles

System Dynam-
ics

Ciari et al.
(2015)

Free-
floating

Understanding how pricing
affects demand

5 scenarios with different pricing
schemes are compared

Multi-agent
Modelling

Chen and
Kockelman
(2016)

Autonomous Understanding affects of
pricing when choosing
travel mode including
shared autonomous EV
systems

Value of travel time based utility
calculation for each travel mode

Agent-based
simulation

Giorgione
et al. (2019)

Round trip Understanding affects of
availability-based dynamic
pricing on balancing the
system

Travel disutility functions Agent-based
simulation

Clemente
et al. (2013)

One-way
EV

Understanding affects of
economic incentives

Providing incentives based on the
availabilities at the stations.

Timed Petri Net

3.3.4 Dynamic anticipative approaches

Waserhole et al. (2013) considered dynamic pricing of the routes. Since the number

of vehicles in the system remains constant all the time, a closed queuing model on a

Markovian formulation is introduced. The proposed model decides on the pricing

from a discrete pricing set at each trip request. Various heuristic approaches are

applied to a toy city example. Similarly, Waserhole and Jost (2016) presents a study

on a closed queuing network with infinite buffer capacity and Markovian demands

in one-way systems. In order to solve the problem of maximizing the number of

trips sold, a Maximum Circulation problem and a greedy algorithm are proposed.

Another study on queuing theory has been conducted by Boldrini et al. (2018).

Instead of influencing demand by differentiated pricing as done in Waserhole et al.

(2013) and Waserhole and Jost (2016), a user-based approach has been studied at

one-way systems with stackable vehicle fleets. The proposed model is validated

against real data.
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A predictive, incentive-based, Markovian one-way carsharing system study

was conducted by Stokkink and Geroliminis (2021). The study aims to determine

user-based relocations by offering incentives on alternative trips considering the

system’s current state and expected future demand. The discount value of an

incentive is found by maximizing the welfare of the system, taking into account

the omitted demand loss (recovered expected future loss), which the Markovian

model determines. Furthermore, a learning algorithm for the customers’ accep-

tance rate function of the alternative trips (binomial logit function) is proposed to

approximate the probabilities accurately.

3.4 Mathematical modelling based studies on user-

based relocation and pricing

In this section, we provide the studies concerned with mathematical modelling ap-

proaches to solve the operational level - user-based relocation or pricing problems.

First, we describe a general mathematical model formulation of the operational

level problem where personnel and vehicle schedules are to be generated. This

model is adapted from the studies Gambella et al. (2018) and Boyacı et al. (2017)

without battery charging requirements of the electric vehicle fleet. Then, we

present a series of papers addressing user-based relocation and pricing. Finally,

we specify how an operational-level model is adapted to solve such problems.

3.4.1 Operational level mathematical model for one-way carshar-

ing systems

The operational level problem in a station-based one-way carsharing system with

reservation seeks to provide schedules for both vehicles and personnel while

maximizing profit or number of served trip requests (or, in some cases minimizing

cost). The system is composed of a set of stations (j, l ∈ J) with finite capacity (Cj),
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a fleet of identical vehicles positioned at the stations, and a number of personnel

waiting to be assigned for relocations at the beginning of the day. The time horizon

(i.e. operational day) is divided into equal-length time intervals (t ∈ T ). The

problem is represented by a time-space network with arc set A. Trips, vehicle

relocations, personnel walking relocations, and personnel driving relocations are

allowed to flow on subsets of A. Decision variables xi are the binary variables,

denoting the vehicle flow on arc (jt, lt′) ∈ Ai ⊂ A taking value of 1 if the trip

request i is accepted; 0 otherwise. Variables yr stand for the number of relocated

vehicle flow on arc r = (jt, lt+DDjl
) ∈ Ar ⊂ A where DDjl is the driving distance

between j and l in time intervals. Similarly, variables ur stand for the number of

personnel flow that travel by a vehicle on the arc r = (jt, lt+DDjl
) ∈ Ar ⊂ A and

variables ūm are for the personnel that walks on the arc m = (jt, lt+WDjl
) ∈ Am ⊂ A

where WD is the walking distance from j to l in time intervals. Note that arcs

(jt, jt+1)∈Ar are used to express the waiting vehicle/personnel flow at each station

j.

The objective function for the operational level problems is mostly the max-

imization of profit (revenue - operational cost including relocation cost, daily

personnel cost, battery charging cost) or the number of accepted trip requests.

Note that the objective function may only minimize the cost if the system does

not decide on trip requests.
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maxTotal Profit

or

max
∑
i

xi

subject to

∑
r∈FS(jt)∩Ar

yr +
∑

i∈FS(jt)∩Ai

xi =
∑

r∈RS(jt)∩Ar

yr +
∑

i∈RS(jt)∩Ai

xi ∀j, t

(3.1)∑
r∈FS(jt)∩Ar

ur +
∑

m∈FS(jt)∩Am

ūm =
∑

r∈RS(jt)∩Ar

ur +
∑

m∈RS(jt)∩Am

ūm ∀j, t

(3.2)

yr ≤ ur ≤ CapV yr ∀r ∈ Ar

(3.3)

yr = IVj ∀j,∀(r|r = (jt0 , jt1))

(3.4)

ūm = IPj ∀j,∀(m|m = (jt0 , jt1))

(3.5)

yr ≤ Cj ∀j,∀(r|r = (jt, jt+1))

(3.6)

xi ∈ {0, 1}, yr, ur, ūm ∈ Z+ ∪ {0} ∀i ∈ Ai, r ∈ Ar,m ∈ Am

(3.7)

Constraints (3.1) and (3.2) are the flow constraints for vehicles and personnel,

respectively. Forward star (FS) and reverse star (RS) in these constraints denote

the outgoing and incoming flows. Constraints (3.3) ensure that vehicles are driven

by personnel, and the driving personnel is bounded by the vehicle seater capacity

on each arc in Ar. Constraints (3.4) and (3.5) are for the initial number of vehicles

and personnel at each station at the beginning of the day. Constraints (3.6) limit

the number of cars that are waiting at the stations. Finally, constraints (3.7) define

87



the decision variables.

Optimization-focused user-based relocation studies mainly modify decision

variables xi to binary variables xii′ where i′ ∈ N(i) , N(i) denotes the neighbouring

trips to i. On the other hand, pricing studies shape the demand at the routes.

Therefore, instead of a variable type xi focusing on a single trip demand, a variable

type Dt
jl is defined to express the trip flow from station j to l at time t under certain

pricing functions.

3.4.2 User-based relocation

This section includes studies that integrate mathematical modelling approaches

into the decision-making process. The studies were classified according to the

prominent features of the problem setting.

The only study that considers demand-flexibility in round-trip systems is

Ströhle et al. (2019). Spatial flexibility in round-trip systems requires that both

the pick-up and drop-off stations be assigned to the same station so that the

business structure does not change. To understand the potential effects of

demand-side flexibility on the round-trip systems, Ströhle et al. (2019) considered

systems with complete (offline) and instant (online) information. A mixed integer

linear programming (MILP) model is proposed to minimize the fleet size by

spatiotemporal flexibility without considering the users’ rejection of the proposed

trips. The tests on a real-world data set from a city in Germany for the offline

case showed that temporal flexibility does not affect the fleet size as much as

spatial flexibility, with a reduction of 4% compared to 12%. The online case also

demonstrates that the fleet size reduction found in the offline case remains viable.

Furthermore, a survey is conducted to find the cost of offering flexibility (see

Section 3.2) and implemented into the model. The new cost minimization model

resulted in a 25% reduction in cost.

Correia et al. (2014) considered spatial flexibility as the closest three stations

(first as closest to the original request, second as closest to the first, and third as
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closest to the second station) in one-way systems. A MILP model is proposed to

solve the profit maximization problem without consideration of operator-based

relocation. The proposed MILP model can take different user types, namely,

inflexible, flexible without information, and flexible with information, as input to

see the effect of flexibility and knowledge on the vehicle distribution of the system.

To set flexibility on xi used in the model in Section 3.4.1, the binary variables

X i
jt,lt+DDjl

, taking the value of 1, if trip request i is served through arc (jt, lt+DDjl
); 0,

otherwise, are introduced. By adding constraints
∑

j,l,tX
i
jt,lt+DDjl

≤ 1 ∀i, at most

one offer is made to the user. Note that the model also finds the daily operational

station locations and employed fleet size. The proposed model is tested in Lisbon,

and results show that there is a significant profit increase (from 428Eur to 1732Eur)

when the users become flexible. It is also stated that accessing the system’s vehicle

stock in real-time via the mobile app can further increase profits (up to 2380Eur).

Schiffer et al. (2021) studied revenue maximization problem with flexible users

in free-floating system. Rather than a commodity flow consideration used in the

model in Section 3.4.1, an integer programming model that treats each vehicle

and their trip chain separately is introduced. Relocation activities are assumed

to be managed only by flexible users regardless of user acceptance possibilities.

Through a graph representation, the model is reformulated as a k-disjoint shortest

path problem, and an exact algorithm that can be solved in polynomial time is

proposed.

Monteiro et al. (2021) considered an agent-based simulation at round-trip

and one-way systems where users are assumed to be flexible in walking to

neighbouring stations. A multiobjective MILP model is proposed to maximize

the number of accepted trips and minimize the maximum number of vehicles

allocated to a station. Unlike other models in the literature, the proposed MILP

gives priority to the users who enter the system earlier by forcing the model to

serve the customer if there is any vehicle available at the origin station. The model

is tested using data from Sao Paulo. Results show that round-trip services provide
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better improvement than one-way, considering flexibility.

Incorporating Acceptance Rates

Zhang et al. (2022) developed a personalized price discounting scheme for one-

way systems, where users are grouped according to certain characteristics. It

is assumed that the whole demand set is known in advance. Through a mixed

integer nonlinear programming (MINLP) model that considers origin station and

start time flexibility, profit maximization is aimed. Each user class’s acceptance

rate is assumed to be dependent on the related population’s ratio (and probability

density function) of high/low requirements for the level of service. Similar to

Correia et al. (2014), a binary decision variable xt,j
i is created to denote if a trip

i is accepted originating at station j at time t as an alternative route. An additional

decision variable pm is included in the model to find the corresponding discount on

a user class m per km. Please note that, in the study, the original request’s walking

distance and time shift to the proposed trip do not affect acceptance probabilities.

Febbraro et al. (2012) evaluated a user-based relocation methodology through

a discrete event simulator (DES) that employs an integer programming model to

minimize the rejection ratio of reservations. The model offers alternative drop-

off stations or time intervals to the users. The acceptance rate of the proposed

alternative (paccept) is calculated by a binomial logit model that is dependent on

the discount s and distance between the original and alternative trip’s destination

stations d. β0, βdd and βss values are the estimated coefficients of the logit model.

paccept = 1

/(
1 + eβ0−(βdd+βss)

)
∀d, s (3.8)

The proposed simulator is applied to an operating system in Turin, Italy. The

same authors applied a similar acceptance rate calculation method in Febbraro

et al. (2019). However, this time, a two-stage optimization model is proposed.

The first stage determines the optimal drop-off locations, considering the future

demand. The acceptance rate is used to determine the optimal discounts to be

offered to the users in the second stage of the model.
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Wu et al. (2022) incorporated user behaviour modelling approach at a free-

floating system in which the users can make on-demand or advanced reservations.

The system receives a request from each user and responds with a set of options

from which the user can select. A MINLP model is proposed to maximize the

expected revenue, assuming that each user will prefer the option with the highest

utility value they will receive.

Liu et al. (2021) proposed a decision framework for real-time operations in one-

way carsharing systems. The study considers users to modify their destination

stations suggested by the operator. The vehicle schedules and relocation decisions

are determined through a dynamic programming approach. The acceptance rate

of the flexibility is assumed to depend on the customer’s extra walking time and

incentives. Furthermore, the acceptance ratio function is calibrated through the

Bayesian learning approach at each revealed customer preference data.

Incorporating Charging Decisions

Zou et al. (2020) proposed a mixed integer programming model addressing

strategic planning decisions regarding station location for one-way EV carsharing

systems. Rewarding and punishment mechanisms are introduced when picking

up and leaving the vehicle, respectively, in the social parking lot. Battery levels

of the vehicles are not monitored, and it is assumed that each vehicle parked is

unavailable for at least two time intervals (i.e. 30 minutes) for charging purposes.

Boyacı and Zografos (2019) proposed a framework that considers operational-

level activities in one-way electric carsharing systems. Vehicle and personnel

schedules are generated while promoting flexibility through price incentives.

The proposed framework consists of pre-processing for clustering the stations,

optimization models to find the vehicle and personnel schedules without battery

feasibility consideration, and a simulation module that checks and takes actions

against battery infeasibility. The purpose of the station clustering approach is to

reduce the size of the vehicle and personnel relocation variables, and therefore,

the model provides solutions in a reasonable time. Furthermore, the vehicle and
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personnel flows are considered through station to cluster, cluster to cluster and

cluster to station rather than creating direct arcs between two stations. Instead of

direct variables yr that directly find the vehicle flow between two stations in the

model in Section (3.4.1), three complementary variables rtsj , r̄tsj and r̃tusbd are created

to find the vehicle relocation flows to station j, from station j and between clusters

b and d at time interval t / shift s, respectively. The proposed framework is tested

at a real-life instance from Nice, France. The results suggest that flexibility can

increase the profit by 10% and reduce the number of relocation personnel by 80%.

Lai et al. (2022) considered a rolling horizon approach optimization model in

which the alternative routes to the newcomer users are provided at each time

interval. In the proposed model, each vehicle is tracked separately. A time-space

network model similar to the one given in Section (3.4.1) is proposed with battery

feasibility consideration of each vehicle. Each arc on the system is associated with

a be value representing the change in battery level (if the vehicle is being charged,

be ≥ 0; if the vehicle is in use, be < 0). Battery consumption/charging is controlled

by constraints (3.9) limiting the state-of-charge (SoC) level of vehicle h at time t.

Notice that the continuous decision variables SOCht indicate the state-of-charge

of vehicle h at time t and binary decision variables zhe show whether the vehicle

h passes through arc e. Since the model is computationally expensive, an iterated

local search algorithm is proposed for large-size problems.

SoCh,t ≤ SoCh,t−1 +
∑
e

be z
h
e ∀h, t (3.9)

Wang et al. (2022) considered a one-way carsharing and bike sharing joint

system where the users are asked to reach adjacent stations by bike when there

are no available EVs at stations. The first step of the proposed framework is

to establish the over-supplied or under-supplied stations. Then, by a greedy

heuristic, user-based relocations from over to under-supplied stations are assigned

regardless of the SOC levels. Next, SOC levels of the assigned vehicles are

monitored. In case of battery infeasibility, the system is updated, and new
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assignments are made. Please note that the system may still face a supply-demand

imbalance; therefore, there may be rejected users. Through a MILP, the user-based

relocation cost and customer dissatisfaction are minimized at this stage. Finally,

the number of user-based relocations is provided to a separate MILP to balance

the bike supply-demand at the stations.

Fanti et al. (2022) proposed a system where the users are notified through an

IT application, stating the set of vehicles to be relocated, which results in a free

ride or rewards. Two integer programming models are developed to minimize the

relocation cost in the system. The first one considers only the relocations done by

operators, whereas the second allows the company to crowdsource relocations.

Although the proposed models focus on relocation activities at the end of the

operations (i.e. electric vehicle relocation problem, aka E-VREP), the personnel

schedule is not considered. Battery feasibility is controlled by simple constraints

stating that vehicle k cannot traverse arc (j, l) if the initial SoC level of k cannot

cover the battery level requirement of arc (j, l). A randomized metaheuristic

algorithm is proposed where limitations on the number of vehicles at stations are

relaxed.
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Table 3.6: Summary of optimization focused user-based studies

Study Carsharing Type Relocation Type Flexibility Definition Acceptance Probabil-
ity

Aim of the Study Methods Used

Ströhle et al.
(2019)

Round-trip User-based temporal postponement
and spatial flexibility
(origin=destination)

No Minimize the number of vehicles in a
round trip system by providing user-
flexibility
Minimize the cost associated with flexibil-
ity.

MILP, Survey

Zou et al. (2020) One-way EV Operator-based and
user-based

Using social parking lots No Station location MILP

Zhang et al.
(2022)

One-way User-based Pick-up station , start time Yes Operational level decision on the trips and discounts. MINLP

Fanti et al.
(2022)

One-way EV Crowdsourcing Crowdsourcing NA E-VREP problem, minimization of relocation cost ILP and methaheuristic algorithm

Schiffer et al.
(2021)

Free-floating User-based Spatial and temporal flexibility No Profit maximization - operational level decisions ILP and an exact algorithm based on k-disjoint
shortest path.

Boyacı and Zo-
grafos (2019)

One-way EV Operator-based and
user-based

Spatial flexibility and pick up
station

No Profit maximization - operational level decisions MILP + Clustering Model + Feasibility control
simulator

Correia et al.
(2014)

One-way User-based 3 closest stations to origin and
destination

No Maximization of daily profit MILP

Febbraro et al.
(2012)

One-way User-based Destination station Yes Minimize the rejection ratio of reservations Discrete Event Simulation and ILP

Febbraro et al.
(2019)

One-way User-based Destination station Yes Optimal drop-off locations and discount amount 2-stage optimization, MILP and MINLP with simula-
tor

Monteiro et al.
(2021)

One-way and round-
trip

User-based Spatial flexibility No maximize the number of accepted trips and minimize the highest
number of vehicles to be allocated to a station

Agent-based simulation + Multiobjective MILP

Liu et al. (2021) One-way Operator-based and
user-based

Destination station Yes Maximize the profit for operational level decisions Approximate Dynamic Programming

Wang et al.
(2022)

One-way EV User-based Spatial flexibility Yes (Not a function,
but a general ratio is
used)

Joint relocation model for vehicle and bicycle fleet distributions

Wu et al. (2022) Free-floating User-based Spatial and temporal flexibility Yes Revenue maximization MINLP

Lai et al. (2022) One-way EV User-based Spatial flexibility No Profit maximization - operational level (including charging) decisions MILP + Iterated local search heuristic algorithm

Wang et al.
(2022)

One-way EV and
bike

User-based Spatial flexibility and bikeshare
use

No User-based relocation and customer dissatisfaction cost minimization Greedy Heuristic + MILP + Genetic Algorithm
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Table 3.6 summarizes the optimization-based studies that aim to find station

location, fleet size or the vehicle/personnel routes in carsharing systems with

flexible users. The studies mentioned in this section mostly prefer to avoid

adopting operator-based relocations along with user-based relocations due to

the increased model size. Although user-based relocation is a powerful tool

to balance the supply-demand distribution of vehicles, without operator-based

relocations, isolated stations may still suffer from over or under-supplied vehicles.

This is why combining user-based and operator-based approaches will bring a

more balanced vehicle distribution. As this would be computationally expensive,

effective algorithms for such systems could be a future direction. Crowdsourcing

can also be considered in a combined operator- and user-based system by adding

a stochastic component of user reliability. In cases where operator-based or user-

based displacements cannot be performed, a more robust and balanced system can

be achieved by considering crowdsourcing. Next, another possible future direction

is the inclusion of historical/predicted trip data, especially in dynamic systems

where decisions are made at each user request. Finally, reinforcement learning

might be a useful tool for incorporating user-behavioural modelling.

3.4.3 Pricing

This section presents studies that use prices to manage vehicle stock at stations.

Trip pricing differs from user-based relocation in the sense that user-based re-

location treats each trip request individually and provides incentives for certain

trip requests. In contrast, in trip pricing, certain routes are promoted with

differentiated prices, which influence the travel decisions and overall demand in

the system.

Jorge et al. (2015) proposed a mixed integer nonlinear programming model to

find prices of routes that maximizes the daily profit. The demand for a given

reference price is assumed to be known. A price-demand relation is established

by taking a fixed value of price elasticity. The proposed model does not consider
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relocation activities. Instead, vehicle supply-demand balance is achieved by

varying the demand on these routes through the route prices. An iterative local

search algorithm is proposed to solve the nonlinear model. The algorithm has been

tested on a dataset from Lisbon. The results show that trip pricing is a powerful

tool for achieving a profitable system. Ren et al. (2019) integrated the pricing

problem with the decisions on selling the energy back to the grid (i.e. vehicle-

to-grid electricity selling). They assumed a similar elastic behaviour function

proposed in Jorge et al. (2015).

Unlike Jorge et al. (2015), Xu et al. (2018) considered a nonlinear logit-based

elastic demand function to better represent the existing demand elasticity in real

systems. The elastic demand function f for price p is given by the Equation (3.10)

f(ptgij ) =


⌊
Dtg

jl e
−θtgjl p

tg
jl

⌋
, 0 ≤ ptgjl ≤

lnDtg
jl

θtgjl

0 , otherwise
∀j, l, t, g (3.10)

where Dtg
jl denotes the maximum number of group g users that travel from

station j to l at time t with similar battery and time requirements. θ is the degree of

demand variation. The authors proposed a mixed integer nonlinear programming

(MINLP) model to maximize the profit while deciding on the pricing, vehicle fleet

and personnel movements. A mixed integer convex programming is developed as

a solution algorithm.

A similar demand function is discussed in Huang et al. (2020b), which com-

pares operator-based and user-based (trip-based and station-based pricing) meth-

ods in a one-way electric carsharing system. All three schemes mentioned are

modelled as MINLP models with varying demand elasticity functions. The price

values in the elasticity functions are taken as fixed, similar pricing variables to

ptgjl in 3.10 and a pricing function based on the rates for trips leaving/arriving

at the stations for operator-based, trip-based pricing, and station-based pricing

schemes, respectively. ϵ-optimal and iterated local search algorithms are applied

to the rolling horizon approach as solution methods. Results show that all three
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schemes perform well in balancing the demand. The trip-based pricing scheme is

more flexible than the station-based pricing scheme.

Huang et al. (2021) proposed a mixed integer nonlinear programming model to

maximize the expected daily profit considering demand variations over the days

and aimed to find the vehicle fleet size and prices on the routes. They used a

similar elastic demand function to Xu et al. (2018) with a demand uncertainty

associated with the daily demand variations. One distinct difference between

Huang et al. (2021) and Xu et al. (2018) is that the former considers customers’

changing stations when no vehicle is present at the origin station. Note that in

Huang et al. (2021), even though the customer is diverted to a station that is not

initially the trip’s origin, the prices are not changed accordingly.

Jiao et al. (2020) studied pricing problem with EV fleet. Instead of using price-

elasticity functions of the demand, they have employed a similar approach, service

adoption rate. The service adoption rate is a probability function based on the

customers’ willingness to pay for the service. If the customers’ expected price

for the service is higher than what is offered, they accept the service. The study

proposes a MINLP to solve the profit maximization problem considering service

adoption rates and fully charged vehicles.

Pantuso (2022) proposed a mixed integer two-stage stochastic program in

which relocation and pricing decisions are made. It is assumed that along with a

minute-based base pricing , each route between any station pair (j, l) is associated

with a drop-off fee that is determined before the beginning of each time period (i.e.

1 hour, morning-afternoon-evening periods). The company’s pricing decisions

are made under the assumption that a customer can have a set of options for

travelling the target route, including public transportation. Each element in the

option set yields a utility to the customer, among which he chooses the item with

the highest utility. The model’s stochasticity stems from the utility function’s

unknown components. The model is solved by the L-Shaped method and applied

to the data set from Milan.
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Similar to Pantuso (2022), Lu et al. (2021) studied pricing problem under

different transport modes. However, instead of having multiple options to choose

over carsharing, in Lu et al. (2021), users only have a private vehicle option

assuming each user in the system owns one. In the study, a bilevel optimization

model is proposed to find i) the fleet size, prices and relocations at the upper level

and ii) users’ private vehicle or carsharing travel modes. The bi-level model is

transformed into a single-level model using the Karush-Kuhn-Tucker conditions

and solved using a genetic algorithm.

Most pricing studies consider that users either agree on the price or quit the

carsharing transport mode. Wang et al. (2021a), Wang et al. (2021b), and Wang

and Ma (2019) considered that neighbouring stations’ demand is correlated, and

therefore, there is a need to consider demand shift between stations rather than

assuming that demand would disappear.

Wang et al. (2021a) proposed a pricing study on incentives and surcharges

applied to stations. The proposed two-level approach is concerned with carsharing

transport mode selection probability in the first level, and departure/arrival

station selection probability in the second level, given the origin and destination

locations. A two-level nested model and a simulated annealing-based heuristic

approach are presented.

Wang et al. (2021b) has integrated user-based relocations into pricing decision

study, considering users’ waiting, cancelling or shifting the demand. By conduct-

ing a survey, the price elasticity function is obtained. The proposed multi-objective

optimization model aims to maximize the daily profit and minimize the failure rate

(trip cancellation or alterations).

Wang and Ma (2019) also investigated the effects of station-based incentiviza-

tion (or penalties) on demand. The authors developed a quadratic program which

aims to keep the vehicle stock at the stations within a certain range and to find the

pricing schemes for the stations.

Soppert et al. (2022) proposed a model that differentiates pricing based on the
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origin station and start time of the trip request. The assumption of origin-based

pricing is consistent with practice, as most real-world systems do not require

destination station to be specified. Similar to Monteiro et al. (2021), additional

constraints are added to the model to ensure that trip requests are accepted when

vehicles are available at the stations. Note that this is not considered in the rest of

the relevant literature. It is generally assumed that the model can reject the trip

request for more profitable future requests. The proposed model is proven to be

NP-hard and solved through an approximate dynamic programming method.

Marecek et al. (2016) was considered a dynamic pricing scheme where prices

are partially differentiated based on the distance to the closest parked vehicles

in a free-floating system. It is aimed to have a system of evenly spread vehicles

by charging more when there are vehicles in the vicinity. By defining an

”inconvenience” function based on the distances to the surrounding vehicles, the

cost of not capturing demand elsewhere is calculated.

Wu et al. (2021) provided a dynamic programming model for pricing and

relocation problem in one-way EV systems facing random demand and electricity

cost. An Input Convex Neural Network method has been proposed to solve the

problem.

Lastly, Yang et al. (2022) considered pricing in the carsharing market where

multiple carsharing companies operate. A multi-leader-follower model is pro-

posed to maximize companies’ (leaders) profit values and minimize the users’

(followers) disutility (i.e. combination of price, total time, discomfort and pos-

sibility of rejection). Nash equilibrium and Stackelberg equilibrium are considered

at the upper level among the companies and between the two levels at the bi-level

model, respectively.

Table 3.7 provides a list of the studies that focus on optimization-based pricing

in carsharing systems. Unlike user-based relocations, pricing studies are suitable

for creating decision support systems for long-term strategic decisions such as

location selection. However, there is not a sufficient number of studies that focus
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Table 3.7: Summary of optimization focused pricing studies

Study Carsharing
Type

Personnel
Movements

Demand Func-
tion

Aim of the Study Methods Used

Jorge et al.
(2015)

One-way No Fixed price elas-
ticity value

Maximizing total daily profit MINLP, Iterated Local
Search

Ren et al.
(2019)

One-way
EV

No Simple elastic
behavior,
similar to Jorge
et al. (2015)

Profit maximization including
profit generated from vehicle-
grid integration services

MILP

Xu et al.
(2018)

One-way
EV

Yes Logit-based
elastic demand
function

Profit maximization by finding
EV fleet size, trip price, person-
nel schedule

MINLP, outer approxi-
mation algorithm

Huang et al.
(2020b)

One-way
EV

Comparison
of with and
without +
pricing

Logit-based
elastic demand
function

Comparison of systems with
operator-based relocation and
pricing-based balancing

MINLP, rolling horizon,
ϵ-optimal and iterated
local search algorithm

Huang et al.
(2021)

One-way Yes Logit-based
elastic demand
function

Long term pricing strategy MILNP, two-
stage stochastic
programming, Gradient
search algorithm

Jiao et al.
(2020)

One-way
EV

Yes Service
adoption rate

Profit maximization MINLP, outer approxi-
mation algorithm

Pantuso
(2022)

One-way Yes Demand based
on utility value

Joint decisions on pricing and
relocation activities

Two-stage stochastic IP,
L-Shaped Method

Lu et al.
(2021)

One-way Yes Logit-based
elastic demand
function

Joint decisions on pricing and
relocation activities in carshar-
ing considering private car op-
tion

Bilevel nonlinear math-
ematical model, genetic
algorithm

Wang et al.
(2021a)

One-way No Generalized
nested logit

Profit maximization through
differentiated pricing on
stations

A two-level nested logit
model

Wang et al.
(2021b)

One-way
EV

No Survey-based
demand
function

Profit maximization and failure
rate minimization

Back propagation
neural network
prediction, a multi
objective MINLP

Wang and
Ma (2019)

One-way No Similar to
Waserhole and
Jost (2016), S
curve, reverse
logistic function

Pricing approach to keep the
vehicle stock at certain level

Quadratic
programming

Soppert
et al. (2022)

One-way No Based demand
times origin-
dest-time
specific
sensitivity
factor

Profit maximization considering
origin-based differentiated pric-
ing

MILP, approximate dy-
namic programming

Marecek
et al. (2016)

Free-
floating

No NA To achieve a geographically well
distributed system

Yang et al.
(2022)

One-way Yes Logit-based
elastic demand
function

Pricing and relocation decisions
of competitor carsharing com-
panies

Multi-leader-follower
model

Wu et al.
(2021)

One-way
EV

Yes Linear demand
curve

Pricing and relocation decisions
under demand quantity and
electricity cost uncertainty

Dynamic programming
model, Input Convex
Neural Network
method
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on station location considering long-term pricing mechanisms. A very fruitful

future direction would be aiming for station locations while considering the

customer flows that stem from the cancelled station locations to the other stations.

Clearly, this type of problem can be enhanced with charger location decisions.

Next, logit-based behavioural modelling can be implemented in vehicle-to-grid

studies, with further consideration of operator-based relocations.

Another future study direction is the pricing decisions of companies that

involve more than one transportation system (such as carsharing and bike-sharing

systems together). The route between any station pair can be covered by i)

carsharing directly, ii) carsharing + alternative transportation system. Consumer

behaviour can be analysed to understand the flow that chooses each pattern

and modelled into the pricing decisions. One of the most important problems

of optimization-based approaches is providing effective algorithms in terms

of computational time and objective function. This is why effective heuristic

algorithm studies will remain as future studies.

3.5 Concluding remarks

As carsharing systems are gaining importance as a sustainable urban transport

mode and reaching more people, the operations in these systems are tempting

researchers, especially from the operational research community. Clearly, rebal-

ancing the vehicle stock across the stations is one aspect that makes these systems

challenging to design. Therefore, the studies involving carsharing systems with

imbalanced demand (in other words, one-way and free-floating) constitute 66% of

the related literature Remane et al. (2016).

There are three ways to achieve a balanced system in carsharing, namely

operator-based relocation, user-based relocation and pricing. This study focuses

on the latter two, providing a categorization and summary. The previous

sections have summarized the user-based and pricing studies regarding carsharing
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operations. Specifically, we have analysed the studies that have conducted surveys

to understand customer travel behaviour when incentives and differentiated

pricing are applied. Next, we provided a comprehensive review of data analytics

application areas related to both pricing and user-based relocation. To explain

in more detail, in the data analytics part of this study, we examined the effect

of rule-based studies on the system’s profitability, simulation-based studies, and

region-determination studies in pricing. Finally, we provide an in-depth review of

optimization-based studies. Even though this part could be reviewed under the

data analytics umbrella term, it is also suitable to examine in a separate section

since 52% of the related literature falls into this category.

Based on the review we conducted, we have highlighted several research gaps

to shed light on the possible future research directions in each section. Here we

provide more general research directions that could be implemented in many of

the sections reviewed in this study.

(i) Use of pricing and user-based relocation decisions together: Although

certain studies used pricing and user-based decisions through optimization-

focused approaches, agent-based simulation studies could implement data

arrival processes by pricing strategies and still divert the necessary flow by

rule-based user-based relocations.

(ii) Mixed fleet use: Users have different attitudes towards different vehicle

types. Carsharing companies often offer different sizes/brands of vehicles

to their users. Each vehicle is mainly associated with a minute-based price

dependent on vehicle purchasing and gasoline costs (or electricity costs).

This price calculation can be enhanced by user-behavioural modelling and

demand balancing purposes.

(iii) Consideration of different transport modes: The availability of different

transport modes in the vicinity of the stations affects the demand distribution

of the carsharing systems. Survey-based user behaviour analysis can show

possible positive/negative effects of available transport modes. Alterna-
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tively, pricing or user-based incentive calculation studies may consider in-

corporating collaborations with public transport services, such as providing

a free or discounted ticket with coupon to public transport to the vehicles

parked close to railway/subway stations.

(iv) Incentive calculations in different fleet types: The majority of the literature

in the pricing/user-based relocation studies focuses on non-autonomous

vehicles. One possible future direction is pricing and incentive calculations

considering autonomous vehicles. Such vehicles do not require a driver and

position themselves automatically. By providing safety separators inside the

vehicle, more than one customer may be served at a time, which results in

new research areas to explore. In stackable fleet systems, more than one

vehicle can be driven to a desired station for balancing purposes. Although

rule-based studies are already conducted considering stackable fleets, there

is no optimization-based pricing study that deals with 1) operations of the

vehicles, 2) charging decisions of the vehicle train.
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Chapter 4

User-based relocations in one-way

carsharing systems with

consideration of flexible demands

with user acceptance probabilities

Abstract

One-way carsharing systems allow users to leave vehicles at stations that
are not necessarily the same as the pick-up stations. Due to the demand
asymmetricities, one-way carsharing systems experience vehicle supply and
trip demand imbalances at stations during their operations. Carsharing
companies often hire personnel to relocate vehicles to restore the vehicle
supply-demand among the stations. These relocation operations constitute
a significant portion of the operational costs. One other way to reduce vehicle
imbalance in the system is by interfering with the vehicle configuration at the
stations by providing alternative routes to the users.

In this study, we present a reservation-decision framework to determine the
alternative routes and incentive amounts to be offered to the users. At
each trip request, the system either offers a route (including the original
request) to the user or rejects the user considering the probability of the
user’s acceptance and rejection rates. We propose a mixed integer linear
programming model to determine the offer that maximize the expected
profit while considering the acceptance probabilities of the offers. Since
the proposed MILP is computationally intractable, we present two heuristic
algorithms that reduce the number of created relocation variables. The first
one creates all relocation variables based on the need for the vehicles or
parking spots. The second heuristic creates relocation variables based on a
graph-spanner-based network. We have tested both of the algorithms using
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real-world data from Nice, France. The results show that both of the proposed
heuristics work well compared to the MILP model. Our analysis indicates that
systems using both of the operator and user-based relocation types at the same
time will yield a noteworthy increase in profit.

keywords : One-way carsharing, user-based relocation, imbalanced demand,
spatial and temporal flexibility, consumer behaviour, incentives

4.1 Introduction

The sharing economy is gaining significant importance in people’s daily lives,

from transport to video streaming. It is expected to reach a value of $335 billion

by 2025 (Bothun et al., 2015). Two key drivers of the rapid expansion of the

sharing economy are changing consumer behaviour and mobile/electronic devices

(Puschmann and Alt, 2016). These key drivers are also the motives behind the

growth in carsharing, a sector in the sharing economy.

Carsharing is a car rental system that provides temporary access to a fleet of

vehicles. Just as the sharing economy focuses on underutilized assets to increase

sustainability (Hossain, 2020), carsharing systems help to build sustainable urban

mobility by increasing vehicle usage time and providing effective use of vehicles.

Carsharing systems reduce car ownership’s adverse effects, such as pollution,

traffic congestion, and excessive energy consumption. Furthermore, these systems

provide the comfort of private vehicle use to its users without owning one.

They provide an economically viable transportation mode compared to owning

a vehicle that is driven less than 6,000 miles/year on the average (Litman, 2000).

As of 2018, the number of vehicles and registered users have reached to 198.4k and

31.8 million, respectively (Shaheen and Cohen, 2020).

Carsharing systems can be categorized into two systems depending on the

drop-off stations. The first category, round trip systems, requires the users to

complete their trip at the origin station. The second category, one-way systems,

allows users to park at any station (station-based one-way systems) or anywhere

specified by the company (free-floating systems). Since one-way systems can
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attract more people compared to round trip systems, the market share of one-way

systems is increasing. The number of registered users in one-way systems has

boosted by 238% in only two years (from 2016 to 2018) and accounted for almost

50% of the overall membership in the industry. The fleets deployed in one-way

systems have also increased by 103% in order to capture the rise in the demand

(Shaheen and Cohen, 2020).

Managing the operations of one-way systems is cumbersome due to the

imbalance between vehicle supply and demand at the stations. When a vehicle

is picked up from a station, it automatically affects the vehicle and parking

availabilities at that station and destination station, respectively (Banerjee et al.,

2022). Limited vehicle supply and parking spots affect the service level. Therefore,

one-way carsharing companies often hire personnel to relocate vehicles to ensure

that vehicles are available at the right time at the right place to meet customers’

demand requests. In general, two-types of relocation activities can increase the

system’s level of service. The first is providing a vehicle to under-supplied stations

with high demand, and the second is emptying a parking spot of an over-supplied

station where the demand is low. To perform a relocation activity, personnel must

arrive at the under/oversupplied station on foot (or by using public transport,

foldable bikes, e.t.c.), and continue on their way by driving the relevant vehicle.

Due to the relocation operations performed by the operators, the system faces

higher operation costs and lessened vehicle utilization rates (Boyacı and Zografos,

2019). Lack of relocation can lead to larger fleets and, therefore, higher investment

costs. Another way to rebalance vehicle supply and demand heterogeneity is

through user involvement in the relocation operations. By incentivizing the users

to make changes in their original trip requests, the relocation cost can be reduced,

and the system’s profitability can be increased. The spatial and temporal flexibility

of the demand allows the system to rearrange the relocation needs and realign the

vehicles across time and space.

In this paper, we present a decision-framework for the operational level
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decisions at a one-way carsharing system, where spatio-temporal flexible demands

are taken into consideration.

The remainder of the paper is as follows: In Section 4.2, related literature on

user-based relocation studies is presented. Then, in Section 4.3, we introduce the

reservation-decision framework and provide a MILP to solve the decision problem

where the user-based relocation and discount values are decided. Since we work

on operational level decisions which need to be solved in a timely manner, we

introduce time-efficient heuristic algorithms in Section 4.3.2. Next, we apply the

proposed methods to a real-world system and present the results in Section 4.4.

Finally, we provide concluding remarks and future directions in Section 4.5.

4.2 Related literature

Strategic, tactical and operational decisions in carsharing systems have captured

the attention of the operational research community over the past two decades.

Readers are referred to studies Jorge and Correia (2013), Laporte et al. (2018),

Yao et al. (2022), Nansubuga and Kowalkowski (2021) for more information on

the literature related to carsharing systems. In accordance with the content of

this paper, we have limited this literature review section to a brief discussion on

operational-level decisions and a more detailed analysis on user-based relocations

where flexible demand is considered. While operational-level decisions are

concerned with personnel and vehicle schedules, studies involving user-based

relocation and flexibility work on how users’ requests are shaped and how the

associated price is calculated.

Nourinejad et al. (2015) proposed two integrated multi-travelling salesman

formulations to solve vehicle and staff relocations simultaneously. Since all

demand is assumed to be satisfied, cost minimization is applied in the model.

Boyacı et al. (2017) studied vehicle and personnel relocations at electric one-way

carsharing systems while maximizing the number of trips served and minimizing
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the relocation cost. In addition to a multi-objective MILP model, a simulator is

proposed for feasibility concerns of vehicle battery charge levels. Gambella et al.

(2018) addressed the operational level problem in one-way electric carsharing

systems and proposed a MILP that finds both personnel and vehicle schedules

while keeping track of the battery level of each vehicle. Bruglieri and Colorni

(2014) considers personnel schedule at a one-way electric carsharing system and

formulates it as a paired pick-up and delivery problem with time windows. Please

note that, Bruglieri and Colorni (2014) differs from Nourinejad et al. (2015), Boyacı

et al. (2017) and Gambella et al. (2018) in the sense that in Bruglieri and Colorni

(2014), it is assumed that vehicle routes are already known and scheduled.

User-based relocation is first introduced by Barth et al. (2004) for a carsharing

system where the vehicles can be connected via towbars (similar to stackable

vehicles). Instead of spatio-temporal flexibility in demand, trip-joining and trip-

splitting flexibility are considered. Trip-joining is offered to users who have similar

trip requests and want to move from a high-demand station to a low-demand

station. Trip-splitting is offered to multi-passenger user groups who want to travel

from low-demand stations to high-demand stations. Simulations show that with a

high user-participation rate, the number of relocations could be reduced by 42%.

Still, it would be challenging to implement such policies to large systems, as it

requires ”trust” in-between customers (Boyaci et al., 2015).

Correia et al. (2014) aimed to assess the effects of user-flexibility and informa-

tion provided to the users on the profitability in carsharing systems. They have

considered three types of scenarios where users are called inflexible (only walk to

the closest station, and pick up a vehicle if there is any), flexible (if do not find any

available vehicle at the closest, may check the next 2 closest stations) and flexible

with information (have the vehicle stock information on the closest 3 stations). By

applying the proposed system to data from Lisbon, it is suggested that flexible

users with information could increase the profit significantly.

Boyacı and Zografos (2019) investigated the effects of spatial and temporal
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flexibility in one-way electric carsharing systems. It is assumed that the users

are flexible and would accept any offer provided by the system. In the proposed

framework, first, the stations are clustered through a MILP. Then, personnel and

vehicle flows are determined by an optimization model that takes the relocation

flows from(to) clusters to(from) stations. Please note that creating relocation arcs

through clusters reduces the size of the generated variables. Finally, a simulator

module is used to detect any infeasible pattern in terms of vehicle battery level

and to feed the optimization module with additional constraints. The proposed

framework is applied to a system in Nice, France, and the results indicate that

spatial flexibility has a more substantial effect than temporal flexibility.

A recent study, Lai et al. (2022), considers a rolling horizon decision framework

for one-way electric carsharing systems where users are considered flexible and

accept alternative offers provided by the system. At each time interval (e.g. 15

minutes), the decisions are optimized with the new demand requests received. The

model tracks the battery level of each vehicle, similar to what has been proposed in

Gambella et al. (2018). In order to reduce the size of the relocation arcs, a clustering

approach is employed. For large-sized problems, a greedy heuristic algorithm is

introduced.

Another recent study, Zhang et al. (2022) considers flexibility as start time and

origin station changes for demand requests. Unlike Boyacı and Zografos (2019),

Correia et al. (2014) and Lai et al. (2022), it is considered that users might reject

the offer. Users are divided into classes with different acceptance rates of the

offers based on their demographic characteristics. In the proposed framework,

the demand is treated as a whole for the operational period (i.e. daily). Using

the acceptance/rejection probabilities of each class, a MILP model is proposed

to maximize the profit. Additionally, equity constraints are added to the model

to achieve fair offerings on any OD pairs in the system. Without fair offering

constraints, the system may serve more demand through certain stations, which

causes imbalances.
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Acceptance rates are also considered in the studies Febbraro et al. (2012)

and Febbraro et al. (2019). Acceptance rates are calculated using a binomial

logit model that depends on the discount value and the distance between the

destination stations of the original trip request and the offer. In Febbraro et al.

(2012), a discrete event simulator is designed for one-way carsharing systems. The

relocation event is optimized through a MILP, providing users with destination

offers. Although a binomial logit model is proposed to calculate the acceptance

rates of the offers, integrating the acceptance rates and corresponding discount

values to the simulator is considered in Febbraro et al. (2019). Febbraro et al. (2019)

used the same simulator, and proposed a two-stage optimization model where

the first stage is an extended model that is provided in Febbraro et al. (2012). In

the second stage, the discount value of the offer is found through a mathematical

programming model.

Different from the studies on user-based relocation mentioned earlier, Ströhle

et al. (2019) considered user-flexibility in round-trip systems. Spatial flexibility

is provided by the change so that the origin and destination stations remain

identical. An integer programming model is proposed to reduce the fleet size.

The proposed model is applied to real-world data from Germany and concluded

that spatial flexibility has a higher potential to generate additional profit compared

to temporal flexibility.

This paper addresses the operational level decision problem in one-way car-

sharing systems where users are offered alternative routes that yield a more

profitable system. The proposed framework optimizes decisions at each trip

request dynamically. At each request, there are many decisions, such as staff

schedules, vehicle schedules and trip offers, that should be made by the operator.

We aim to provide an efficient algorithm and an algorithm that offers a benchmark

for small and large-sized problems, respectively.

The contribution of this paper is two-fold;

• A new MILP model that aims to find the offer (both spatio-temporal changes
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in the original demand and the price discount) with the highest expected

profit to be presented to the user. Unlike Boyacı and Zografos (2019) and

Lai et al. (2022), we assume that users do not always accept the offer.

User acceptance rate of the offer is dependent on how much the offer

spatio-temporally differs from the original request. In order to increase the

level of service, we considered operator-based and user-based relocations

simultaneously. Even though operator-based relocations result in additional

complexity and decisions in the system, the generated profit and the number

of served customers are higher compared to systems without operator-based

relocations. Please note that in real-life systems, the operator may ask the

users to specify the time of the request as distinctive time points (e.g. 15-

minute time intervals, 14:00, 14:15, .. ) in the time horizon. However, the

related literature also treats operator-based relocations as taking actions at

these time points. In reality, relocations can start/end anytime, without

restriction. The proposed MILP manages the trips and relocations in different

time-space networks to present a more realistic representation.

• Math-heuristic algorithms that provide near-optimal solutions. We present

a novel math-heuristic approach that aims to reduce the size of the problem

without compromising solution quality. The proposed heuristic is comprised

of i) a multiplicative graph spanner and ii) shortest path edges that connect

any station pair. Instead of a direct arc, we create paths through additional

stations with a total distance always guaranteed to be below a multiplicative

constant. Please note that in reality, when an operator’s schedule is changed,

they are directed to the new arrival station without completing the previous

task. Thanks to our new heuristic, we can capture and evaluate this feature of

real-life systems by having additional stops on personnels’ movement paths

.
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4.3 Methodology

In this paper, we consider the operational level decision problem at a station-

based one-way carsharing system where the users reserve a vehicle during the

time interval the system operates (i.e. a day). Each station is assumed to have a

finite capacity of parking spots. Only stations are allowed to be used for parking

purposes. Operational time is discretized into |T | equal-length time intervals.

Ttrip ∈ T denotes the time interval set where users are allowed to pick up or drop

off a vehicle. This assumption is consistent with the real-world systems where

users are required to select the start/end time of their trips from a drop-down

menu. For any trip request i ∈ I , users need to identify origin-destination stations,

start and end times of the trip. Each trip i ∈ I is represented by a tuple (origin(i),

destination(i), start(i), end(i), booking(i)), where start(i), end(i) ∈ Ttrip . Booking

time of trip i (booking(i)) is recorded by the system and coupled with i. Note that,

booking(i) is not necessarily an element of the set Ttrip. At the beginning of each

day, it is assumed that a fixed number of vehicles are positioned at each station.

Each trip has an associated price which is dependent on the trip distance. Except

for the trips, the vehicles can only be moved for relocation operations by dedicated

personnel. Each vehicle can be only in one state at each time interval; waiting at

a station, under relocation or serving a trip request. Personnel can also be in one

of the three states: waiting at a station, moving from a station to another station to

reach a vehicle, driving a vehicle for relocation.

The flowchart of the decision process in the reservation system is illustrated in

Figure 4.1. First, the users enter the system individually. Upon entering, each user

specifies the desired trip request. For each trip request i∗, a set of neighboring

offers (N∗
i ) is formed. In the framework, the optimization module finds the

offer i and discount value that generates the highest expected profit considering

acceptance and rejection rates. The initial trip request i∗ is an element of N∗
i , and

optimization module includes i∗ with a discount value of zero. Note that with
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Trip is added to the
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User enters the details of the
journey 

system time =
booking time

Figure 4.1: Flowchart of proposed reservation system

each trip request, the system optimizes future events such as where and when to

relocate vehicles, where and when to make personnel move and drive while at the

same time ensuring that the accepted trips are realized in the future.

4.3.1 Mathematical model

In the optimization module, a MILP is employed to find the offer and its associated

discount value that maximizes the expected profit. In the next section, we present

the parameters and variables used in the model and the model formulation. At

each iteration, the model takes the output of the previous iteration and uses it as a

parameter for the upcoming iteration.

We provide the mathematical model of a single iteration, where the user makes

a request of trip i∗ .

4.3.1.1 Sets and indices

i ∈ I trips/offers

Ni∗ Neighbouring offer set for request i∗
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ATL accepted trip list

j, l ∈ J nodes (stations)

t ∈ T time intervals

Titer time intervals for the upcoming iteration, Titer = {t ∈ T |t > booking(i∗)}

Ttrip time intervals that trips can start/end, TTrip ⊂ Titer

q ∈ Q discount value for the counter offer

ORL ongoing relocation list

OWL ongoing personnels’ movement relocation list

ODL ongoing personnels’ driving relocation list

4.3.1.2 Parameters

origin(i)/destination(i) origin/destination station of trip/offer i

start(i)/end(i) start/end time interval of trip/offer i, start(i), end(i) ∈ Ttrip

booking(i) booking time interval of trip i, booking(i) ∈ T

Priq acceptance probability of offer i with discount value q

TP i price of trip i, i ∈ ATL ∪ {i∗}

V Cjl vehicle relocation cost from station j to station l

MCjl personnel moving cost from station j to station l

DCjl personnel driving cost from station j to station l

DDjl driving distance between stations j to l in time intervals

WDjl walking distance between stations j to l in time intervals

IV j number of vehicles available at station j at the beginning of time interval

booking(i∗)

IP j number of personnel available at station j at the beginning of time

interval booking(i∗)

LastPr profit value found from the last iteration

RCi∗ realized vehicle relocation, personnel driving and movement cost at

booking(i∗)

CapV vehicle capacity

Ai ongoing and accepted trip flows

Bt
jl ongoing vehicle relocation flows from station j to l at the beginning of

time interval booking(i∗)

Ct
jl ongoing personnel movement relocation flows from station j to l at the

beginning of time interval booking(i∗)
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Dt
jl ongoing personnel driving relocation flows from station j to l at the

beginning of time interval booking(i∗)

4.3.1.3 Variables

xiq binary variable, takes value 1, if neighbouring trip i with discount value q is

offered to the user; 0, otherwise

rtjl number of vehicles relocated from station j to l starting at time interval t

dtj number of vehicles that are waiting at station j starting at time interval t

wt
j number of personnel that are waiting at station j starting at time interval t

ut
jl number of personnel that are moving from station j to l starting at time interval

t

ūt
jl number of personnel that are driving (or being driven in) a vehicle from station

j to l starting at time interval t

4.3.1.4 Mathematical model that provides the most profitable offer at each

iteration

max
∑

i∈Ni∗ ,q

[
xiq

[
Priq

(
(TPi∗ − q)−

∑
j,l,t

(
VCjl r

t
jl + MCjl u

t
jl + DCjl ū

t
jl

)
+

∑
i∈ATL

TPi − RCi∗

)
+ (1− Priq)LastPr

]]
(4.1)

subject to

∑
(i∈ATL):
Dest(i)=j
End(i)=t

Ai +
∑

((l,j,t−DDlj)∈ORL)

B
t−DDlj

lj +
∑
l

r
t−DDlj

lj +
∑

(q,i∈Ni∗):
Dest(i)=j
End(i)=t

xiq + dt−1
j =

∑
(i∈ATL):

Origin(i)=j
Start(i)=t

Ai +
∑
l

rtjl +
∑

(q,i∈Ni∗):
Origin(i)=j
Start(i)=t

xiq + dtj ∀j, t ∈ Ttrip

(4.2)
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∑
l

r
t−DDlj

lj + dt−1
j +

∑
((l,j,t−DDlj)∈ORL)

B
t−DDlj

lj =
∑
l

rtjl + dtj ∀j, t ∈ Titer − Ttrip (4.3)

dtj ≤ CapSj ∀j, t ∈ Titer (4.4)

∑
(q,i∈Ni∗)

xiq ≤ 1 (4.5)

∑
l

u
(t−WDlj)
lj +

∑
l

ū
(t−DDlj)
lj +

∑
((l,j,t−WDlj)∈OWL)

C
t−WDlj

lj

+
∑

((l,j,t−DDlj)∈ODL)

D
t−DDlj

lj + wt−1
j =

∑
l

ut
jl +

∑
l

ūt
jl + wt

j ∀j, t ∈ Titer (4.6)

rtjl ≤ ūt
jl ≤ CapV rtjl ∀j, l, t ∈ Titer (4.7)

d
booking(i∗)
j = IVj ∀j (4.8)

w
booking(i∗)
j = IPj ∀j (4.9)

xiq ∈ {0, 1} ∀q ∈ P, i ∈ Ni∗ (4.10)

rtjl, d
t
j , w

t
j , u

t
jl, ū

t
jl ∈ Z+ ∪ {0} ∀j, l, t ∈ Titer (4.11)

Objective function (4.1) maximizes the expected profit value over the neigh-

bouring offers for the trip request i∗. The objective function gives the expected

profit value of the system when the selected offer is made to the user. The

component that calculates the profit when the user accepts the selected offer is the

summation of the revenue of the offer and realized profit (revenue coming from

accepted trips minus realized cost) minus the future costs found in this iteration

(vehicle relocation and personnel cost). If the user does not accept the offer, the

last iteration’s profit remains the same. Note that realized profit and last iteration’s
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profit are not the same since the last iteration’s profit includes future costs found

at the previous iteration.

Constraints (4.2) and (4.3) are the flow balance constraints for the vehicles for

the time intervals in which trips are allowed and not allowed, respectively.

Station j
time interval t-1 time interval t time interval t+1

Ongoing relocations ending at
the beginning of time interval t

Relocations found at this iteration,
ending at the beginning of

the time interval t

Vehicles moving because of relocations

Relocations found at this iteration,
starting at the end of

the time interval t

vehicles waiting
during time interval t-1

vehicles waiting
during time interval t

Vehicles wait at stations

Possible neighboring trip that end
at the beginning of the time interval t

Vehicles moving because of trips

Already accepted trips that end
at the beginning of the time interval t

Possible neighboring trip that start
at the end of the time interval t

Already accepted trips that start
at the end of the time interval t

Figure 4.2: Flow diagram of vehicles at station j at time interval t

The flow diagram of the vehicles at station j at time interval t is illustrated

in Figure 4.2. The figure shows the vehicle flow relationship of Constraints

(4.2) where t ∈ Ttrip. It can also provide the vehicle flows pointed out in

Constraints (4.3) for the time intervals t ∈ Titer by removing the trip arcs, i.e.

red arcs given in the figure. Constraints (4.4) ensure that the vehicles parked at

a station cannot exceed the station’s capacity. Constraint (4.5) is to offer at most

one trip to the user. Constraints (4.6) are similar to Constraints (4.2) and (4.3),

ensuring the personnel flow balance in the network. For constraints (4.2), (4.3)

and (4.6), the vehicles/personnel that appear on the network due to the ongoing

events at time booking(i∗) are included in the model. Constraints (4.7) guarantee

that each relocation is done by a personnel, and the number of personnel on a

relocation route is bounded by the vehicle seater capacity of the vehicles on that

arc. Constraints (4.8) and (4.9) state the number of vehicles and personnel waiting

at station j at the beginning of the iteration, respectively.
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Multiplication of variables in the objective function (4.1) makes the model

nonlinear. In order to linearize the objective function, we introduce variables:

yiq ; denoting the expected profit if trip i ∈ N∗
i is offered to the customer with price

q, 0 otherwise.

Then the model is replaced by ;

max
∑

i∈Ni∗ ,q

yiq (4.12)

subject to

yiq ≤ Priq
(
(TPi∗ − q)xiq −

∑
j,l,t

(
VCjl r

t
jl + MCjl u

t
jl + DCjl ū

t
jl

)
+

∑
i∈ATL TRi − RCi∗

)
+ (1− Priq)LastPr ∀q ∈ P, i ∈ Ni∗

(4.13)

yiq ≤M xiq ∀q ∈ P, i ∈ Ni∗

(4.14)

(4.2), (4.3), (4.4), (4.5), (4.6), (4.7), (4.8), (4.9), (4.10), (4.11)

yiq ∈ R ∀q ∈ P, i ∈ Ni∗

(4.15)

Objective function (4.12) is equivalent of (4.1) when Constraints (4.13) and

(4.14) are included in the model. Note that constraints (4.13) define the variable

yiq, and constraints (4.14) limit yiq to have at most one value greater than zero.

4.3.1.5 Probability function

In this study, each user individually decides to accept or reject the offer provided

by the system. For a user n, selecting from the choice set Cn = {a, b} where a

and b denotes accepting and rejecting the offer, respectively, the probability of
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choosing to accept the offer is Pn(a) = 1 − Pn(b). There are many factors that

influence the user’s decision to accept the offer, such as distance to the original

travel request, discount amount, weather, road conditions, demographic profile

of the user. The relation between binary responses (a, b) and explanatory variables

(affecting factors) can be defined by binomial logit functions (Trueck and Svetlozar,

2009). In binomial logit functions, probability Pn(a) is equal to the value of the

logistic function of linear combination of the explanatory variables;

Pn(a) = 1

/(
1 + e−(β0+β1α1+β2α2+...+βkαk)

)
(4.16)

where βi and αi ∀0 ≤ i ≤ k denotes the regression coefficients and explanatory

variables, respectively.

In our study, we consider the decision affecting factors as the discount value

and the spatio-temporal distance to the original travel demand. We propose the

probability of user n with an initial trip request i∗ accepting the provided offer i

with a discount value q is given by Eq.(4.16) where k=5, α1 = WDorigin(i∗),origin(i),

α2 = WDdest(i∗),dest(i), α3 = |start(i∗) − start(i)|, α4 = |end(i∗) − end(i)|, and

α5 = q. Please note that the model provided in Section 4.3.1.4 takes Piq values as

parameters provided (calculated) before the relevant iteration. When the system is

put into use sufficiently long enough, data gathered through customer preferences

can be used to determine βi values.

4.3.2 Heuristic Approach 1: Relocation Restriction

The mathematical model provided in Section 4.3.1.4 is computationally intractable

due to the number of movement, driving relocation variables of personnel and

relocation variables of vehicles created at each iteration. Providing a time-efficient

algorithm with a high-quality solution is crucial in operational-level problems.

In order to reduce the size of the relocation variables created, we adopt the

”Relocation Restriction” heuristic proposed in Bekli et al. (2021) to our study.
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Instead of creating all the relocation arcs for any station pair and time interval,

the relocation restriction heuristic focuses on the relocation needs in the system,

and creates relocation arcs accordingly. These created arcs either bring a vehicle

to a trip’s origin station at the start time of the trip (or within a certain time gap)

or empty a spot of the destination station of the trip at the end-time (or within a

certain time gap). The heuristic algorithm does not create movement relocation

arcs of personnel since the study Bekli et al. (2021) does not consider personnel

schedules. This is why, in our study, we adapt the mentioned heuristic algorithm

by creating arcs for movement relocation variables.

The pseudo code for the relocation restriction algorithm is presented in Algo-

rithm (1) where V R, PD and PW sets denote vehicle relocation, personnel driving,

and personnel movement arcs with tuple (node, node, time).

Algorithm 1 Relocation Restriction Heuristic
Result: VR, PD, PW

V R, PD,PW ← ∅

foreach i ∈ Ni∗ do

for m← 0 to timegap do

foreach j ̸= origin(i) do
Create arc (j, origin(i), start(i)-timegap)

VR← VR ∪ {arc} ▷ vehicle relocation arcs

PD← PD ∪ {arc} ▷ personnel driving arcs

foreach l ̸= j do
Create arc2 (l, j, start(i)-timegap - WDlj)

PW← PW ∪ {arc2} ▷ personnel movement arcs

end

end

end

end
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VR, PD, PW inserted to the model proposed in Section 4.3.1.4 such that rtjl, u
t
jl,

ūt
jl are defined for (j, l, t) ∈ V R, PD,PW , respectively.

4.3.3 Heuristic Approach 2: Graph spanner based heuristic algo-

rithm

In the carsharing literature, it is assumed that once activities begin, they will

necessarily end. This assumption does not match reality, considering the long

duration of personnel’s movement paths. Each new trip request might alter

the schedule of the vehicles/personnel. By taking into account the live location

of personnel (and/or vehicle), the previous schedule might be cancelled, and a

new route is generated. The carsharing literature disregards this cost-reduction

action and assumes that any personnel (and/or vehicle) would follow the given

schedule until the ongoing action is completed. In this section, we provide an

algorithm to investigate the effects of interrupting necessary movement paths to

have a more profitable system. To be able to do that, we propose combining the

Relocation Restriction algorithm with generating movement arcs by employing

graph spanners.

A graph spanner is defined as a connected subgraph in a graph G, where the

shortest path between any given nodes (a, b), spab, is within a certain error range

(additively, or multiplicatively) (Ahmed et al., 2020). For given t and β values, and

directab denoting the edge distance of nodes a and b, the inequalities (17) or (18)

must hold based on the types of the graph spanner.

spab ≤ t× directab ∀a, b (for multiplicative, i.e. t-spanner) (4.17)

spab ≤ directab + β ∀a, b (for additive) (4.18)

The additive method might produce shortest paths with a high per cent error

rate for node pairs with short direct distances. Therefore, the Relocation Restriction
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algorithm is combined with a multiplicative graph spanner.

In the proposed algorithm, we assume that personnel at node j is reachable

from any node l, but the path between j and l does not need to be the direct edge

(j, l), it could span multiple edges (i.e. connected graph). This algorithm aims to

provide edges to the graph that generates a connected graph while keeping the

distortion in the path length within a certain range. By this method, we create

personnel’s movement relocation paths that are geographically close to the direct

paths for any node pair and still have stops along the way to provide flexibility

in adopting upcoming schedules. This is why, we propose to create the connected

graph by graph spanners.

t=3 t=4 t=5 t=6 t=7 t=8 t=9 t=10 t=11

stn 1

stn 2

stn 3

stn 4

t=12t=2t=1t=0

Possible driving relocation arcs

Possible Trip Arc

t=13 t=14 t=15 t=16 t=17 t=18 t=19

Possible walking relocation arcs

t=3 t=4 t=5 t=6 t=7 t=8 t=9 t=10 t=11

stn 1

stn 2

stn 3

stn 4

t=12t=2t=1t=0

Possible driving relocation arcs

Possible Trip Arc

t=13 t=14 t=15 t=16 t=17 t=18

stn 5 stn 5

Possible walking relocation arcs

A B

Figure 4.3: Illustration of Relocation Restriction (A) and Graph Spanner Based
heuristics (B)

Figure 4.3 illustrates both of the heuristic approaches presented in this study. In

Figure 4.3, a trip is requested by a customer. Out of many neighbouring trips in the

neighbouring trip request set, only one possible trip arc from Station 1 to Station

2, starting at t=12 and ending at the beginning of t=18 has been shown. In order

to provide a vehicle to station 1 either at t=11 or t=12, possible relocation arcs are

created serving from Station 2, 3, 4 and 5. To demonstrate the possible movement

arcs created, we only consider the relocation arc from Station 3 to Station 1 starting

at t=9. The relocation restriction algorithm creates all the direct arcs to Station 3

at time 9 from all the other stations. However, the graph spanner-based heuristic

algorithm considers personnel movement through a set of stations to arrive at a

station with a vehicle. For instance, instead of moving directly from Station 2 to

122



Station 3, the operator will start from Station 2, then move through Stations 4 and

5, and arrive at Station 3. The graph spanner-based heuristic algorithm ensures

that the journey from Station 2 to Station 3 is at most t times higher than the direct

edge between Station 2 and 3.

We adopted the greedy algorithm proposed in Althöfer et al. (1993) to form the

graph spanner. During our tests, providing a warm start of Voronoi graphs yielded

graphs spanners with fewer edges. To form a t-spanner graph G with vertice set

V and edge set E, G = (V,E), first, a connected voronoi graph G′ = (V,Ev) is

provided. Let Evl denote the subset of Ev with shortest paths that have error rate

greater than t.

spab > t× directab ∀(a, b) ∈ Evl (4.19)

The pseudo code for the greedy algorithm with a warm start of Voronoi graph

is demonstrated in Algorithm (2).

Algorithm 2 Graph Spanner - Greedy Heuristic with a warm start
Result: G = (V,E)

E ← Ev

foreach (a, b) ∈ Evl in non-decreasing order do

if spab > t× directab then
E ← E ∪ (a, b)

Update Evl by applying dijkstra(a, b) ∀a, b ∈ E

end

end

Note that the function dijkstra(a, b) finds the shortest path between vertices a

and b using Dijkstra’s algorithm. The graph G = (V,E) found in Algorithm (2)

is used for creating personnel’s movement relocation paths in the mathematical

model. Driving relocation and vehicle relocation paths are created by applying

Algorithm (1).
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4.4 Computational results

We applied the reservation system (both using the mathematical model and

the heuristic algorithms) to a real-world system, Auto Bleue, which formerly

operated in Nice, France. Auto Bleue was a station-based one-way carsharing

company with 60 stations scattered in Nice. Figure 4.4 illustrates the map of

the city and the stations. We used realized rental data with information on

origin/destination stations, start and end times. Booking time is not available for

the rental information. This is why we have generated booking times for any trip

request i∗, booking(i∗), by assigning a random time within the interval of (start of

the day, start of the trip - 30 minutes). Note that the reservation system provided in

this study considers advanced reservations with at least a 30-minute gap between

the booking time and the start time of the trip request. It differs from the systems

where demand data is known a priori (generally a day before the operations). In

our proposed reservation system, the data is revealed gradually. Therefore, it is

necessary to perform the corresponding action for the system repeatedly. Last-

minute reservations (walk-in customers) are not a part of this study.

Slide 1 / 21

Figure 4.4: Auto Bleue System in Nice

The system starts at 6:00 AM and ends its operations at 10 PM. The time horizon
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is discretized and divided into equal time lengths. Each activity for vehicles (wait,

serve trip, relocate) and personnel (wait, walk, drive) is assumed to start at the

beginning of a time interval, and each activity lasts an integer number of time slots.

To capture real-life operations more accurately, we allowed relocation operations

to be done more frequently than trip travels. To do that, we set the time length to

5 minutes for relocations and 15 minutes for trips.

The computational experiments are conducted in C# in .NET environment

using a workstation with Intel Xeon E5-2640 v3 processor. IBM ILOG Cplex 12.10.

is used to solve the integer programming models.

The parameters used in this study are taken from Boyaci et al. (2015). Revenue

per hour ise13. The fee for any trip i is calculated by 13∗a/4 where a is the number

of 15-minute time intervals to complete the journey. Personnel moving from one

station to another to arrive at a station for a vehicle is only made by walking. The

walking and driving distances are generated using Google Maps API. The driving

speed is taken as 30km/hour. Walking distance in terms of time data is retrieved

from Google Maps API. Note that we did not consider finding the optimal number

of personnel to be employed for the operational day. This is because the daily cost

of a single operator is too high to be decided at any iteration. Hence, we took the

personnel cost as e10 per hour as in Bekli et al. (2021). The walking (MCjl) and

driving personnel cost (DCjl) parameters are calculated using the number of time

intervals it takes to walk and drive, respectively. At the beginning of each day, it

is assumed that a vehicle is present at each station (i.e. IVj = 1 ∀j at time t = 0).

Vehicle relocation cost is taken as e0.01 per km.

M value in Constraints (4.14) is iteratively updated as

M = TPi∗ +
∑

i∈ATL

TRi − RCi∗ (4.20)

for each trip request i∗. Intuitively, an iteration’s profit cannot be higher than the

revenue from accepted trips, plus revenue from the request itself minus realized

costs. Below, we provide proof that the selected M always holds (4.14).
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Proof. We start with Constraints (4.13). We continue to the proof by providing

LastPr = (
∑

i∈ATL TRi − RCi∗ − UCi∗), where UCi∗ denotes the unrealized cost at

bookingtime(i∗) which is calculated at the previous iteration’s bookingtime.

yiq ≤ Priq
(
(TPi∗ − q)xiq −

∑
j,l,t

(
VCjl r

t
jl + MCjl u

t
jl + DCjl ū

t
jl

)
+

∑
i∈ATL TRi − RCi∗

)
+ (1− Priq)LastPr ∀q ∈ P, i ∈ Ni∗

(4.21)

≤ Priq
(
(TPi∗) +

∑
i∈ATL TRi − RCi∗

)
+ (1− Priq)LastPr ∀q ∈ P, i ∈ Ni∗

(4.22)

≤ Priq
(
(TPi∗) +

∑
i∈ATL TRi − RCi∗

)
+ (1− Priq)(

∑
i∈ATL TRi − RCi∗ −UCi∗) ∀q ∈ P, i ∈ Ni∗

(4.23)

≤ Priq
(
(TPi∗) +

∑
i∈ATL TRi − RCi∗

)
+ (1− Priq)(

∑
i∈ATL TRi − RCi∗) ∀q ∈ P, i ∈ Ni∗

(4.24)

≤ TPi∗ +
∑

i∈ATL

TRi − RCi∗ (4.25)

4.4.1 Algorithm comparison

In order to see the spatiotemporal impacts of the proposed reservation system and

the mathematical model provided in Section 4.3, we first tested the algorithms on

a 10-station system taken from the busiest stations in the 60-station system. One

of the main factors that affect the overall profit at the end of the operational day is

the acceptance rate of the offered trip to the users. The probability function for the

offered trip i with a discount value of q is assumed to be calculated by Pn(a) =

1

/(
1 + e−(β0+β1WDorigin(i∗),origin(i)+β2WDdest(i∗),dest(i)+β3|start(i∗)−start(i)|+β4|end(i∗)−end(i)|+β5q)

)
.

The initial trip requests of the users are assumed to be accepted by the users with a

probability of 1. Therefore, we have selected β0 as -5, making Pri∗q = 1/(1+ e−5) =

0.993307.

We considered two scenarios where users are more likely and relatively less

likely to accept offered trips. One may think that offering neighbouring trips (or
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having higher acceptance rates) will lead to a higher profit. However, this is not

true for all cases, as changing the paths at an iteration may or may not lead to a

higher profit at the end of the day.

The coefficients of the first and the second probability functions are set as

{β0 = −5, β1 = 5, β2 = 5, β3 = 5, β4 = 5, β5 = 0.5} and {β0 = −5, β1 = 3, β2 =

3, β3 = 3, β4 = 3, β5 = 1}, respectively. The probability of accepting an offer i with

WDorigin(i∗),origin(i) = 1 (and every other feature remains the same with the original

request i∗) is 0.5 and 0.88 for the first and second functions. The probability values

are the same, i.e. 0.5 and 0.88, when the time shift is 15 minutes for either the start

or the end time interval. We call the first function as the lower acceptance rate and

the second function as the higher acceptance rate.

Table 4.1 provides information on the solutions for the small instances. Note

that the instance names are created by ”<Number of Stations> <Number of

Iterations> <Instance number>”. No User-Based Relocation columns refer to

the solutions where the users are not provided with any neighbouring options

and are treated with only the original trip requests. Probability Function 1 and

2 columns refer to the solutions using the reservation system provided in this

study with the lower and higher probability functions. For graph-spanner based

heuristic algorithm, the multiplicative constant value is chosen as 1.2. We have also

provided solutions for the systems with or without operator-based relocations.

Note that we refer to the No User-Based and No Operator-Based case as the base

case. At each row, the results of the rest of the cases are compared with the base

case.
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Table 4.1: Algorithm comparison for small instances
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10_100_1 519.4 66 1344.9 17 159% 644.8 24% 1413.5 172% 10 21 1372.7 164% 1389.6 168% 656.9 26% 1508.0 190% 9 9 1416.5 173% 1378.3 165%
10_100_2 807.1 65 1503.4 22 86% 810.0 0% 1576.5 95% 17 20 1532.7 90% 1469.0 82% 717.2 -11% 1525.9 89% 17 3 1552.0 92% 1488.8 84%
10_100_3 524.1 71 1345.4 13 157% 574.9 10% 1283.9 145% 9 21 1286.4 145% 1275.0 143% 594.9 14% 1413.9 170% 9 5 1387.9 165% 1383.0 164%
10_100_4 857.2 64 1466.6 22 71% 1080.7 26% 1536.3 79% 15 17 1498.3 75% 1535.5 79% 1180.8 38% 1511.8 76% 19 1 1536.4 79% 1514.3 77%
10_100_5 732.5 66 1324.1 24 81% 720.3 -2% 1384.0 89% 17 15 1354.3 85% 1335.3 82% 746.9 2% 1393.3 90% 16 5 1414.5 93% 1367.7 87%
10_100_6 611.3 72 1321.8 17 116% 725.1 19% 1300.0 113% 8 21 1321.9 116% 1356.1 122% 702.1 15% 1432.4 134% 11 4 1394.0 128% 1389.2 127%
10_100_7 583.5 74 1637.2 31 181% 975.8 67% 1772.2 204% 21 15 1725.2 196% 1659.6 184% 858.3 47% 1712.0 193% 24 2 1639.9 181% 1631.2 180%
10_100_8 527.1 70 1313.0 24 149% 683.5 30% 1297.9 146% 22 14 1263.2 140% 1182.3 124% 630.5 20% 1364.3 159% 21 3 1300.9 147% 1168.4 122%
10_100_9 753.1 69 1363.6 22 81% 843.2 12% 1353.1 80% 14 18 1374.6 83% 1341.3 78% 818.6 9% 1390.2 85% 17 3 1404.8 87% 1383.7 84%
10_100_10 601.9 63 1294.3 20 115% 694.6 15% 1285.0 114% 14 17 1272.8 111% 1264.7 110% 741.4 23% 1340.1 123% 18 3 1307.0 117% 1326.4 120%
Average 68.0 21.2 120% 20% 124% 14.7 17.9 120% 117% 18% 131% 16.1 3.8 126% 121%

10_150_1 478.6 121 1238.3 59 159% 806.2 68% 1522.2 218% 29 34 1450.0 203% 1365.3 185% 723.41 51% 1446.3 202% 35 10 1448.8 203% 1499.7 213%
10_150_2 787.3 125 1812.5 78 130% 878.9 12% 1832.9 133% 58 23 1807.6 130% 1887.8 140% 896.77 14% 1871.1 138% 67 7 1844.2 134% 1794.2 128%
10_150_3 965.2 113 1366.0 66 42% 971.4 1% 1480.9 53% 36 30 1493.3 55% 1376.1 43% 1016.86 5% 1585.5 64% 44 7 1452.2 50% 1432.0 48%
10_150_4 770.1 110 1429.6 55 86% 832.3 8% 1593.7 107% 35 38 1683.8 119% 1676.7 118% 810.10 5% 1497.3 94% 40 6 1560.8 103% 1485.7 93%
10_150_5 714.3 109 1517.0 63 112% 921.0 29% 1602.3 124% 36 36 1595.2 123% 1569.7 120% 846.14 18% 1537.2 115% 49 7 1512.8 112% 1533.3 115%
Average 115.6 64.2 106% 24% 127% 38.8 32.2 126% 121% 19% 123% 47.0 7.4 120% 119%
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First, we consider the number of iterations in which the users do not receive

any positive reply from the system (i.e., the system refuses the trip). In the

base case where the system does not consider any type of relocations, the users

are rejected by the system in 100 and 150 demand set scenarios for 68% and

77% of the iterations, respectively. When only operator-based relocations are

considered, these values are decreased to 21% and 43%. With the inclusion of user-

based relocations, the no-offer iterations are further decreased. When the lower

probability function (Probability Function 1) is considered, the percentage of the

iterations where users do not receive any offer is 15% and 26% for 100 and 150

demand instances, respectively. When the higher probability function (Probability

Function 2) is considered, the values are 16% and 31% for 100 and 150 demand

instances, respectively. In terms of increasing customer service rates, operator-

based relocations are highly effective. Applying both operator and user-based

relocations in the system results in the highest customer service rates. Note that by

service rate, we only consider users receiving any offer (including the original trip

request itself).

Second, we compare the total number of iterations that the users either do

not receive any offer (number of refusals by the reservation system) or have

rejected the provided offer for Probability Function 1 and 2. Although the average

number of iterations in which the system refuses to make any offer for 100 demand

set instances are very close, surprisingly, the system with the lower probability

function rejects fewer iterations in 150 demand set instances. However, the total

number of users who do not participate (either by the system or by choice) has

decreased significantly when the higher probability function is applied. 37.5% and

31.4% of the iterations, the users did not travel by the carsharing system (due to

refusal by the system or not accepting the offer) when Probability Function 1 and

2 were applied, respectively.

We compare the profit values at the end of the operational day for each

instance. The columns with the title ”% Improvement” provide information on
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how the profit values are changed compared to the base case. Table 4.1 shows that

without the operator-based relocations, the system increases its profitability by

20% on average. With operator-based relocation, a significant increase, 115% on

the average considering 100 and 150 demand set instances together, in the profit

values are achieved. These values were further improved by the inclusion of user-

based relocations. The exact solutions of the instances where both operator and

user-based relocations are applied with Probability Function 1 and 2 exhibit an

average of 125% and 128% increase in the profit values, respectively, compared to

the base case.

Next, we compare the heuristic algorithms by the profit values generated at the

end of the operational day. In most of the cases, Relocation Restriction algorithm

provides higher profits compared to the Graph-Spanner based heuristic algorithm.

For 150-demand cases, the higher acceptance rate values of Graph-Spanner based

algorithm almost caught the improvement observed in the Relocation Restriction

algorithm. Still, both of the heuristic approaches provide good quality solutions

and improvements in the profit compared to the base case.

4.4.2 Spatial and temporal flexibility comparison

In this part, we analyse and compare the effects of spatial and temporal flexibility.

We have solved nine 20-node instances as follows: i) no balancing method is

applied, i.e. no operator and no user-based relocations are applied (base), ii)

only operator-based relocation is applied, iii) only user-based relocation is applied,

iv) for relocation restriction heuristic, 1) both of the relocation types are applied,

2) operator-based and temporal user-based relocation is applied, 3) operator-

based relocation and spatial user-based relocation is applied v) for graph-spanner

based heuristic, 1) both of the relocation types are applied, 2) operator-based and

temporal user-based relocation is applied, 3) operator-based relocation and spatial

user-based relocation is applied. Table 4.2 presents the comparison values of

the approaches summarized above. First, any type of vehicle stock balancing
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method (either user- or operator-based) is more effective than the base approach.

Applying only operator-based relocations generate more profitable schedules

when compared to applying only user-based relocations. Note that considering

only user-based relocation for relocation restriction and graph-spanner based

heuristics generates the same values. These heuristic approaches reduce the

number of relocation variables (both vehicle and personnel movements). When

no relocation variable is created, the rest of the calculations remain the same.

Table 4.2: Spatial and temporal flexibility comparison for 20-station systems

Temporal 
and 

Spatial 
Together

Only 
Temporal 
(15 mins)

Only 
Spatial 
(1km)

Temporal 
and 

Spatial 
Together

Only 
Temporal 
(15 mins)

Only 
Spatial 
(1km)

20_200_1 1418.844 86% 21% 113% 88% 97% 105% 95% 95%
20_200_2 1239.1288 81% 34% 129% 114% 129% 142% 117% 128%
20_200_3 1124.536 140% 37% 172% 152% 174% 167% 155% 182%
20_200_4 794.4048 194% 85% 238% 217% 236% 218% 215% 226%
20_200_5 1507.7384 47% 18% 77% 47% 80% 77% 55% 79%
20_200_6 1435
20_200_7
20_200_8
20_200_9
20_200_10
Average 109% 39% 146% 124% 143% 142% 127% 142%

Only 
Operator 

Based 

Temporal 
and 

Spatial 
Together

Only 
Temporal 
(15 mins)

Only 
Spatial 
(1km)

Only 
Operator 

Based 

Temporal 
and 

Spatial 
Together

Only 
Tempora

l (15 
mins)

Only 
Spatial 
(1km)

20_200_1 1418.8 21% 90% 113% 88% 97% 86% 105% 95% 95%
20_200_2 1239.1 34% 105% 129% 114% 129% 81% 142% 117% 128%
20_200_3 1124.5 37% 144% 172% 152% 174% 140% 167% 155% 182%
20_200_4 794.4 85% 203% 238% 217% 236% 194% 218% 215% 226%
20_200_5 1507.7 18% 53% 77% 47% 80% 47% 77% 55% 79% 2303.832
20_200_6 1435.0 21% 94% 105% 100% 123% 86% 122% 85% 113% 2786.599 2944.649 2875.669 3199.156 2666.85 3190.734 2652.022 3063.633
20_200_7 828.2 64% 211% 249% 208% 236% 210% 236% 212% 198% 2578.797 2891.943 2554.579 2780.074 2568.71 2784.798 2581.793 2464.985
20_200_8 1167.9 37% 139% 168% 136% 172% 119% 153% 127% 159% 2788.321 3133.418 2756.619 3171.182 2557.158 2957.024 2655.39 3025.642
20_200_9 1085.7 47% 174% 214% 173% 187% 130% 191% 172% 156% 2973.583 3406.703 2958.591 3117.072 2496.945 3161.137 2957.662 2780.489
Average 41% 135% 163% 137% 159% 121% 157% 137% 149% 2876.09 3060.06 3169.605 2723.708 2989.051 2974.201 3194.638

20_200_10 1678.6392 16% 71% 82% 89% 62% 78% 77% 90%

Profit increase compared to Base

No User-Based, 
No Operator-

Based 
Relocation (Base 

Case) Profit

Only User 
Based

Only 
Operator 

Based 

Relocation Restriction Based 
Heuristic

Graph Spanner Based 
Heuristic

Relocation Restriction Based Heuristic Graph Spanner Based Heuristic

Profit increase compared to Base

No User-Based, 
No Operator-

Based 
Relocation (Base 

Case) Profit

Only User 
Based

Considering operator and user-based relocations together generates high profit

values for both relocation restriction and graph-spanner based algorithms. Both of

the heuristic types produce similar profit values that are significantly higher than

the cases where only one relocation type is applied.

The average improvement values observed for the heuristic algorithms when

both spatial and temporal flexibility is considered are similar as the cases when

temporal flexibility is not considered. Yet, temporal flexibility makes a significant

impact on profitability when defining flexibility alone. However, when considered

together with spatial flexibility, no significant profit improvement is generated (4%

in Relocation Restriction and 8% in Graph-Spanner based heuristic) due to the

temporal flexibility. It is consistent with Boyacı and Zografos (2019) that spatial

flexibility has stronger effects on the system than temporal flexibility.
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4.4.3 Sensitivity analysis on the number of personnel

As shown in 4.4.2, the inclusion of the operator-based relocation in the proposed

system significantly increases the profitability. Therefore, we analyzed the effects

of the number of personnel on profitability and the number of accepted/rejected

offers and counteroffers.

Table 4.3 provides information on the 20-node 200 demand instances con-

sidering the number of personnel ranging between 0 and 4 for both of the

heuristic algorithms. The average profit increases when Relocation Restriction

algorithm is applied are 116%, 163%, 165% and 169% for 1,2,3 and 4 personnel,

respectively, compared to base case where no relocation is considered. The

average profit increases are 112%, 149%, 163% and 167% for 1,2,3 and 4 personnel,

respectively, for the Graph-spanner based heuristic algorithm. The first two

personnel have a noteworthy impact on the profit with the introduction of

operator-based relocations in the system. The inclusion of the third personnel also

results in a considerable profit increase, whereas the fourth personnel do not have a

significant impact compared to the case where three personnel are employed. Note

that as the number of personnel increases, the average number of iterations where

no offers are presented to the user decreases. When only user-based relocation

is considered, the average number of refusals by the system is 111 out of 200

trip requests. This number is decreased to 20 and 23 when four personnel are

hired to relocate the vehicles in Relocation Restriction and Graph-spanner based

algorithms, respectively.
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Table 4.3: Comparison of profitability when different number of personnel are employed
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20_200_1 1418.8 21% 34 1 94 87% 91 10 45 113% 100 7 21 109% 108 8 10 116% 111 9 11 77% 74 6 47 105% 89 7 30 116% 111 8 11 107% 92 6 16
20_200_2 1239.1 34% 42 1 109 91% 70 3 79 129% 105 4 44 141% 102 3 34 150% 116 4 25 103% 82 4 65 142% 103 3 41 143% 94 4 38 148% 108 3 25
20_200_3 1124.5 37% 36 1 114 147% 81 3 67 172% 93 5 53 188% 111 8 32 193% 103 6 30 136% 74 4 69 167% 88 4 53 186% 112 9 30 187% 105 7 36
20_200_4 794.4 85% 34 0 118 198% 84 3 67 238% 98 5 47 261% 114 6 23 261% 114 6 22 198% 91 5 57 218% 103 6 44 252% 104 6 30 260% 110 6 25
20_200_5 1507.7 18% 37 0 109 49% 72 3 71 77% 87 1 61 89% 108 4 35 93% 124 7 20 37% 69 3 78 77% 98 6 46 90% 107 4 34 91% 116 6 23 Profit 0 Profit 1 Profit 2 Profit 3 Profit 4 Profit 1 Profit 2 Profit 3 Profit 4
20_200_6 1435.0 21% 39 1 114 79% 76 4 78 105% 105 5 49 124% 131 9 22 124% 127 9 19 74% 80 2 76 122% 111 8 34 125% 127 7 22 131% 121 9 21 1740.635 2572.186 2944.649 3218.484 3217.835 2497.004 3190.734 3225.794 3319.722
20_200_7 828.2 64% 41 3 114 183% 88 5 59 249% 103 6 27 258% 112 7 15 261% 118 8 11 176% 88 5 59 236% 97 7 34 258% 101 7 20 262% 115 9 11 1355.582 2344.009 2891.943 2962.57 2992.273 2283.736 2784.798 2961.777 2998.815
20_200_8 1167.9 37% 41 1 109 108% 63 2 83 168% 98 4 41 174% 104 6 31 177% 117 7 14 123% 72 5 69 153% 95 4 46 166% 100 5 35 168% 109 4 25 1605.048 2427.717 3133.418 3204.397 3234.213 2605.872 2957.024 3107.112 3125.817
20_200_9 1085.7 47% 37 2 112 153% 68 4 70 214% 99 8 41 219% 107 9 34 222% 113 10 19 144% 68 3 68 191% 92 1 47 209% 102 5 34 222% 118 9 20 1593.571 2744.888 3406.703 3464.584 3492.948 2649.442 3161.137 3353.931 3497.304
Average 38% 37 1.1 111 116% 77 4 69 163% 99 5 43 165% 110 7 28 169% 116 8 20 112% 75 4 69 149% 96 5 43 163% 107 6 28 167% 110 7 23 1948.903 2791.521 3150.308 3274.835 2529.392 2989.051 3154.754 3238.757

20_200_10 1678.6 16% 32 1 118 66% 77 4 75 88% 102 9 41 95% 117 12 24 51% 49 0 100 78% 87 4 58 88% 115 9 30 93% 109 10 31
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20_200_1 1418.8 21% 34 1 94 77% 74 6 47 105% 89 7 30 116% 111 8 11 107% 92 6 16
20_200_2 1239.1 34% 42 1 109 103% 82 4 65 142% 103 3 41 143% 94 4 38 148% 108 3 25
20_200_3 1124.5 37% 36 1 114 136% 74 4 69 167% 88 4 53 186% 112 9 30 187% 105 7 36
20_200_4 794.4 85% 34 0 118 198% 91 5 57 218% 103 6 44 252% 104 6 30 260% 110 6 25
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The number of personnel has a positive impact on the number of counteroffers.

Clearly, the employment of a higher number of personnel results in personnel

being scattered around the stations and able to provide a vehicle to the vicinity

of the trip request. The analysis shows that the average number of counter offers

has boosted from 37 to 114 in Relocation Restriction algorithm, and from 37 to 106.2

in Graph-spanner based algorithm, when the number of personnel increases from

0 to 4. Note that the number of rejected offers and counteroffers have a positive

correlation. As the number of counteroffers increases, the number of rejected offers

also increases.

4.4.4 Comparison of computational time for heuristic approaches

The performances of the proposed heuristic algorithms are further investigated

through the comparison of required computational time to solve each iteration.

Figure 4.5 presents the required CPU time (in seconds) for Relocation Restriction

and Graph-Spanner based heuristic algorithms. As expected, fluctuations in the

CPU times are not observed for the first few iterations. As the system becomes

busier, the system is exposed to more fluctuations in required computational

time. Eventually, the system becomes emptier, and the fluctuations in CPU time

decreases.

The proposed system seeks to provide a solution to the operational level user-

based relocation problem, and therefore, providing an algorithm with low compu-

tational time is crucial. First, we have checked how many times the required CPU

time exceeds 1-minute duration for both of the heuristic algorithms. On the aver-

age, 9 and 3 iterations (out of 200) exceed 1-minute time duration for Relocation

Restriction and Graph-Spanner based heuristic algorithms, respectively. When

we compare the total outlier points in Figure 4.5, we observed 9 of 11 iterations

that exceed 4-minute time duration belong to Relocation Restriction algorithm.

Please note that the average CPU times are 23.4 and 17.3 seconds for Relocation

Restriction and Graph-Spanner based heuristic algorithms, respectively.
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Figure 4.5: Comparison of required CPU times of each iteration for heuristic
approaches

Next, we have compared the average required time to solve each iteration for

the instances. Average times for Relocation Restriction algorithm is greater than

Graph-Spanner based heuristic algorithm for 8 out of 9 instances. One example

of the comparison of the same instance (instance 20 200 1) is given in Figure 4.6.

Blue and orange lines in Figure 4.6 denote CPU times for Relocation Restriction

and Graph-Spanner based heuristic algorithms, respectively. As can be seen from

the figure, the blue line dominates the orange line in most of the iterations. We

compared the average CPU times of the heuristic algorithms using Welch’s t-

test on all of the nine instances. For the instance used in Figure 4.6 (instance

20 200 1), it is concluded that the time required to compute Relocation Restriction

algorithm is statistically significantly greater than that of Graph-Spanner based

algorithm with a test statistic value of 0.0016. 5 out of 9 instances have statistically

significantly higher average CPU times for Relocation Restriction algorithm than

Graph-Spanner based algorithm in the significance level of 0.05.
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4.5 Concluding remarks and future directions

In this research, we have introduced a reservation framework in which advanced

reservations with at least a 30-minute gap between the booking time and the start

time of the trip requests are processed. Each user is either served with their

original trip request, offered a counteroffer that generates higher profits than the

original request, or rejected as no neighbouring trip is feasible in the system. It is

assumed that the users may accept or reject the offered trips. To choose the most

profitable neighbouring trip, a mathematical model which considers the users’

acceptance/rejection rates is proposed. This model also provides vehicle and

personnel schedules, ensuring that the accepted trips from the previous iterations

are going to be realized. As the system gets larger, the provided mathematical

model becomes intractable. Hence, we proposed two matheuristic algorithms to

reduce the size of the model. The first heuristic algorithm creates relocation arcs

based on the neighbouring trip set. The second heuristic algorithm creates the

walking-relocation variables on a graph-spanner network.
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We have tested both of the heuristic algorithms and compared them with the

proposed mathematical model on 10-node instances. The analysis shows that, in

general, both relocation restriction and graph-spanner based heuristic algorithms

provide better solutions than the case where no relocation is applied.

We conducted a sensitivity analysis on spatial and temporal flexibility using

both of the heuristic algorithms. Consistent with the literature, spatial flexibility

provides higher profits than temporal flexibility. We have shown that considering

operator- and user-based relocations together significantly increases profit values.

Secondly, we have analysed the effects of the number of personnel on the

system for 20-node instances. As the number of personnel increases, the profit

values increase significantly until a certain number of personnel; after that, the

improvement in the profit is negligible. We have compared the CPU times

for the heuristic algorithms and concluded that the average required CPU time

for Relocation Restriction algorithm is significantly greater than that of Graph-

Spanner based algorithm for most of the instances.

The proposed real-time operational-level problem is realistic but difficult to

solve. Operational-level problems require efficient solution algorithms that work

fast and provide near-optimal solutions. The main limitation of the proposed

algorithms is that there is still a need to have efficient heuristic algorithms that can

work on large-scale systems. There are several research opportunities pertinent to

the proposed system and solution algorithms. In the proposed model, we have not

considered electric vehicle fleets. Incorporating battery limitations, charging and

discharging procedures may be a good extension to this research. Furthermore,

another possible future direction is the inclusion of last-minute reservations in the

reservation system. Moreover, exploiting the historical data to prepare the system

for future reservations and using predicted states of the system in the solution

algorithms is another future direction.
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Chapter 5

Conclusion

5.1 Thesis summary

Carsharing, a part of urban mobility, is an alternative to vehicle ownership

by providing short-term vehicle access. In carsharing systems, users leave

the vehicle at the station where they start their journey (round-trip) or at any

station/anywhere in the region (one-way) after the rental period. Due to flexibility

in destination stations, one-way systems attract more users compared to round-

trip systems. However, one-way systems face a vehicle supply-demand imbalance

among the stations, which requires corrective actions. Carsharing companies

often employ imbalance mitigating measures which make the system complex

to operate. For this reason, it is very difficult to make strategic, tactical and

operational decisions in one-way car sharing systems.

With the developments in information technology, the number of one-way

carsharing systems, and therefore the number of studies carried out, have in-

creased significantly in the last ten years. Yet, there exist several research questions

regarding strategic and operational-level decisions in one-way carsharing systems

that remain unaddressed. This thesis aims to provide solution algorithms to

i) the strategic decision of charger infrastructure renewal decisions and ii) the

operational level decision of providing the most profitable offer to the user
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considering user acceptance/rejection rates. Furthermore, this thesis provides

an in-depth literature review on user-based relocation and pricing in carsharing

systems. Each goal of this thesis has been the subject of separate research studies,

summarized below.

The first research study, Chapter 2 of this thesis, focuses on the strategic

decisions of charger infrastructure renewals in one-way electric carsharing sys-

tems. A time-space-battery level network model has been introduced to solve

the fast charger location problem. The proposed model can mimic real-world

battery charging conditions of different types of chargers. The model optimizes

the location and number of fast chargers (or different types of chargers) to be

implemented over a set of scenarios. Additionally, the vehicle schedules, including

relocation activities as well as trip selection, are found by the model. Note that the

considered system is a reservation-based system where the users request trips in

advance and wait for approval. The proposed model is challenging to solve, as

the variables and constraints created increase greatly when the system gets larger.

Ergo, we propose matheuristic algorithms that reduce the size of the model.

The first type of heuristic algorithm focuses on reducing the number of

relocation variables created. It should be noted that, according to the proposed

model, a relocation activity may happen anytime between any station pair if the

battery level allows. Hence, the created relocation variables in the exact model

constitute a significant portion of the variables. Yet, our analysis shows that the

majority of the relocation variables get the value of zero. Therefore, we propose

heuristics focusing on where and when the relocation activities are needed. The

logic behind the heuristic algorithms is to create a relocation variable if it serves a

trip request. This could be done by bringing a vehicle to the trip request’s origin

station before the start time of the trip request and/or emptying a parking spot at

the trip request’s destination station before the end time of the trip request.

The second type of heuristic algorithm reduces the number of variables by

grouping the stations and solves the problem initially at an aggregate level using
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groups of stations instead of individual stations while optimizing the chargers’

location within each station group. By combining both of the heuristic algorithms,

we proposed a heuristic approach that works efficiently with minimal compromise

in the solution quality. The results of the proposed heuristic algorithm reveal that

introducing fast chargers increases the profitability of the system (by 25%) and the

level of service offered to its users.

The second research study of the thesis, which is presented in Chapter 3,

provides an in-depth literature review on user-based relocations and pricing in

carsharing systems. Apart from operator-based relocations, there exist vehicle

supply-demand balancing methods, namely user-based relocations and pricing.

The aim of this study is to provide a comprehensive overview of the current

understanding of user-based relocations and pricing in carsharing systems. There

are several literature review studies focusing on many aspects of the carsharing

literature, including operator-based relocations. To the best of our knowledge,

this paper is the first structured classification of user-based relocations and pricing

studies. The studies reviewed in Chapter 3 are categorized into three groups,

namely (i) user behaviour analysis, (ii) data analytics, and (iii) optimization-based

approaches. These categories are then subcategorized and examined in detail.

Besides providing a summary of the studies mentioned, we presented a math-

ematical model for operational-level decisions. Studies with similar approaches

are examined to reveal how user-based relocations and pricing are adapted to the

mathematical model for operational-level decisions. Finally, each subcategory in

the study is enhanced by providing future research directions.

The last research study of this thesis, presented in Chapter 4, focuses on the

real-time operational-level decisions of the system. This study exploits user-

based relocations to increase profitability. The proposed study mimics real-world

conditions by taking requests from the beginning of the day. We propose a

reservation system in which each trip request receives a response in the order of

the request’s booking time. At each request, the system generates alternative offers
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based on the origin/destination stations and start/end time of the original request.

Out of the alternative offer set (which also includes the original trip request), the

system offers the offer with the highest expected profit to the user considering

the acceptance/rejection rates of the user. In order to do that, we propose a

mathematical model that finds the best counteroffer to provide to the user while

ensuring that the offers accepted before the current offer will be realized according

to the vehicle/personnel schedules generated. In real-world reservation systems,

trips can start and end at specific time intervals. However, there is no restriction

on the relocation activities, as the operator may start and end the relocations

anytime the system allows. Therefore, in the model, we treated trip movements

and relocation activities in different time interval sets.

The proposed mathematical model is intractable for large-sized systems. We

propose two matheuristics to reduce the number of arcs created in the model.

The first type is reducing the number of relocation arcs similar to what we have

proposed in Chapter 2. The second heuristic algorithm creates relocation arcs

based on the multiplicative graph-spanner network. The analysis shows that pro-

posed algorithms can generate higher profits by employing user-based relocations

compared to both no-relocation cases, and only operator-based relocation cases.

The profit values for 20-node cases are improved by 142% and 146% on average

for the graph-spanner based and relocation restriction algorithms, respectively.

The profit increase for the same instance set when only operator-based relocation

is considered reached 109%. Additionally, we have seen that the number of users

that are directly rejected from the system are lowered by the proposed system.

5.2 Future directions

A large number of research studies on carsharing systems regarding strategic and

operational level decisions have appeared in the last decade. Yet, there still exist

several open research problems pertinent to the studies provided in this thesis.
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Future studies regarding strategic decisions of charger infrastructure renewal

may extend the proposed study by incorporating the station sizing decisions. In

our approach, a fixed capacity for each station is considered. With the introduction

of fast chargers, the required time to charge the vehicles at the stations is lowered,

and vehicle utilization values are increased. This may decrease the need for

parking spots, decreasing the station rental cost. With minor alterations, the

proposed models can be used to determine the optimum number of fast chargers

and the optimum number of parking spots per station. Additionally, multi-

objective models can be introduced by considering different objectives, such

as maximization of the number of served trips, vehicle utilization, and other

performance measures.

There are several future directions of research related to the vehicle supply-

demand balancing mechanisms other than operator-based relocations. Regarding

descriptive studies, surveys that can analyze the effects of the geo-location

characteristics on the incentives or pricing decisions can be further investigated.

The effect of synergies between other transport modes and carsharing on the

pricing strategies can also be investigated. Moreover, user purchasing behaviour

to the pricing strategies of carsharing systems and mobility service providers

that share the same Mobility as a Service platforms can be further analyzed.

In addition, regarding prescriptive studies, incorporating the stochastic nature

of external factors, such as traffic evolution and geographic characteristics, will

enhance the existing studies. There is still future work needed to be done

to combine the operator-based, user-based relocations and pricing. One other

direction that needs attention in the future is the various fleet types, such as

autonomous or stackable fleets. The operations of these fleets differ from the

regular combustion engine or electric vehicle fleets. Therefore, studies regarding

pricing or user-based relocations would require different solution approaches.

Furthermore, providing a user-based relocation and/or pricing-based literature

review on other vehicle-sharing systems can also be a future direction.
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Promising areas in the real-time operational level decision problems in carshar-

ing can be summarized as providing efficient algorithms, inclusion of different

fleet types, last-minute reservations and historical data. First of all, operational-

level problems require efficient solution algorithms which work fast and provide

near-optimal solutions. Therefore, we need to have efficient heuristic algorithms

that can work on large-scale systems. Furthermore, the proposed reservation

system can be adapted to systems with an electric vehicle fleet. One other possible

future direction is the inclusion of last-minute reservations to the system. Finally,

keeping the system in a state that is more profitable using the historical data and

using the predicted states of the stations within the algorithms would improve the

proposed reservation system.
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Illgen, S., Höck, M., 2019. Literature review of the vehicle relocation problem in

one-way car sharing networks. Transportation Research Part B: Methodological

120 (xxxx), 193–204. http://dx.doi.org/10.1016/j.trb.2018.12.006.

InsideEVs, 2018. European ccs (type 2 / combo 2)

conquers world - ccs combo 1 exclusive to north america,

digital image. https://insideevs.com/news/333637/

european-ccs-type-2-combo-2-conquers-world-ccs-combo-1-exclusive-to-north-america/

Jiao, Z., Ran, L., Chen, J., Meng, H., Li, C., 2017. Data-driven approach to operation

and location considering range anxiety of one-way electric vehicles sharing

system.

Jiao, Z., Ran, L., Liu, X., Zhang, Y., Qiu, R. G., 2020. Integrating price-incentive and

trip-selection policies to rebalance shared electric vehicles. Service Science 12 (4),

148–173. http://dx.doi.org/10.1287/serv.2020.0266.

Jones, H., 2017. Oxford aims for world’s first zero emissions

zone with petrol car ban - environment - the guardian.

https://www.theguardian.com/uk-news/2017/oct/11/

oxford-aims-to-cut-air-pollution-car-ban-zero-emissions-zone

152

http://dx.doi.org/10.1016/j.tre.2020.102081
http://dx.doi.org/10.1016/j.trc.2018.02.020
http://dx.doi.org/10.1109/TITS.2022.3164989
http://dx.doi.org/10.1016/j.trb.2018.12.006
https://insideevs.com/news/333637/european-ccs-type-2-combo-2-conquers-world-ccs-combo-1-exclusive-to-north-america/
https://insideevs.com/news/333637/european-ccs-type-2-combo-2-conquers-world-ccs-combo-1-exclusive-to-north-america/
http://dx.doi.org/10.1287/serv.2020.0266
https://www.theguardian.com/uk-news/2017/oct/11/oxford-aims-to-cut-air-pollution-car-ban-zero-emissions-zone
https://www.theguardian.com/uk-news/2017/oct/11/oxford-aims-to-cut-air-pollution-car-ban-zero-emissions-zone


Jorge, D., Correia, G., 2013. Carsharing systems demand estimation and defined

operations: A literature review. European Journal of Transport and Infrastruc-

ture Research 13 (3), 201–220. http://dx.doi.org/10.18757/ejtir.2013.13.3.2999.

Jorge, D., Molnar, G., de Almeida Correia, G. H., 2015. Trip pricing of

one-way station-based carsharing networks with zone and time of day

price variations. Transportation Research Part B: Methodological 81, 461–482.

http://dx.doi.org/10.1016/j.trb.2015.06.003.

Kia, 2019. 2019 Kia Niro EV - Crossover SUV Pricing Features . https://www.

kia.com/us/en/niro-ev

Kim, D., Ko, J., Park, Y., 2015. Factors affecting electric vehicle sharing

program participants’ attitudes about car ownership and program participation.

Transportation Research Part D: Transport and Environment 36, 96–106.

http://dx.doi.org/10.1016/j.trd.2015.02.009.

Laarabi, H., Boldrini, C., Bruno, R., Porter, H., Davidson, P., 2019. User-based

relocation of stackable car sharing. Vol. 921. Springer International Publishing.

http://dx.doi.org/10.1007/978-3-030-02907-413.

Lai, M., Hu, Q., Liu, Y., Lang, Z., 2022. A rolling-horizon decision framework for

integrating relocation and user flexibility in one-way electric carsharing systems.

Transportation Research Part C: Emerging Technologies 144 (September),

103867. http://dx.doi.org/10.1016/j.trc.2022.103867.

Laporte, G., Meunier, F., Calvo, R. W., 2018. Shared mobility systems:

An updated survey. Annals of Operations Research 271 (1), 105–126.

http://dx.doi.org/10.1007/s10479-018-3076-8.

Liao, F., Molin, E., Timmermans, H., van Wee, B., 2020. Carsharing: the impact of

system characteristics on its potential to replace private car trips and reduce car

ownership. Vol. 47. Springer US. http://dx.doi.org/10.1007/s11116-018-9929-9.

153

http://dx.doi.org/10.18757/ejtir.2013.13.3.2999
http://dx.doi.org/10.1016/j.trb.2015.06.003
https://www.kia.com/us/en/niro-ev
https://www.kia.com/us/en/niro-ev
http://dx.doi.org/10.1016/j.trd.2015.02.009
http://dx.doi.org/10.1007/978-3-030-02907-4_13
http://dx.doi.org/10.1016/j.trc.2022.103867
http://dx.doi.org/10.1007/s10479-018-3076-8
http://dx.doi.org/10.1007/s11116-018-9929-9


Lippoldt, K., Niels, T., Bogenberger, K., 2018. Effectiveness of different incentive

models in free-floating carsharing systems: A case study in Milan. IEEE

Conference on Intelligent Transportation Systems, Proceedings, ITSC 2018-

Novem, 1179–1185. http://dx.doi.org/10.1109/ITSC.2018.8569242.

Lippoldt, K., Niels, T., Bogenberger, K., 2019. Analyzing the poten-

tial of user-based relocations on a free-floating carsharing system in

Cologne. Transportation Research Procedia 37 (September 2018), 147–154.

http://dx.doi.org/10.1016/j.trpro.2018.12.177.

Litman, T., 2000. Evaluating carsharing benefits. Transportation Research

Record (1702), 31–35. http://dx.doi.org/10.3141/1702-04.

Liu, Y., Xie, J., Chen, N., 2021. Offline-online approximate dynamic programming

for stochastic carsharing systems with relocation incentives. SSRN Electronic

Journal (September). http://dx.doi.org/10.2139/ssrn.3882532.

Loose, W., 2010. The State of European Car-Sharing: Final Report D 2.4

Work Package 2. http://www.carsharing.de/images/stories/pdf_

dateien/wp2_report__englisch_final_2.pdf

Lu, R., de Almeida Correia, G. H., Zhao, X., Liang, X., Lv, Y., 2021.

Performance of one-way carsharing systems under combined strategy of

pricing and relocations. Transportmetrica B: Transport Dynamics 9 (1), 134–152.

http://dx.doi.org/10.1080/21680566.2020.1819912.

Marecek, J., Shorten, R., Yu, J. Y., 2016. Pricing vehicle sharing with proximity

information. 2016 3rd MEC International Conference on Big Data and Smart

City, ICBDSC 2016, 261–267http://dx.doi.org/10.1109/ICBDSC.2016.7460378.

Martin, E., Shaheen, S., 2016. Impacts of car2go on vehicle ownership, modal

shift, vehicle miles traveled, and greenhouse gas emissions: An analysis of five

North American cities. http://innovativemobility.org/wp-content/

uploads/2016/07/Impactsofcar2go_FiveCities_2016.pdf

154

http://dx.doi.org/10.1109/ITSC.2018.8569242
http://dx.doi.org/10.1016/j.trpro.2018.12.177
http://dx.doi.org/10.3141/1702-04
http://dx.doi.org/10.2139/ssrn.3882532
http://www.carsharing.de/images/stories/pdf_dateien/wp2_report__englisch_final_2.pdf
http://www.carsharing.de/images/stories/pdf_dateien/wp2_report__englisch_final_2.pdf
http://dx.doi.org/10.1080/21680566.2020.1819912
http://dx.doi.org/10.1109/ICBDSC.2016.7460378
http://innovativemobility.org/wp-content/uploads/2016/07/Impactsofcar2go_FiveCities_2016.pdf
http://innovativemobility.org/wp-content/uploads/2016/07/Impactsofcar2go_FiveCities_2016.pdf


Martin, E., Shaheen, S., Lidicker, J., 2010. Impact of carsharing on house-

hold vehicle holdings. Transportation Research Record (2143), 150–158.

http://dx.doi.org/10.3141/2143-19.

Martin, E. W., Shaheen, S. A., 2011. Greenhouse gas emission impacts of carsharing

in North America. IEEE Transactions on Intelligent Transportation Systems

12 (4), 1074–1086. http://dx.doi.org/10.1109/TITS.2011.2158539.
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