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Abstract

This dissertation comprises an innovative Relocation Model for free-floating Bicycle
Sharing Systems. In such flexible systems, one-way trips can cause fleet imbalances
which imply an insufficient demand satisfaction of potentially requested trips.
This research grounds on real trip data of a free-floating Bicycle Sharing System in
Munich, Germany. With the help of a detailed empirical data analysis, potential gaps
between supply – i.e. current fleet distributions – anddemandare identified. Basedon
this analysis, a demandmodel is developed, which predicts detailed spatial-temporal
demand patterns within the operating area and recommends optimal fleet distribu-
tions for specific days and time frames.
In order to to realize the favored fleet distributions, so called relocation strategies are
required. Such strategies enable an efficient redistribution of the fleet. Therefore dif-
ferent strategies are designed and investigated.
Firstly, an operator-based relocation strategy is developed: within an optimal relo-
cation route, the operator relocates the unfavorably distributed part of the fleet by
visiting under-supplied and over-saturated zones of the operating area in the most
cost-efficient way.
Secondly, a user-based strategy is designed: in order to incentivize users to relocate
parts of the fleet by themselves, discount offers apply to trips with certain origins and
destinations.
Thirdly, a combination of previous strategies builds up the hybrid relocation strat-
egy: the highly imbalanced zones of the operating area are relocated by a compact
operator-based relocation route. Concerning the remaining moderate imbalances,
specific discount offers for certain trips make the users redistribute the fleet by them-
selves.



Inorder to capture the impact andvalueof such relocations, thedifferent strategies are
validated and tested by means of a real time simulation case study. Within a testing
period of three months, the different strategies are evaluated referring to efficiency,
cost and benefit and optimal relocation intervals.
As a conclusion, the hybrid relocation strategy generates the best results. While keep-
ing the cost low, an optimal fleet distribution ismostlymaintained so that the demand
can be satisfied comprehensively.
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Kurzfassung

DieseDissertationbeinhaltet ein innovativesRelokationsmodell für flexible, sogenan-
nte free-floating Fahrradverleihsysteme. In solchen Systemen können durch Einweg-
fahrten Ungleichgewichte der Flotte entstehen, die dazu führen, dass die Nachfrage
nach potenziellen Fahrten nicht mehr ausreichend befriedigt wird.
Als Basis dienen reale Fahrdaten eines flexiblen Fahrradverleihsystems in München,
Deutschland. Durch eine detaillierte empirische Datenanalyse werden mögliche Un-
gleichgewichte zwischen Angebot – d.h. aktuelle Flottenverteilungen - undNachfrage
identifiziert.
Darauf aufbauendwirdeinNachfragemodell entwickelt, welchesdetaillierte räumlich-
zeitlicheNachfragemuster innerhalb desGeschäftsgebiets des Systems prognostiziert
undoptimaleFlottenverteilungen fürbestimmteWochentagebzw. Zeitfenster vorher-
sagt.
Umdiese Flottenverteilungen zu realisierenbedarf es sogenanntenRelokationsstrate-
gien, welche eine effizienteUmverteilung der Flotte ermöglichen. Hierfürwerden ver-
schiedene Strategien entworfen und beleuchtet.
Zuerst wird eine betreiberbasierte Relokationsstrategie entwickelt: innerhalb einer
optimalen Relokationsroute verteilt der Betreiber den unausgeglichenen Flottenan-
teil um, indem er die unterversorgten und überfüllten Zonen des Geschäftsgebiets
nach und nach anfährt.
Weiter wird eine nutzerbasierte Relokationsstrategie erarbeitet: um Anreize zu schaf-
fen, damitNutzer selbst Teile der Flotte umverteilen, werden für bestimmte Start- und
Zielorte einer Fahrt Preisrabatte gewährt.
Die hybride Relokationsstrategie kombiniert beide zuvor beschriebenen Strategien:
durch eine kompakte Route werden nur die größten Flottenungleichgewichte inner-
halb des Geschäftsgebiets ausgeglichen. Für die verbleibenden, mäßigen Ungleich-
gewichte werden wiederum die Nutzer durch Preisnachlässemotiviert, selbst Reloka-
tionsfahrten durchzuführen.



Um den Einfluss und Mehrwert solcher Relokationen auszuwerten werden die ver-
schiedenen Relokationsstrategien mithilfe einer Simulation getestet. Innerhalb des
Testzeitraums von drei Monaten können die einzelnen Strategien bezüglich Effizienz,
Kosten/Nutzen und optimaler Relokationsintervalle bewertet werden.
Abschließend stellt sich heraus, dass die hybride Reloaktionsstrategie mit Abstand
die besten Ergebnisse erzielt. Bei vergleichsweise geringen Kosten kann eine opti-
male Flottenverteilung nahezu immer gewährleistet werden und somit die Nachfrage
flächendeckend befriedigt werden.
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Chapter 1

Introduction

Mobility and transport systems are essential to modern societies, as they serve as the
key to economic and social activities [104]. Transport systems empower individuals’
mobility in the first place, enable interaction with other members of a network and
thus meet their practical, productive and hedonistic needs [2, 114]. Individual motor-
ized traffic is one of the most popular means of transportation, but it is also the most
unsustainable. Automobile traffic contributes strongly to climate change and causes
harmful environmental effects and health issues [139]. This leads to environmental
challenges, especially in metropolitan areas. The World Health Organization (WHO)
stated in 2016 that more than 80% of people living in urban areas that monitor air pol-
lution are exposed to air quality levels that exceed their acceptable limits [121, 140].
Consequently, there is an urgent need for change in urban transportation.

Fortunately, human mobility behavior has changed over the last decades, primarily
because of an evolution in the attitudes to private car ownership. Up to the 1990s,
the car was considered as a status symbol, whereas for the last decade, smart phones
and othermobile devices have substituted this symbolism [60, 62]. Especially younger
people are more willing to use other means of traffic nowadays - a trend predicted to
continue to rise [61].

Riding a bicycle is very popular nowadays, it is trendy not only because of low emis-
sions that are associated with this traffic mode, but also due to technical innovations
and ongoing development: since 2009, sales figures of e-bikes have been booming in
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Germany andworldwide [143]. Bicycles equippedwith a supporting electricmotor al-
low longer travel distances to be covered by bicycle and boost cycling in general [49].
Furthermore, cargo bicycles are a suitable substitute for an automobile, especially in
urban areas: on the one hand they are used for private purposes e.g., to transport chil-
dren or groceries, and on the other hand, they are used for courier services [53]. Inte-
grating such specific bicycle types into Bicycle Sharing (BS) Systems creates a holistic
transportation option for several user groups and serves diverse needs.

BS Systems form an importantmodule in today’s urban transportation - they offer ad-
ditional flexibility to users, close the first and lastmile problemespecially in combina-
tion with public transit (PT) and create added value even for cyclists owning private
bicycles. Such systems boost cycle traffic and reduce traffic congestion and thus air
pollution. By extension, BS Systems can help to improve public health [105] and even
contribute to economic benefits, i.e. BS Systems have a positive impact on sales [20].

Well designed BS Systems enable quick, convenient and cheap trips for users. How-
ever, systems lacking an appropriate design are doomed to failure and dissuade po-
tential users e.g., due to insufficient availability of bicycles. As a consequence, systems
collapse and have to be decommissioned as announced recently for the BS System in
Seattle [98, 119]. Therefore thorough planning and management are crucial to main-
taining such systems as an important component of urban traffic.

1.1 Research Objectives and Design

Contemporary existing BS Systems are mostly station-based. Such systems typically
allow one-way trips, i.e. users can return bicycles at stations different from the pickup
station. An evenmore user-friendly system type is provided by so-called free-floating
BS Systems, where pickup and drop-off is not bound by docking stations, but rather
is possible in a predefined operating area. Different BS System types are explained in
detail in section 2.1.

On the one hand, free-floating BS Systems stand out from station-based systems, as
the free-floating feature offers major flexibility to users. On the other hand, this flexi-
bility bears a certain risk for the operator, as unfavorable fleet distributions (FDs) are
no longer confined to stations. Station-based BS Systems are frequently subject to
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heavy imbalances, resulting in empty and overcrowded stations. Exceeding a certain
imbalance threshold makes the system unusable, as users are either unable to rent
a bicycle because the station is empty or unable to return a bicycle because the sta-
tion is full. For free-floating systems, at least the latter case is negligible. However, the
occurrence and frequency of imbalances between bicycle supply and demand in free-
floating BS Systems requires examination, as such systems have not been considered
comprehensively as yet.

This gap leads to the first research question (RQ) in this dissertation:

Research Question 1:

What particular dynamics can be found in free-floating BS Systems?

The initial RQ strives to understand this special type of BS System. An empirical data
analysis of the system’s usage should capture the dynamics and characteristics. For
this purpose, a detailed analysis of free-floating BS Systems is required. As a conse-
quence, a potential fleet skewness can be detected, which gives rise to RQ 2:

Research Question 2:

Do fleet imbalances occur in free-floating BS Systems?

On that point, the empirical data analysis builds the foundation and is crucial for iden-
tification of occurring imbalances. Based on booking data, demand estimations can
be carried out to reveal the gaps between bicycle supply and demand. Awell balanced
FDwithin the operating areamight enhance the system’s performance and operation.
In order to quantify this, the third RQ seeks further investigations:

Research Question 3a:

How can the utility-level of a BS System be increased at best?

This question comprises a thorough considerationof strategies in order to redistribute
the fleet, of so-called relocation strategies. Long idle times or clustering of bicycles in
certain parts of the operating area can cut down the system’s utility and indicate a
potential for enhancements of the system’s efficiency.
That issue transfers directly to users and is formulated as part b of RQ 3:

Research Question 3b:

Which strategies are suitable and qualified to reach the desired fleet status?
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Answers to this questions concern the system’s imbalances from the user’s point of
view rather than from the operator’s. Therefore measures like demand satisfaction
outweigh the (in the short term) increased cost for potential relocation trips. Assum-
ing no relocation intervention at all, this could result in a massive under-supply of
bicycles. Furthermore, if users repeatedly do not succeed in finding an available bi-
cycle, they might lose confidence in the entire system and hence the operator could
lose customers. Further examinations consider different strategies in order to relocate
parts of the fleet in an optimal, time- and cost-efficient way.

RQs 4a and b refer to an overall performance evaluation:

Research Question 4a:

Which effects and impacts on the system’s performance can be achieved by relocation

strategies?

Different strategies have tobedesigned andapplied to an existent free-floatingBSSys-
tem. Diverse evaluations are required to show the degree of fleet imbalances to which
a strategy is suitable. Further, smart combinations of different relocation strategies
(RSs) might be feasible.
Part b addresses further the regularity of potential RSs and is formulated as the follows:

Research Question 4b:

How often does the BS System need support from such strategies in order to maintain

the desired fleet status?

Answers to this final RQ shall reveal efficient application frequencies as well as the
optimal combination of developed RSs. This gain in knowledge would increase the
performance quality of realized relocation trips and therefore the effectiveness of the
entire BS System - for the operator and the user.

This dissertation aims to give answers to the defined RQs, which frame the research
objectives. Therefore an appropriate research methodology is required. The relevant
research design is expounded in the following and depicted in figure 1.1.
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FIGURE 1.1: Research Design

Literature review

Acomprehensive literature reviewprovides thebasis for this research. In consequence,
different types of BS Systems are introduced. Further, the actual motivation of this
thesis is resolved: a vehicle relocation problem. Existing approaches for similar sys-
temsandproblemsarepresented indetail and thepossible transferability is discussed.
However, free-floatingBS Systemshavedistinctive requirements in order to prevent or
eliminate occurring imbalances. Thiswork is intended to close any identified research
gaps.

Empirical Data Analysis

As already indicated by RQ 1, the system’s dynamics and fleet imbalances have to be
revealed and identified. This is carried out by a detailed empirical analysis of booking
data, arising from the free-floating BS System in Munich. Further, this is the founda-
tion of subsequent approaches, as real booking data play a crucial role for considera-
tion of a real-world system.

Development of a DemandModel

In order to estimate and forecast upcoming demand for a free-floating BS System, an
appropriate model is developed. Demand satisfaction is not bound by a discrete set
of locations (as in station-based BS Systems); thus, the demand patterns evolve struc-
tures that aremore complex. These patterns need to be derived fromdifferent compo-
nents in a spatial and temporal sense. As a result, current utility levels can be read out
by comparing occurring demand to the current FD. Unmet demand is hereby identi-
fied and RQ 2 is answered in the affirmative.
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Design of Relocation Strategies

The core objective of this work is the efficient fleet rebalancing of a free-floating BS
System. For this purpose, different RSs are designed. Required input parameters like
predictions of occurring demand are provided by the precedent demand model. An
answer to RQ 3a is obtained by evaluating the ensuing utility level after respective
strategies. As a result, remaining unmet demand is identified. In order to eliminate
thisundesirable state, a comparisonandcombinationof thedesigned strategies strives
to answer RQ 3b.

Validation and Simulation

The final objective of this thesis seeks evidence for the developed models and strate-
gies. Within a simulation case study, the potential effects and enhancement of the
overall system’s performance are simulated and evaluated. This validation eventually
reveals answers to RQ 4a. Further, relocation scenarios for different time frames are
carried out. As a result, recommendations for fleet relocation operations concerning
regularity and required time intervals are given. These recommendations eventually
answer the final RQ 4b.

1.2 Outline of the Dissertation

The structure of this work is outlined in the following and illustrated in figure 1.2.

Chapter 2 provides an overview of existing BS Systems. Further, a comprehensive lit-
erature review is given: studies treating the vehicle routing problem are presented.
Firstly, applied to BS Systems and secondly, applied to generalized Vehicle Sharing
(VS) and Car Sharing (CS) systems. Different strategies in order to rebalance BS fleets
are expounded: operator-based and user-based strategies. The limitation to mostly
station-based systems defines the research gaps.

In chapter 3, a detailed spatial and temporal booking data analysis is conducted. This
empirical analysis reveals occurring fleet imbalances for free-floating BS Systems by
identifying distinct usage flow patterns for different time frames. In consequence, the
need for fleet relocations is proven.
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FIGURE 1.2: Outline of the dissertation

In chapter 4 the overall approach of the Relocation Model is given. It consists of two
interdependentmodules: a demandmodel and correspondingRSs. Both components
are developed in separate chapters subsequently.

Chapter 5 elaborates module I of the Relocation Model: the Demand Model. It fore-
casts upcoming demand in a spatial and temporal sense. For this purpose, different
demand model components are designed and a final saturation pattern provides re-
quired bicycle stocks in dependence on time and location.

In chapter 6, module II of the Relocation Model is designed: Relocation Strategies.
Different strategies are elaborated in order to reach a balanced FD in a free-floating BS
System. First, an operator-based RS is developed and applied. Second, a user-based
strategy and a respective incentive pattern is elaborated and tested. By combining
both strategies, the overall relocation scheme is optimized.

Chapter 7 evaluates the strategies’ performance by carrying out a validation method-
ology referring to booking data. Further, a simulation case study is set up and reveals
the effects and impact of the relocation performance.

Chapter 8 presents a summary of the main results and contributions. Finally, the
transferability to other BS Systems is discussed and an outlook on future research is
given.





Chapter 2

State of the Art

This chapter provides a theoretical basis and tools in order to give answers to the re-
search questions defined in chapter 1.
An introduction of Bicycle Sharing (BS) Systems in general is given as well as their
development history. Diverse types of BS Systems are presented and their various op-
erating modes and dynamics are examined in detail. As a result of this, fleets in most
BS Systems feature a skewness of distribution, which bears the actual problem for-
mulation: a vehicle relocation problem. A comprehensive literature review provides
various approaches for station-based BS Systems and also studies, which are appli-
cable to the present problem e.g., the vehicle imbalance problem of Car Sharing (CS)
Systems. Only few approaches concern the free-floating case, i.e. theymostly address
station-based Vehicle Sharing (VS) Systems.
Further, different strategies for fleet relocations are expounded in detail. Operator-
basedmethods and incentive-regulated, so-called user-basedmethods are presented.
Concerning the latter, studies can be scarcely found especially dealing with free-float-
ing systems. Based on this limitation, the research gaps are framed.
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2.1 Bicycle Sharing Systems: an Overview

2.1.1 Evolution of Bicycle Traffic in the last decades

Until the 50s of the last century, the bicycle was regarded as one of themost important
means of transportation inGermany. Due to theWirtschaftswunder (theGerman eco-
nomicmiracle) in 1955, a sharp increase inmotorization proceeded and bicycle traffic
slid into obscurity. Owning a car and its usage was a status symbol until the late 90s
of last century. Since then however, this trend has been declining and bicycle traffic is
gaining importance once again, especially in urban areas. This is supported bymodal
split data. In Munich for instance, in 1998 8% of all trips were realized by bicycle. This
percentage evolved to 17.4% in 2011 [45, 82]. In Vienna, car traffic was reduced from
40% in 1993 to 27% in 2014 due to policies making car use slower and less convenient
while creating better conditions for public transit (PT) and bicycle traffic at the same
time [22].

Nowadays, a significant proportion of citizens particularly in metropolitan areas are
loath to be stuck in congested traffic every day or be dependent on PT. Cycling is a
time-efficient mode of transportation - especially in urban areas for distances up to
5 km [43]. Besides that, cycling is a sustainable and environmentally-friendly traf-
fic mode. Concerning safety for cyclists, studies in several cities and countries have
shown that the higher the bicycle modal share, the fewer bicycle accidents occur in
relation to overall bicycle trips. This ismainly caused by an increased appearance and
perception of cyclists on the road [3, 54, 99, 120].

In keeping with the sharing economy [55], a major component for cycling promotion
in urban areas - besides the extension of cycling infrastructure [21, 144] - is provided
by implementing BS Systems. Such systems create additional upswing for cycle traffic
overall (e.g., in Paris [85]) as they increase the perception of the bicycle as a trans-
portation mode and appeal to different user groups: commuter trips as well as trips
for leisure are made by shared bicycles (see also [26]). Conventional BS Systems allow
one-way-trips, i.e. the vehicles can be dropped off at a station close to the desired des-
tination (at best) and users do not have to return them at the point of origin [77]. This
attribute promotes trips that would not be feasible by private bicycles.
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In consequence, BS Systems turn out to be a flexible and convenient mode of trans-
portation [23]. Further, BS Systems close the last mile and allow a convenient ap-
proach to the nearest PT stop. Martens even characterizes the bicycle as a feedering

mode [71] and states that thismulti-modal behavior is prevailing fordistancesbetween
2 and 5km to a PT stop.

2.1.2 Four generations of Bicycle Sharing Systems

Within the past 50 years, BS Systems literally reinvented thewheel over andover again.
The evolution from plain, low-tech BS Systems to systems well-provided with innova-
tive and groundbreaking technology can be categorized into four generations. The
corresponding timeline is illustrated in figure 2.1.

In 1965, the first generation of BS Systems kicked-off in Amsterdam. The so-called
Witte Fietsen ("white bicycles") were simple, white painted bicycles for public use. No
registration or prior identification was needed, as the unlocked bicycles were spread
among the city for everybody’s usage. This idealistic and non-materially motivated
system collapsed within days because bicycles were vandalized or turned into private
bicycles by using a private lock [34].

It took almost 30 years for the second generation of BS Systems to arise. In a few
small towns in Denmark in 1991 (see [91, 112]) and in 1995 in Copenhagen under the
name of Bycykler København. The bicycles were more rugged (solid tires and a stable
frame) and hence a bit more vandalism-proof. Pick up and drop-offwas possible only
at specific locations within the city center andwas controlled by a coin deposit. These
enhanced features prolonged the operating period and the system’s persistence, but
since customers could use the system anonymously, the fleet got more and more de-
pleted.

This unresolved issue led to third generation of BS Systems with improved customer
tracking: launched in 1995 at Portsmouth University in England, Bikeabout was the
first BS System that required a prior registration before usage [15, 33, 131]. The reg-
istered customers received a magnetic stripe card that allowed to rent a bicycle and
identified the respective user at the same time. Such systems continue to operate in
various cities around the globe up to today [18, 27, 125] and have beenmodernized by
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FIGURE 2.1: Timeline and development history: four generations of BS Systems, picture sources [14, 38, 89, 129]
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mobile phone access, on-board computers and integration of e-bikes e.g., the BS Sys-
tem gobike in Copenhagen that solely supplies e-bikes [52].

Within the three generations the systems evolved from flexible programs to station-
based systems. Thereafter, amoreuser-friendly and convenient systemdesign revived
and builds up the fourth generation, the so-called free-floating BS Systems.

In 2001, the German Rail launched this new type of BS System Call a Bike [24]. Unlike
a station-based system, the bicycles are free-floating, meaning that the user can rent
and return a rental bicycle everywhere within a clearly defined operating area, with
contemporary constraints though:
back in 2001, rental and returnwas only possible at public phoneboxes, where the user
literally had to "call a bike". Dialing the number on the favored bicycle, the computer
voice on the phone provided a code for the electronic lock to open [128].

The entire process improved significantly over time by cell phones and especially by
the usage of smart phones nowadays. Since 2013, the bicycles have been equipped
with GPS devices, which makes this system very user-friendly: finding the nearest bi-
cycle and renting it is possible via a smart phone application, as well as the billing
after payment verification. Users can even return bicycles outside the operating area,
though this is subject to a service charge as the operator has to collect the dispersed
bicycles eventually.

This special type of BS System is not (yet) very common. In Berlin for instance, such
a free-floating BS System was shut down in 2011, because of high cost in operation
andmaintenance [93]. InMunich, an additional hybrid BS SystemMVG Rad (see also
figure 2.3 in the subsequent section)was launched in fall 2015 by theMunichTransport
Corporation [84]. This system allows rentals and returns not only at the stations, but
also has a free-floating operating area, where users can rent and return the bicycles
flexibly. In China, the free-floating BS SystemsMobike [81] have been launched in nine
cities since April 2016 and are considered to be a technical innovation in BS Systems.
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2.1.3 Bicycle Sharing Systems nowadays and their impact

Numerous cities all over the globe have followed the trend to promote cycling and im-
plemented public BS Systems over the last few years [112], and new systems are added
each year, as illustrated in figure 2.2 (top). At the end of 2016, almost 1200 BS Systems
were spread around the globe and this number is increasing each year.
The continents to have implemented the most BS Systems are Europe and Asia, fol-
lowed byNorth and South America, Oceania andAfrica as illustrated in figure 2.2 (bot-
tom left).
According to [35], at the end of 2015 China’s fleet of bicycles in public BS Systems was
greater than the entire world’s fleet at the end of 2014. This fact is visible in figure 2.2
(bottom right) as well: in 2016, 83% of all public bicycles worldwide were operated in
a BS System in China.

FIGURE 2.2: GrowthofBSSystems in cities (top), their distributionworldwide (bottom
left) and total fleet sizes (bottom right), sources: [35, 103]
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FIGURE 2.3: Illustrationof differentBS System types: station-based (top), free-floating
(center) and hybrid (bottom)



16 Chapter 2. State of the Art

Nowadays, the majority of existing BS Systems are station-based, i.e. they are as-
signed to the third generation. As illustrated in figure 2.3 (top), showing Capital Bike-
share inWashingtonD.C., station-basedBSSystems comprise a set of docking stations
within a certain surrounding, the city boundary for instance. Users can rent and re-
turn bicycles only at these docking stations.
In free-floatingBSSystems, no docking stations are required, as depicted in figure 2.3
(center), showing the free-floating BS System Call a Bike in Munich. There is a prede-
fined operating area (blue area) within which the free-floating bicycles can be rented
and returned. The bicycles are equipped with GPS devices so that they can be found
and rented by users and also be retrieved by the operator.
The third system type is a fusion of both stated system types: the hybrid BS System

MVG Rad in Munich, illustrated in in figure 2.3 (bottom). There is a free-floating area
(green area) and additional docking stations, within and also outside the free-floating
area. That means: if users want to ride beyond the free-floating boundary (gray area),
they have to return the bicycles to a docking station. Within the free-floating area, they
can decidewhether to return the bicycles to a station (a discountmay apply) or to lock
them individually at the desired destination.

An overview of selected BS Systems and their respective fleet size, system type and
pricing scheme is given in table 2.1.
Concerning station-basedBSSystems, threewell-knownsystemsamongavarietyhave

System launched
in

fleet
size

system
type

# of
stations

pricing

Vélib,
Paris

2007 20 000 station-
based

1 800 1.70e/day→
30min free/trip [125]

Santander Cycles,
London

2010 11 500 station-
based

750 2£/day→
30min free/trip [107]

Capital Bikeshare,
Washington D.C.

2010 3 700 station-
based

440 2$/trip
up to 30min [27]

Call a Bike,
Munich

2001 1 400
[142]

free-
floating

- 1e/30min
(+3e/year) [24]

Mobike,
Shanghai

2016 80 000
[115]

free-
floating

- 1CYN/30min [116]
=̂ 0.14e/30min

MVG Rad,
Munich

2015 1 200
[142]

hybrid 84 0.08e/min [84]

TABLE 2.1: Overview of selected BS Systems operating in different system types
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been selected in the cities Paris, London andWashington, D.C. As free-floating BS Sys-
tems are rather unusual, table 2.1 presents two known systems of this kind, namely in
Munich and Shanghai. The second BS System inMunich features a unique character-
istic: a hybrid system type, which is also listed in the table.
The pricing systems vary, especially if users subscribe to annual memberships for in-
stance. The pricing listed in table 2.1 refers to single trips without any subscription.
In case of annual memberships each trip up to 30 minutes is for free, which is a good
bargain for frequent users. Such annual passes cost 29e for Vélib, 90£ for Santander
Cycles and 85$ for Capital Bikeshare.

Vélib’, Europe’s biggest BS Systemwas established in Paris in 2007. By now, more than
20 000 bicycles are available at 1 800 stations, users can typically access a stationwithin
a 300 meters distance [125].
One of the main goals of implementing Vélib was the reduction of motorized private
transport. As stated in [97], 10% of the 25million bicycle trips substituted a former car
trip in the first year of operation. Especially in urban areas, the implementation of
such systems can help to reduce congestion and emissions [46, 105].
In Washington D.C. 55% of respondents in a 2014 survey said they used a car less fre-
quently since joining the local BS System Capital Bikeshare [26, 27].
Furthermore, such systems can shift trips from an overloaded PT system. In London,
a survey of customers revealed that 54% of the realized rental bicycle trips would have
been done by PT without an existing BS System [123]. Martin et al. conclude in [72]
that
"shifts away from public transit are most prominent in core urban environments with

high population density. Shifts toward public transit in response to bikesharing appear

most prevalent in lower density regions on the urban periphery."

The former statement refers to trips that were previously realized by PT and now by
shared bicycle, whereas the latter refers to BS as a feedering mode (see [71]).
There is a certain impact of BS Systems on other modes of transportation. On the one
hand BS Systems reduce private motorized traffic and thus reduce emissions [4] and
on theother hand theyhelp to relievePToverloads. Eitherway, such systems evidently
increase bicycle traffic.
In summary, BS Systems can contribute toCO2avoidance andhence increase the level
of livability of a city (see also [141]).
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2.2 Bicycle Sharing System Setup

The success of a BS System hinges on reasonable planning: multiple studies address
the optimal fleet size, station-to-station distance as well as the optimal station alloca-
tion [50, 73] dependent on a spatial and temporal demand distribution. In case of a
free-floating BS System this question is reduced to an initial FD within the operating
area. In station-based systems however, the stations’ implementation requires careful
consideration. The following sections provide approaches for treating RQs 3a and b. If
a low utility level is caused by a disadvantageous FD, appropriate strategies can help
to reach a more balanced fleet status.
A summary of existing studies referring to a priori planning of BS Systems is outlined
in table 2.2 and discussed in the following sections.

2.2.1 Bicycle Sharing System design

In station-based BS Systems, docking stations are mostly linked to public transport.
By providing additional stations, the users benefit from closing the first and last mile
by bicycle, unlike walking to a public transport station. To minimize the walking dis-
tance to the next public bicycle station, the system has to be quite dense. The higher
the number of available stations, the more convenient the usage and, consequently,
the greater the willingness to travel by bicycle instead of by car or PT [112].
This feature is perfectly resolved in free-floating BS Systems for users - on condition
that the fleet is well distributed. In a worse case, users have to walk a certain distance
to approach the nearest available bicycle, but at least they can return it directly at their
desired destination (assuming it is still within the operating area). In a station-based
system though, the stations’ allocation needs thorough planning. The Bike Sharing

Planning Guide [63] provides diverse guidelines that should be considered in the pro-
cess of planning with a practical orientation:

1. minimum system coverage area: 10 km2

2. station density: 10 − 16 stations per km2

3. bicycles/resident: 10−30 bicycles for every 1 000 residents (within coverage area)

4. docks per bicycle ratio: 2 − 2.5 docking spaces for every bicycle
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Study Focus Approach Objective System
Type

García-Palomares et al. [50] Optimal station locations Geographic information
system

Maximizing covered
demand

BS

Krykewycz et al. [68] Defining operating area Geographic information
system

Maximizing covered
demand

BS

Lin and Yang [70] Optimal station numbers / locations;
Optimal network structure of bicycle
paths / travel paths between stations

Optimization Maximizing covered
demand

BS

Romero et al. [106] Optimal station locations Optimization Maximizing efficiency
and covered demand

BS

Martinez et al. [73] Optimal station locations / fleet size Optimization;
Simulation case study

Maximizing operator’s
profit

BS

Sayarshad et al. [108] Minimal fleet size;
Relocation

Optimization Minimizing unmet
demand / number of
bicycles / relocations

BS

Shu et al. [113] Optimal station sizes;
Relocation

Estimation of bicycle
flows; Simulation

- BS

Barth and Todd [7] Measures of effectiveness;
Optimal fleet size

Simulation Minimizing wait times /
number of relocations

VS

Cepolina and Farina [29] Optimal fleet size / vehicle distribution Optimization Minimizing vehicle costs
and wait times

CS

TABLE 2.2: Optimal System Design of Station-Based VS Systems
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These quantities are rough indications and dependent on the specific city, land use,
population density etc.
There are several studies and design models from a more theoretical point of view
[83, 92]. Morency et al. stated in [83] that the optimal system design, i.e. fleet size and
station allocation, can reduce the system’s fleet imbalances. Ergo: if the initial setup
of a BS System is optimal, fleet imbalances can be kept within a limit and cost for extra
relocation trips can be saved. In order to find thesemeasures, further empirical values
or models are required.

To determine the optimal fleet size of a BS System, Sayarshad et al. [108] created a
mathematical model by determining theminimum required fleet size that minimizes
simultaneously unmet demand, unutilized bicycles and necessary relocation trips.
Shu et al. [113] captured bicycle movements by network flow modeling. They deter-
mined the total trip numbers the systemcan supplywith an initial FDand the required
station size. As a result, they stated that a previously computed and realized bicycle
allocation enhances the overall system’s performance compared to a random bicycle
allocation. Lin and Yang optimized the strategic planning of station-basedBS Systems
with a Nonlinear Integer Program (NIP) formulation [56, 70]. On the one hand, oper-
ator’s interests are considered by suggesting optimal station allocation and respective
station sizes. On the other hand, this model represents the user’s needs by maximiz-
ing covered demand and optimizing the network structure of bicycle paths and travel
paths between stations. Another approach is given by Romero et al. in [106]. The au-
thors simultaneously modeled private car and BS transport modes by using modal
split data and the assignment of eachmode’s trip to the network. The objective was to
find optimal station locations in order to design the entire transport system to be as
efficient and sustainable as possible in an economic and social context.

All existing studies address the optimal BS Systemdesign fromdifferent points of view.
However, a crucial input variable - if not the most important one - is the prevailing
demand at the stations or in different locations of the operating area. This demand is
very likely to change during the day and cannot be set as a static measure. Therefore
a review of studies on demand forecasting is given in the following section (also listed
in table 2.2).
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2.2.2 Approaches to demand predictions

Current, location-dependent demand patterns help to assemble the data inputs for
the system design and are also usable for further strategies to keep the BS System bal-
anced. Demand predictions arise from various perspectives: traffic counts, surveys,
PT usage numbers and booking data of VS Systems can provide the basis for this.
Jones and Buckland estimated bicycle and pedestrian demand in [64]. The authors
therefore countedbicycle andpedestrian trafficandmerged the resultswith social fac-
tors and land use data. Krykewycz et al. used a GIS analysis to obtain a potential mar-
ket area in [68]. The authors identified two different market areas with respective pre-
vailing demand potential for a BS in Philadelphia. The demand was scaled by knowl-
edge transferred from other BS Systems. Data analyses from peer European cities, i.e.
the daily BS trip diversion rates, were applied to thesemarket areas. Borgnat et al. [17]
and Kaltenbrunner et al. [66] derived the demand from booking data as well for the
existing station-based BS Systems in Lyon [126] and Barcelona [12]. Firstly they visual-
ized thebicycle trips and studied rental numbers for each station separately. Secondly,
they determined the flow of the entire system by taking into account all stations and
their interdependencies. The authors thus revealed a dynamic spatial demand distri-
bution.
Nair et al. [88] created different short-termdemand scenarios computed on a stochas-
tic basis and scaled by historical booking data. As a result, the authors present flow
patterns for the BS System in Paris.
More general studies concerning Vehicle Sharing (VS) Systems were carried out by
Barth andTodd [7]. The authors estimated the optimal fleet sizewith the help of a sim-
ulationmodel, includingdifferent scenarios for current demand. Results providedop-
timal fleet size recommendations with respect to minimize customers’ waiting times
and required relocations. Similar studies concerning Car Sharing (CS) can be found.
In [29], Cepolina and Farina designed an optimization problem that minimizes cost
and waiting times in order to determine the optimal fleet size for a CS System.
Once the demand is estimated, the grade of imbalances can be evaluated, assuming
the current FD is known. The resulting problem - lack of bicycles and surplus bicycles
respectively at several stations/in different parts of the operating area - requires an ap-
proach to resolve it; therefore the vehicle routing problem is discussed in the following
sections.



22 Chapter 2. State of the Art

2.3 The Vehicle Relocation Problem

Inmany VS Systems vehicle imbalances occur from time to time. For station-based BS
Systems, this hypothesis has been proven by many studies (see also [109, 113]). Such
systems allow one-way trips e.g., users may return bicycles at different stations.

Additionally, temporal demand oscillations can occur [132], leaving some of the sta-
tions empty and others overcrowded at the same time. These states are depicted in
figure 2.4. The left part shows a full station of Capital Bikeshare, where potential users
cannot return their bicycles anymore. The right part of figure 2.4 illustrates the op-
posed case: the station is empty and consequently no rentals are possible right now.

FIGURE 2.4: Full station (left) [5] vs. empty station (right) [76] in the BS System
Capital Bikeshare in Washington D.C. [103]

Some station-based BS Systems allow returning bicycles even at full stations, i.e. next
to the docking station, provided that the bicycles are lockable individually. In figure
2.5, a docking station of the station-based BS System StadtRAD in Hamburg [117] is
shown: this docking station is surrounded by additional 150 returned bicycles and the
station and nearby areas are clearly over-saturated.

In general, some stations are rather origins of trips (e.g., at the central station after a
train ride) and hence tend to empty out. Accordingly, other stations are rather desti-
nations of trips and thus are given to filling up. These imbalances can constrain the
entire performance of the BS Systems, as both rentals and returns are only possible at
a limited set of stations and thus the short-term demandmight be unmet [87].
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FIGURE 2.5: Overcrowded docking station in the BS System StadtRAD in Hamburg
[24, 117]

In free-floating BS Systems, the problem of full stations cannot occur, as there is no
capacity limitation in public space to return bicycles. At times though, parts of the
fleet can cluster in some areas. Besides the Call a Bike flex BS Systems in Germany
[24] (currently inMunich, CologneandFrankfurt) andMobike inChina (since 2016), no
further sheer free-floatingBSSystemsare existent and consequently existing literature
doesnot cover such systems’dynamics thoroughly. However, it is assumed thatbicycle
imbalances also occur in the free-floating case, i.e. someareas are under-supplied and
show a lack of bicycles (comparable to an empty station). Further, the prediction of
potential imbalancesmight bemore complex, asmore spontaneous usage is a feature
of free-floating VS Systems.

Moreover, it is knownof free-floatingCSSystems that theOrigin/Destination-relations
are asymmetric, as stated in [134]. This is additionally caused by a variation of trip
purposes on different days. In studies referring to a free-floating CS System inMunich
[69, 80], the authors found different major trip purposes on Sundays ("driving home",
"leisure activity" and "picking someone up") andweekdays ("shopping trip" and "trip
to work"). In consequence, vehicle imbalances are rather likely to occur in turns be-
tween weekends and weekdays.

In termsof a potential rebalancingprocess, relocatingbicycles is a lot easier compared
to cars, as up to 25 bicycles (concerning Capital Bikeshare in Washington D. C. [25])
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FIGURE 2.6: A relocation vehicle in Verona [13], picture: Klaus Bogenberger, 2012

can be transported by an appropriate relocation vehicle. Figure 2.6 shows a relocation
vehiclebelonging to theVeronaBike BSSystem. This vehicle cancarryup to 24bicycles
and conveys them on two platforms.

Comparing station-based and free-floating BS Systems, the relocation process for the
free-floating case is aggravated, as specific surplus bicycles (spread in the operating
area) have to be chosen and dropped off at optimal locations, which have to be found
or defined. The dispatchers of Call a Bike in Munich figured out certain hot spots

where they usually put surplus bicycles e.g., near the central station or close to the
university. Further, as mentioned in an interview [118], realized relocations are based
on gut feeling, do not follow a specific strategy and are carried out a few times per
week.

Smart relocation strategies (RS) can make the relocation process more efficient and
also enhance the performance and utility level of the entire BS System. Therefore the
vehicle relocation problem (VRP) has to be solved and tailored to the specific needs of
the considered system.
In general, the VRP can be categorized into three classes for all types of BS Systems:

1. optimizing the system design in advance to prevent major imbalances

2. elimination of occurred imbalances by a conventional relocation route

3. incentivize users to make them relocate the fleet

Class 1 defines proactive and rather static steps which are already discussed in section
2.2. This is rather an a priorimethod in order to implement the (future) BS Systembest
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possible. An efficient systemdesign (i.e. appropriate location and number of stations,
fleet size) can help stem the degree of occurring imbalances. In the free-floating case,
these prior implementing options are limited to defining the fleet size and operating
area.
Classes 2 and 3 comprise reactive steps, i.e. they work on the running system and are
dynamic. The former represents the operator-based RSs and the latter refers to so-
calleduser-basedRSs. Both schemes are expounded indetail in the following sections.

2.3.1 Operator-based strategies

Inmost operator-basedRSs, oneormore routes for relocation vehicles aredetermined
by computation. From a theoretical point of view, amathematical optimization prob-
lem has to be solved.
A summary of the presented operator-based RSs is outlined in table 2.3.

Most studies (see [1, 100]) define the resulting VRP as a MILP, a Mixed Integer Linear
Program. Angeloudis, Hu and Bell referred to amultiple Travelling Salesman Problem
(TSP) approach in [1], which finds the optimal route between all stations that need to
be rebalanced. This TSP formulation can be solved by diverse exact and approximate
approaches (see also [9, 57, 137]). Within this TSP formulation, different objectives can
be defined, such as "minimizing relocation cost" or "maximizing operator’s profit".
Additional side conditions are provided by constraints like capacity limitation of the
relocation vehicle or timeout for the relocation process.

Another problem classification is often used in order to solve a VRP: so-called Pickup
andDeliveryProblems (PDPs). Dell’Amicoet al. [32] specified thisbyaone-commodity
PDP with additional capacity constraints. Their objective was to minimize relocation
cost, similar to Benchimol et al.’s study in [10]. Vogel et al. set up a MIP formulation
for a station-based BS System in [127]. The optimization problem was formulated in
order to obtain optimal fill levels at all stations and minimal cost at the same time.
Brinkmann et al. [19] proceeded similarly. For an efficient execution of the relocation
routing, the authors used a variable neighborhood search in order to divide the set of
stations into appropriate subsets which single relocation vehicles are assigned to.
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Chemla et al. [30] and Schuijbroek et al. [109] focus on efficient relocation perfor-
mances as well, by planning different, simultaneous relocation routes in order to ob-
tain routes and schedules for staff operation planning. For this purpose, Schuijbroek
et al. designed a heuristic that combines a Clustering Problem (station-to-station
routing) with service level feasibility constraints.

Miller-Hooks andNair [87] formulated a stochasticMILPwith joint chance constraints
to detect efficient operator-based relocation routes withminimal costs for VS Systems
in general. Different demand constraints have to be satisfied while minimizing cost
was the prior objective. In [88] the authors applied this model to the BS System Vélib

in Paris, resulting in routing plans for several relocation vehicles. This strategy ensures
that available surplus bicycles and concurrently free or empty docking stations get
rebalanced andmost short-term demand scenarios are met.

Further studies exist for CS Systems. The respectivemethods are similar to previously
described strategies for BS Systems and therefore are applicable for diverse system
types. Themain difference appears in performing the relocation: in CS Systems, vehi-
cle relocations have to be realized for each automobile separately and hence aremore
time-consuming and cost-intensive.

Jorge et al. designed a relocation model that maximizes the operator’s profit in [65].
The authors subsequently compared the results to a simulation model that repre-
sented the relocation scenario of CS System in Lisbon, Portugal.

Weikl developed a mesoscopic relocation model for free-floating CS Systems [134]. In
order tomaximize the operator’s profit and concurrently tominimize unmet demand,
Weikl solved an optimization problem, which yielded optimal vehicle distributions
and also staff operation planning for performing the relocation steps. This strategy
was validated within several real-world field tests. As a result, conducted relocation
trips led to higher booking numbers in the subsequent time period due to a better
vehicle distribution.
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Study Focus Approach Objective System
Type

Angeloudis et al. [1],
Raviv et al. [100]

Relocation Optimization Minimizing unmet
demand

BS

Benchimol et al. [10],
Dell’Amico et al. [32]

Relocation Optimization Minimizing cost BS

Brinkmann et al. [19],
Vogel et al. [127]

Relocation;
Station allocation

Optimization Optimal fill levels/
minimizing cost

BS

Chemla et al.[30] Staff operation
planning

Optimization Minimizing relocation
costs

BS

Schuijbroek et al.[109] Optimal vehicle routing;
Service level requirements

Optimization;
Clustering Problem

Minimizing relocation
costs

BS

Nair et al. [88] Relocation Optimization;
Simulation

Minimizing unmet short-
term demand / Deriving
vehicle
redistribution plans

BS

Nair andMiller-Hooks [87] Relocation Optimization;
Simulation case study

Minimizing relocation
costs

VS

Jorge et al. [65] Relocation;
Optimal station locations

Optimization vs.
Simulation

Maximizing operator’s
profit

CS

Weikl [134] Relocation;
Staff operation planning

Optimization;
Simulation

Maximizing operator’s
profit / Minimizing unmet
demand

CS

TABLE 2.3: Solving the Vehicle Imbalance Problem Of Station Based VS Systems - Operator-Based Relocation Strategies
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2.3.2 User-based strategies

Besides the proactive interventionby the operator, someBS Systems implemented so-
called user-based RSs. Such schemes mostly ground on incentives for users to make
them take certain trips at a reduced fare. In a short-term sense, this might decline
the operator’s profit. Taking into account a better fleet distribution due to user-based
relocation trips, such RSs can even lead to a long-term profit increase.

In most BS Systems, such price reductions are addressed to users without a subscrip-
tion. Frequent users with annual pass, for example, can ride for free for up to 30 min-
utes per trip, hence there is no additional value for this user group.

In general, there are different options to grant incentives: some BS Systems offer extra
minutesor free rides for following trips. Otherpricing schemescredit viabonuspoints,
reduced fares or directly in the form of cash.

The BS System Vélib’ in Paris launched a dicount pricing scheme in 2008. Before then,
the stations located uphill e.g., in Montmartre were always empty and a persistent
station balance could not be preserved by operator-based relocations. Consequently,
the operator offers a simple and transparent discount scheme if users return bicycles
to "one of 100 stations perched over 60meters above the rest of the city" [16]. In this case,
users get a credit of 15 minutes of free riding.

In London the Barclays Cycle Hire (as of March 2015 Santander Cycles [107]) incen-
tivizes or rather compensates their users reversely: if users approach a full station,
they get an extra 15 minutes of free time to cycle to the next one [59]. Additionally, the
operator runs complementary redistributions daily on weekdays between 8 a.m and
10 p.m. with sometimes nearly 30 repositioning vehicles.

These real-world strategies are usually derived from theoretical approaches. All pre-
sented studies are listed in table 2.4.

Pfrommer et al.[94] designed a user-based relocation scheme and applied it to Lon-
don’s Barclays Cycle Hire. The authors stated that appropriate price incentives could
keep the service level above 87% on weekends. During the week, such strategies are
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Study Focus Approach Objective Incentives System
Type

Pfrommer et al. [94] Relocation Monte Carlo method;
Simulation

Balancing supply /demand;
Minimizing operator-based
relocations

pricing
incentives

BS

Fricker and Gast [48] Relocation "power-of-two-choices"-
modeling

Balancing supply /demand;
reduction of empty stations

advice for
return station

BS

Waserhole et al. [132, 133] Relocation Markovian formulation of a
closed queuing network;
Fluid approximation;
Case study

Maximizing operator’s
profit

pricing
incentives

VS

Di Febbraro et al. [37] Relocation Discrete event systems;
Optimization;
Simulation case study

Maximizing operator’s
profit

pricing
incentives

CS

Barth et al. [8] Relocation Simulation;
Real-world university setting

Minimizing relocations trip splitting /
joining

CS

Uesugi et al. [124] Relocation;
Optimal fleet
size

Optimization;
Simulation case study

Minimizing unmet demand trip splitting /
joining

CS

TABLE 2.4: Solving the Vehicle Imbalance Problem Of Station Based VS Systems - User-Based Relocation Strategies
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not sufficient and have to be supplemented by the operator. The results rest on a
Monte-Carlo method based on historical booking data. Similar models and simula-
tions can be found referring to different objectives.

Fricker and Gast built up a stochastic relocation model in order to reduce empty and
full stations in [48]. By suggesting users return to the least loaded of two stations, the
authors obtained significant improvements of the overall fleet balance.

Waserhole et al. [133] set up auser-basedRS throughpricing incentives for VS Systems.
With thehelp of aMarkovian formulationof a closedqueuingnetwork the authors aim
for self-regulation of the VS System bymaximizing the operator’s profit.

For user-based RSs in BS Systems mathematical approaches, formulations and ob-
jectives may remain the same as for CS Systems. Di Febbraro et al. [37] for instance
carried out a simulation case study based on discrete event systems for station based
CS Systems. The authors determined an optimal pricing incentive pattern in order
to maximize the operator’s profit. Barth et al. [8] evaluated a real-world implemen-
tation on campus by simulating the effects of trip splitting and and trip joining. The
former refers to the case if users want to travel from a station with too many vehicles
to one with a shortage. Then they were incentivized to drive separate vehicles. The
latter refers to the opposed case: if users want to travel from a station with a shortage
of vehicles to one with surplus, ride sharing was promoted.

A similar approach of pricing incentives through trip splitting and joining is exam-
ined by Uesugi et al. in [124]. The model itself can be easily applied to the BS System
case. The incentive strategy however, has to be transformed into pricing incentives,
as neither trip splitting nor trip joining is feasible on a conventional bicycle.

This section presented various approaches of different RSs and their according per-
formance. An overview of evaluationmethods in order to quantify the impact of such
performed relocations is given in the following.
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2.3.3 Impact and value of relocations

As known for existing BS Systems such as Capital Bikeshare and Vélib, relocation trips
have to be performed in order to keep the system running (see [16, 25]). In conse-
quence, these relocations have a significant impact on the utility level of the entire BS
System.

However, clear statements on performance values are hard to determine, not least be-
cause it is almost impossible to compare the same system under identical circum-
stances simultaneously without any relocation interventions and by applying RSs to
it respectively.

In previous sections, different models and tools for such RSs were examined. In or-
der to rebalance bicycle stocks at stations or in the operating area in general, vari-
ous methods following different objectives were outlined. To quantify the success of
such methods, i.e. the grade of fulfilling these objectives after performing the respec-
tive strategies, appropriate evaluation and testing is required. Different evaluation
approaches are found and outlined in this section.

Barth et al. carried out a performance analysis of their RS, by applying it to a real-
word testbed in [6]. This testbed was the station-based VS System operating on the
University of California, Riverside campus. The overall efficiency is evaluated by pre-
viously defined performance measures that indicate required vehicle relocations to
complywith the required stock distribution. Weikl andBogenberger performed a real-
world field test for the free-floatingCS System inMunich in [135]. The authors revealed
that due to the operator-based relocationmethod at night, the overall system’s perfor-
mance during the following day was increased concerningmeasures like idle times of
the fleet, more generated trips and thus additional profit.

If a real field test is not feasible, alternative validation schemes have to be designed.
Hence Jorge et al. carried out a simulation model to study different real time reloca-
tion policies in [65]. As a result the authors stated that the operator’s profit can be
enhanced, even with increased costs due to relocation trips. Preisler et al. designed
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a simulation architecture based on a multi agent system (see [95, 96]). Hereby a user-
based strategy was evaluated. The simulations were run for different test cases in de-
pendence on the users’ cooperativeness. This approachprovides a data-adaptive sim-
ulation, where real data canbefilledondemandand suitablemicroscopic simulations
are implemented.

2.4 Research Gaps

This chapter mainly presented approaches and tools for station-based VS Systems,
especially for station-based BS Systems. The free-floating case of VS Systems is rarely
covered by literature, relevant literature for BS Systems is not existent. Some analy-
ses are applicable to the present case, namely a free-floating BS System - however, the
transferability is limited. By dividing the free-floating operating area into zones, ar-
tificial bicycle docking stations can be created. Nevertheless, the systems’ dynamics
may differ highly.

Referring to the system design in section 2.2, the suggested prior station allocation
ibidem is not suitable for the free-floating case. As there is only the operating area
limitation without any stations, an initial FD cannot be orientated by static docking
stations and needs further considerations. In addition, this is compounded by lacking
knowledge of dynamics of free-floating BS Systems. Ergo an empirical data analysis

is required.

Methods for demand estimations are scarce. They exclusively cover demand predic-
tions on a station-based level. Demand patterns can vary and evolve if there are no
spatial restrictions by docking stations. Further, the main approaches only take into
account booking data, with no respect to invisible demand, i.e. potential unfulfilled
demand in case of empty stations. Referring to a free-floating CS System, Niels and
Bogenberger [90] investigated app requests of users in order to find the nearest avail-
able vehicle. The study revealed that a good spatial vehicle distribution is crucial for
trip accomplishment. If the distance to the nearest vehicle is greater than 500 me-
ters, the probability for a booking is significantly decreased. Within that, the unmet
demand could be captured.
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Existing demand predictions at BS System stations are mostly static and not time-
dependent during one day. For a well-balanced fleet at all times, demand patterns

for shorter time periods have to be predicted.

For RSs in general, various approaches can be found. The methods on station-based
VS Systems are only partly applicable to the free-floating systems, as the vehicle rout-
ing comprises not only a finite set of stations but requires pick-ups and drop-offs
within the entire operating area. For the free-floating case though, only studies of CS
Systems exist. This gap is hard to overcome as the relocation process for automobiles
is entirely different from that for bicycles: whereas the redistribution can be carried
out for a multitude of bicycles within one single relocation route, all vehicles have to
bemoved separately inCSSystems. A specificoperator-basedRS tailored to theneeds
of a free-floating BS System is required.

The literature review listed some user-based RSs. Again, for the present free-floating
case, the range is not comprehensive. Referring to CS Systems, such incentive strate-
gies are not entirely transformable or applicable (for instance trip splitting and join-
ing). Further, incentive patterns for BS Systems only exist at a station-level. The po-
tential for user-based relocations may vary if applied to a free-floating BS System

and therefore new incentive approaches have to be specifically designed. The return
of a bicycle is not confined to a station, in consequence trip incentive schemes are
even more challenging as the user’s destination is unknown. Therefore a predictive
approach is deployed in order to estimate the user’s willingness for relocation trips.





Chapter 3

Empirical Data Analysis

In this chapter of the dissertation, booking data from the free-floating BS System Call

a Bike inMunich are analyzed in detail. As a result, fleet imbalances are identified and
in consequence, a need for bicycle relocations is proven.
First, the considered system and the available data set are introduced. Second, book-
ing data are analyzed temporally and the impact of weather conditions is validated.
Different time slots and day types which provide similar booking patterns are identi-
fied and defined. In a next step, a spatial data analysis is conducted by partitioning
the operating area into zones. Thismakes it possible to identify highly attractive spots
in the operating area from less popular ones.
Finally a spatial and temporal fleet evolution can be read out during different time pe-
riods at a zone level and builds the foundation for further steps regarding a potential
fleet redistribution.
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3.1 Description of the Data

This section provides information about the available data sets and presents the basic
tools for filtering and exploitation of the data.

3.1.1 Booking data

The basis of this work is the booking data from the free-floating BS System Call a Bike

in Munich (see also section 2.1.3). Within the files, following data for each trip have
been recorded:

1. bicycle number

2. customer ID (anonymous)

3. start date and time of booking

4. end date and time of booking

5. start coordinates of booking (long./lat.)

6. end coordinates of booking (long./lat.)

In figure 3.1, an excerpt of the raw data is shown. The data set comprises the time
period of the entire year 2014. The first entry is relevant to calculate the idle times at

FIGURE 3.1: Excerpt from raw booking data 2014, processed by Excel
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a vehicle level. For the initial data analysis, the exact time and location of every trip
is crucial. The start and end locations respectively are provided by GPS coordinates.
The GPS device on the bicycle does not track the entire trip, only the start and end
position. Therefore it is hard to estimate the trip purpose, especially if it was a round
trip for instance. In section 3.2, trip purposes are derived from trip durations and time.
Further, time-depending booking patterns are identified.
In section 3.3, a spatial booking analysis is carried out, based on the start and end
coordinates respectively.

3.1.2 Weather data

In general, the usage of Sharing Systems is very sensitive to weather conditions. This
fact seems rather obvious, but a definition and distinction of certain weather condi-
tions has to be made in order to find evidence. To investigate this impact on bicycle
traffic, especially on the free-floating BS System in Munich, historical weather data
from DWD (Deutscher Wetterdienst, German Weather Service, [36]) was evaluated in
the relevant time period. This data set provides temperature, wind and precipitation
in hourly intervals, measured inMunich’s city center. These data are free and accessi-
ble on the referenced website.

3.2 Temporal Analysis

To get a first overviewof the annual booking behavior, figure 3.2 illustrates the booking
numbers for each day in the booking period of the year 2014, i.e. from March 17 to
December 15, as well as a smoothed booking trend curve (dashed line).

At first sight, the booking behavior looks quite unsettled: there are many highs and
lows, presumably caused by various weather conditions and public events.

The purplemarks in figure 3.2 indicate goodweather conditions: betweenMay 20 and
May 22, there was a first longer period of warm weather (more than 20◦ Celsius) and
this is reflected in the booking numbers.
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FIGURE 3.2: Booking behavior on a daily basis and according annual trend curve 2014

Drops in booking numbers are in most cases caused by precipitation, as indicated in
blue in figure 3.2. On these two exemplary days, precipitation was prevailing during
the entire day.

During the FIFAWorld Cup in the summer of 2014, there were many events for people
to watch the soccer, for example at the Olympic stadium, leading to huge crowds and
therefore heavy traffic before and after matches. Public transportation was temporar-
ily overloaded, and so more people decided to use rental bicycles. This is most likely
the case on the red marked days in figure 3.2, as the German team was playing then.

Taking a look at the dashed trend curve, booking numbers are highest andmost stable
in early summer months, whereas in spring and fall the booking level is significantly
lower. Further details about correlations between bicycle usage and weather condi-
tions are outlined in 3.2.3.

In summary, it canbe stated that everyoutlier resulted fromeither goodorbadweather
conditions or public events, i.e. from non-recurrent incidents. The effects of recurrent
incidents - daily traffic peaks for instance - are examined in the following section.
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3.2.1 Detection of temporal differences in usage behavior

Inorder to analyzehowmuch thebookingnumbers varyover the courseof singledays,
trend curves have been plotted. Therefore all trips were filtered by specific days and
counted per hour, to get the rental profile of the daytime course. Figure 3.3 illustrates
the averaged trend over all individual days in 2014.

The most significant discrepancy in usage of the BS System was detected between
weekdays and weekends/public holidays. The differences between individual week-
days aremostlymarginal, as figure 3.3 illustrates: every weekday, there is a usage peak
in the morning between 7 a.m. and 10 a.m. and in the late afternoon/evening be-
tween 5 p.m. and 8 p.m. The shape is similar, but onThursdays and Fridays, themorn-
ing peak is lower whereas especially on Fridays, the afternoon peak starts earlier and
the maximum share of trips between 6 p.m. and 7 p.m. is less than 8%, compared
to around 9% on the other weekdays. Comparing Saturdays and Sundays, the trend
shows many similarities, with one exception: after 11 p.m. on Saturdays, the book-
ing numbers are rising again, whereas on Sundays, they are steadily decreasing. The
reason for this is obvious: on Saturday night, more potential users are out compared

FIGURE 3.3: Rental profiles for all day types, based on average daily trip distributions
in one-hour-intervals
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FIGURE 3.4: Number of bookings (percentage) aggregated by weekdays

to Sunday night, where the booking behavior and therefore the trend curve is more
similar to the one on weekdays.

Figure 3.4 illustrates the overall booking share per day: the share on weekdays in-
creases betweenMonday (14.2%) and Friday (16.2%), but together with the rental pro-
files in figure 3.3 it can be stated that the weekdays do not vary significantly. On week-
ends, as already indicated in figure 3.3, not only the daily patterns differ but also the
overall booking share only comes to 13.0% on Saturdays and 10.7% on Sundays.
As a result of this, it can be stated that there is only a subtle difference between the
individual weekdays andweekend days. Hence, the following analyses distinguish be-
tweenweekdays (fromMonday to Friday) andweekends (Saturday, Sunday andpublic
holidays).

In figure 3.5, the average rental profiles for weekdays (Monday to Friday) and week-
ends (Saturday andSunday) are depicted. Thedeviationbetweenweekdays andweek-
ends is significant: on weekdays (blue line), the total number of trips decreases from
midnight till 6 a.m. In the next two hours the rise depicts the rush-hour traffic un-
til 10 a.m. During afternoon there is only a marginal increase but the curve eventually
reaches the top at 6p.m., whenmost commuters are on theirwayhomeor off to leisure
activities.
The trends on weekends show a completely different pattern (red line): it is much
smoother without clear commuter peaks. The usage during midnight and 6 a.m. is
significantly higher, mainly because of more people having a night out on weekends.
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FIGURE 3.5: Rental profiles on weekdays and weekends, compared to MiD [44]

After 6 a.m. the bicycle usage increases constantly until late afternoon, when the us-
age decreases again.
The dashed lines in respective colors show the average number of trips for all traffic
modes in Germany. This data arise fromMiD (Mobilität in Deutschland [44]), a com-
prehensive study on traffic behavior in Germany carried out in 2008.
Onweekdays, theBS trafficpeaksaroundonehour later andsignificantlyhigher,where-
as the overall traffic seemsmore stable in the afternoon. The evening peak starts again
earlier and is already quite low when the BS evening peak is highest.
On weekends, the average traffic curve does reflect the BS usage patterns better, al-
though main overall traffic occurs between 9 a.m. and 8 p.m., and the BS traffic is
again shifted around two hours backwards.

Thesedifferences canbe explainedby adifferent user’smentality. Amongother shared
mobility services such as CS, similar results were found: Müller and Bogenberger in-
vestigated rental profiles for CS Systems inMunich and Berlin [79]. The resulting pro-
files for aCSSystem inMunichareplotted togetherwith theBS rental profiles onweek-
days (Monday to Friday) and on weekends (Saturday and Sunday) in figure 3.6.

There is one main difference, referring to the morning peak hour on weekdays: BS
(blue line) peaks with a booking share of 8.5%, whereas booking numbers in CS (blue
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FIGURE 3.6: Rental profiles for BS and CS Systems in Munich on weekdays and
weekends

dashed line) with around 5% are significantly lower. In remaining time intervals, the
differences are rather marginal.

The authors stated in [79] that shared mobility usage differs from overall traffic and
the usage peaks are temporally shifted. Amajor part of sharedmobility trips are taken
spontaneously and that might cause a shift to regular traffic options as well, as Kopp
stated in [67]. According to figure 3.6, BS users seem to rent bicycles on amore regular
basis during morning peak hours compared to CS users.

Further, Müller proved a correlation between bad weather and higher booking num-
bers in Munich’s and Berlin’s free-floating CS System in [78].
This sounds paradoxical at first: trend curves show similarities for CS and BS Systems
compared to overall number of trips, but the reasons to use themare entirely different.

Unsurprisingly, section 3.2.3 reveals that almost no BS trips are made if it is rainy. In
case of badweather, the actual BS usermight switch to themore convenient option of
a shared car.
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3.2.2 Definition of daily time intervals

For a detailed analysis on a daily basis, different time intervals are defined for each
day. According to the rental profiles in the previous section, the following five time
intervals are defined:

1. 00:00-06:00, the night time interval

2. 06:00-10:00, the morning time interval

3. 10:00-16:00, the afternoon time interval

4. 16:00-20:00, the evening time interval

5. 20:00-24:00, the late-night time interval

Note that these time slots are ranges between four and six hours, as based on the daily
booking trends, this partition covers the usage patterns at best.
With this division, weekdays and weekends can be examined further. At first, the re-
spective trip durations and booking shares per day and time slot were analyzed.

As illustrated in figure 3.7, there is a certain discrepancy between the average trip du-
ration on weekdays (about 18 minutes) and weekends (about 29 minutes). This result

FIGURE 3.7: Comparison between average daily trip distribution and trip duration on
weekdays (in blue) and on weekends (in red)
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can be explained by more spare time trips on weekends, as there are day saver fares
which are only economical if the bicycle usage exceeds 3 hours. For commuting trips
and/or after work leisure trips it is more profitable to pay per minute as the total trip
duration per day and user most likely does not exceed 3 hours.
Onweekdays, the weakest time slot is betweenmidnight and 6 a.m., with less than 5%
of the trips. In comparison to that, most of the trips are made between 4 p.m. and 8
p.m. (scaled by booking share per hour), which can also be read out in the rental pro-
file on weekdays. Assuming that most commuting trips are made between 6 a.m. and
10 a.m. and after 4 p.m., one can conclude that the trip duration is shorter when the
user is riding to work/home. Instead, if the bicycle is used for a leisure trip, which is
more likely to take place in the afternoon, the trip duration is longer.
The pattern entirely changes onweekends: in the first time slot, the trip share is about
10% higher compared to weekdays. This is mainly caused by home trips after a night
out on weekends. The weakest trip share is between 6 a.m. and 10 a.m. with less than
5% of trips made in this time slot. Most trips take place in the afternoon between 10
a.m. and 4 p.m. Taking into account the trip durations, one can deduce: the longer
the average trip duration, the more trips in this time slot are most likely day trips, i.e.
recreational cycling tours. Hence, many trips in the time slot between 10 a.m. and 4
p.mmight be day trips, where users get a rental bicycle for the entire day.

For the purpose of a better understanding of the frequency of certain trip durations,

FIGURE 3.8: Frequencies of trip durations, taking into account all trip durations up to
60 minutes
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the trip durations were clustered into one-minute-intervals. Taking a look at the ac-
cording frequencies (inpercent) of all tripdurationsup to 60minutes, figure 3.8 reveals
that almost 10% of these trips take between 8 and 9 minutes. This frequency is signif-
icantly higher compared to trips taking a little more/less time. A trip duration taking
between 8 and 9 minutes is therefore considered to be the typical trip duration (as la-
beled in figure 3.8).
In this figure, all trips longer than 60 minutes are omitted: trip durations up to 48
hours were detected in the data set - the according occurrences are (relatively) little
though. This is also visible in figure 3.8: trip durations of 40minutes are almost on the
same (low) trip distribution level as durations of 60 minutes. However, longer trips
take place - for instance day trips as mentioned earlier - which cause higher overall
trip durations depicted in figure 3.7.

3.2.3 Weather effects

At first, the data set was divided into 3 seasons by dividing the booking period from
March 17 to December 15 into 3 equal time intervals:

1. Spring 2014: March 17 - June 16

2. Summer 2014: June 17 - September 16

3. Fall 2014: September 17 - December 15

Duringwinter, the fleet is collected formaintenance as the BS System is not operating.
Therefore the data set comprises only 3 seasons.

In [51] Gebhart and Noland examined the impact of weather conditions on bicycle
trips for the BS System Capital Bikeshare in Washington D.C. They found that users
still go by rental bicycle (albeit less) even if it is rainy, cold, hot or dark. This behaviour
might be different for every single city and therefore an analysis with the booking data
and an according weather data set was conducted.

The weather data base arises from the German Meteorological Service as already de-
scribed in section 3.1.2. This data set provides hourly measured data for Munich, i.e.
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precipitation, sunshine and temperature, online for free [36]. By filtering the trip data
in hourly intervals as well, it is possible to read out correlations directly.

At first, the terms fair and badweather have to be defined, as there is no universal def-
inition. A reasonable approach is given by Müller (see [78]):
in spring and fall, the weather in one time interval is called fair weather if the tem-
perature is warmer than 5◦ Celsius and if there is less than 0.5 mm precipitation. In
summer, the temperature threshold is increased, i.e. a higher temperature than 15◦

Celsius and less than 0.5 mm precipitation is called a fair weather interval. If there
is either more precipitation or the temperature is lower than the fixed temperature
threshold for spring, fall and summer respectively, it is called a bad weather interval.
Excluding the night hours between 12midnight and 6 a.m., a day of the year 2014 is de-
fined as a fair weather day if it was warmer than 5◦ C (15◦ C respectively, depending on
the season) and if there was less precipitation than 0.5 mm in two consecutive hours.
Otherwise it is denoted as a bad weather day. Referring to this scheme, the weather
in the year 2014 was distributed as follows: in spring, this classification leads to 74 fair
weather days and 18 bad weather days. In summer, weather conditions are uniformly
distributed, i.e. there were 49 fair weather days and 43 bad weather days. In fall, the
fair weather days were predominant, with 57 days compared to 33 bad weather days.

In order to compare the fair and bad weather days to the according booking behav-
ior, days with high booking numbers were defined as follows: if the overall booking
share per day in spring and fall was higher than 0.3 (0.4 in summer respectively), the
regarded day was a day with relatively high booking numbers, otherwise low booking
numbers accordingly.
On the season-level, this correlation has the highest variance of 18 days in spring. This
is caused by predominantly fair weather in spring and (yet) low booking numbers. In
summer and fall this correlation is higher with few non-matching days: four in sum-
mer and six in fall. The overall correlation for the entire operating period is illustrated
in figure 3.9. Onmore than 70% of the days in the operating period 2014, high booking
numbers were observed in fair weather conditions or low booking numbers were ob-
served in bad weather conditions. The remaining cases (around 30%) do not show a
correlation, whereas the case of low bookings despite good weather conditions is pre-
dominant with 18%. This fact implies that the case of high booking numbers in times
of bad weather is indeed very rare (11%).
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FIGURE 3.9: Correlation of weather conditions and booking numbers in 2014

This classification is quite coarse and only serves as a first overview of weather im-
pacts on the usage of the BS System inMunich. For the purpose of a detailed weather
analysis, daily usage patterns are examined on an hourly basis as follows.

Figure 3.10 shows the annual trend curve of bookings on a daily basis, as well as the
corresponding weather conditions, i.e. temperature and precipitation. At first sight,
the temperature (orange curve) seems to correlate with the actual booking numbers

FIGURE 3.10: Annual trend of bookings on a daily basis vs. weather conditions in 2014
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(green surface). Comparing the daily precipitation (blue bars) to the bookings, a direct
correlation can be read out, for instance in mid/end of July, when the precipitation is
highest in 2014 and the booking numbers drop in synchronism.

To get a more detailed analysis of the short-term weather impact on shared bicycle
trips, the following methodology has been chosen.
All trips were investigated by month and filtered between weekdays and weekends.
In figures 3.11 to 3.13 the relationship between the diverse measures is investigated
for one entire week from Monday to Sunday: the average trip chart per day type i.e.
weekday or weekend (blue dotted line) and the actual trips for one single considered
day, i.e. the booking share per hour (depicted in the green surface). To read out the
direct influence of precipitation, the hourly rainfall got embedded into the plot (blue
bars).

Figure 3.11 shows these four measures for one week in June 2014 fromMonday to Sun-
day. A direct impact of precipitation on booking numbers can be read out not only on
weekends (in this case Sunday), but also on weekdays, as observed on Tuesdays: the
precipitation at night/in the early morning leads to a sharp decline in booking num-
bers. Although it already stopped raining, the lack of bookings lasts for hours and the
average bookings are only achieved for the evening peak again. The subsequent Sun-
day is rainy until late afternoon and the booking numbers do not seem to recover the

FIGURE 3.11: Booking numbers vs. weather conditions during one week of June 2014
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FIGURE 3.12: Booking numbers vs. weather conditions during one week of July 2014

whole day. A reason for this might be that people are more suspicious of the weather
if it rained shortly before and are more likely to go by public transport for instance to
avoid potential showers on the bicycle.

This effect for weekdays is even sharper in figure 3.12, considering a week in July. On
Monday, the booking numbers are heavily diminished apparently by rainfalls. On the
next day, there is less precipitation, which still leads to a decrease of BS trips - at least
the booking level almost recovers until the evening peak. In case of only a short timeof
precipitation as on Thursday, July 24th, booking numbers are not that much affected
as the average booking share level is covered. The subsequentweekend also illustrates
the direct impact of precipitation on BS trips: on both days moderate rainfalls lead to
a significant drop in booking numbers.

Further, the examples show that temperature by itself does not influence the booking
behavior as much as precipitation does: figure 3.13 illustrates the trip numbers in one
week of late October, without any precipitation at all. Despite the temperatures rang-
ing between 5 and 17◦ Celsius during day time, the booking numbers are stable, i.e.
they are congruent to their daily average.
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FIGURE 3.13: Booking numbers vs. weather conditions during one week of October
2014

In summary it can be stated that especially precipitation has a significant impact on
BS System’s usage and not only in a short-term sense. After a rainfall, the bicycle trip
numbers reach the average level only after three hours (on average). Temperature by
itself (too high or low) does not prevent most users from taking a rental bicycle.

For the operating period in 2013, a qualitative weather correlation analysis was carried
out as well, (see also [102]). The main results remain the same: heavy rain stems the
systems’ usage, whereas other weather conditions like wind and temperature do not
feature a high impact on booking numbers.

3.3 Spatial and Temporal Analysis

Spatial distribution of rentals and returns within the operating area are another im-
portant factor examined. Compared to a conventional station-based BS System, the
distribution of the fleet is much more complex in a free-floating system like this. Es-
pecially when it comes to relocation trips, the fact that the fleet is spread not only at
over a set number of stations complicates this process.
The toppart of figure 3.14 gives a (schematic) overviewof rentals and returns. It already
indicates opposed fleet movements in the morning and evening: between 6 a.m. and
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FIGURE 3.14: Differences between rental and return patterns in different day times
(top) and returns vs. subsequent rentals (bottom)

10 a.m. the fleet moves from outside to inside, meaning that most users start their trip
from their home, which is most likely located in residential areas, i.e. more towards
the city boundary. The end of trips, however, is quite likely more central, as many of-
fices are spread around the city center. In the afternoon, an opposed process begins:
most users are around the city center and hence the fleet moves reversely, i.e. from a
compact pattern to a broader spread around the operating area.

For an initial check, the returns were compared to the subsequent rentals, as illus-
trated in the bottom part of figure 3.14. This example shows a possible lack of bicycles
near the central station, because only a few bicycles get returned there. In the next
time slice, potential users might want to rent a bicycle there. At first sight, the fleet
seems to self-regulate during one day, but taking a closer look, some bottlenecks in
some areas will rise at a certain time.

To analyze this spatial and temporal behavior of the fleet in detail, the operating area
is divided in disjoint zones in the following section. These zones can be seen as fic-
titious stations, whichmakes the method comparable to conventional, station-based
BS Systems.
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3.3.1 Definition of zones

At first, all booking starts and ends were plotted with ArcGIS 10.2 Advanced Desktop
[40] to get an overview of the fleet movements in general. To yield a more detailed
analysis, the operating area was divided in disjoint zones by the following methodol-
ogy, based on a similar approach using ArcGIS by Weikl (see [134]).

The booking starts of four weeks are imported into ArcGIS to represent the main lo-
cations where bicycles get rented by users. These positions are illustrated on the top
left in figure 3.15. The idea is to find a set number of artificial stations in order to de-
fine several disjoint zones within the operating area. Tominimize the total travel time
of all customers, i.e. the walking time to reach a bicycle, a street network based on
OpenStreetMap is generated.

The initial problem needs facility suggestions and therefore a so-called fishnet is cre-
ated within the operating area, as depicted on the top right in figure 3.15. A fishnet is a
grid containing rectangular cells with a selected edge lengthwhich is set to 500meters
in the present case. This edge length corresponds to themaximal distance a potential
user is willing towalk to the nearest bicycle. There are different studies concerning the
acceptedwalking distance for differentwalking groups. Seign andBogenberger stated
in [111] that themaximal distance which a free-floating CS user is willing to walk to the
next vehicle is 500 meters. In a more recent study concerning such a CS System in
Munich [90], Niels and Bogenberger stated a walkability threshold of only 200 meters.
For the nearest public transit station, Walker [130] sets this distance to 400 meters (for
North America) with a remark that the willingness to walk in Europe is higher and this
distance might be longer there.

Following this, the facility location problem - i.e. finding the optimal placement of fa-
cilities tominimize transportation costs (see [31]), is solvedwith the help of a location-
allocation analysis which can be found in the toolbox network analyst in ArcGIS [42].
Within this tool, solving the p-median problem finds optimum locations of p facilities
such that the sum of the (weighted) distance between each demand location and the
nearest facility is minimized. The operating area should be divided into an appropri-
ate amount of zones. Various trials have figured out that the amount of 40 zones is
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FIGURE 3.15: Dividing the operating area in 40 zones in four steps

most reasonable: fewer zones would make the division too coarse and nuanced in-
formation would be lost. In case of many more zones, some areas turn out very small
and zones with same properties cluster next to each other anyway. Ergo, the number
of optimum locations is set to 40. ArcGIS then finds the 40most appropriate points of
the fishnet, see on the bottom left in figure 3.15, from where every bicycle is reached
the fastest way (i.e. the sumof all travel times to reach every bicycle from this 40 points
is minimal).

By solving the empty container problem (see Daganzo [31]), these 40 facilities are the
base grid of the resulting zones of the operating area, i.e. are their respective centers.
The zones are defined by the so-called Thiessen Polygons which have the intrinsic
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feature that every location within one polygon is closer to its center than to any of the
other polygons’ center [41]. These polygons yield the required 40 disjoint zones of the
operating area, as illustrated on the bottom right in figure 3.15.

The division of the operating area is the basis for the spatial analysis. In the following
section, the different usage behavior per zone is extracted and analyzed.

3.3.2 Usage patterns at a zone level

On the basis of dividing the operating area into 40 zones, the spatial and temporal
behavior of the fleet can be investigated in more detail. In order to do so, the rentals
and returns per zone are examined for every day, for every time slot (as defined in
section 3.2) separately.

The following figures 3.16 to 3.19 illustrate the spatial (i.e. in all zones) rental and re-
turning behavior for different time slots. The brightness of the color indicates the level
of rentals and returns respectively. Ergo: the darker the green, the more bicycles have
been rented or returned in a respective zone. The rentals are plotted in the first row
and the returns in the second. Note that the colors in each plot only represent the per-
centage of bookings per zone in relation to the according time slot. A comparison to
other time slots is thus not possible. On the one hand, the confidentiality agreement
does not allow showing of absolute trip numbers and, on the other hand, each time
slot features every coloring, i.e. if there were only a few trips per se, the plot still shows
zones with relatively high bookings in dark green.

Figure 3.16 represents the rental and returning behavior for all weekdays from Mon-
day to Friday: in the fist time slot from midnight to 6 a.m. most rentals occur in the
city center and spread a bit up north, moderate rentals are found westerly. In the
southeastern part, almost no rentals occur. Regarding the returns for this time slot,
the pattern changes entirely: in the city center, almost no returns occur as well as in
the southeastern edge of the operating area.

The second time slot from 6 a.m to 10 a.m features no rentals in the city center at all
and neither in most fringe areas. Most rentals are prevalent in a few zones up north, a
moderate renting behavior is detected in the southwestern part of the operating area.
Referring to the contemporaneous returns, the city center is covered well and only
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northern and southern parts do not receive any returns of bicycles. The rental pattern
here is exactly the same as the return pattern, which is an interesting observation.

Moving to the following time slot from4p.m. to 8 p.m., the rental pattern changes only
slightly. The returning behavior shows more returns in the southwestern and eastern
part though.

The last time slot from 8 p.m. until midnight features moderate rentals in the main
parts of the operating area, apart from a few high rental zones up north and low rental
zones in the most fringe areas. Referring to the returns, the zones in the city center
as well as some fringe areas get lighter, whereas the eastern and southern parts get
darker, i.e. there are relatively more returns at that time.

For a comparison, the same analyses have been conducted for each single day. The
results for all Wednesdays in the operating period 2014 are depicted in figure 3.17. The
only slight differences are visible in the first time slot. Apart from that, the results are
the same and a distinction between single weekdays is not significant. Therefore it
is sufficient to consider the overall weekdays result in the following analyses and to
denote them asweekdays.
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FIGURE 3.16: Spatial analysis for all weekdays in 2014
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FIGURE 3.17: Spatial analysis for all Wednesdays in 2014
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Figure 3.18 shows the rental and returning behavior forweekends, i.e. for all Saturdays,
Sundays and public holidays in the operating period 2014 on average. In the first time
slot, the zones with high rental numbers are rare and in the city center. A few more
moderate zones can be found in the center as well and in the southwestern part of
the operating area. The remaining zones - the major part - feature only low rentals.
Concerning the returns, high return numbers are more spread across the operating
area and the low return zones are not so extensive.

In the next time slot from 6 a.m to 10 a.m., the rentals in the northern city center as
well as in the western part of the operating area are high. In the southeastern part,
not only the rentals are low, but also the contemporaneous returns in this area are
marginal. Additionally, the returns in the fringe areas are low, too. The city center and
western part shows moderate/high return numbers though.

Between 10 a.m. and 4 p.m. the rental and return patterns are quite similar: low
rentals and returns can be found in the same zones in the northwestern and south-
eastern fringe areas. The remaining zones have moderate and high rentals and re-
turns, whereas the returns are shifted a bit to the south, compared to the high rentals
in that time slot.

From 4 p.m. to 8 p.m. both the rental and returning behavior is quite resembling: the
same low booking areas can be detected as in the previous time slot and there are a
fewmore zones with high rental and returning behavior. A difference can be found in
two zones in the city center, where more bicycles get rented than returned.

The last time slot from 8 p.m. tomidnight shows high rentals in the southwestern and
northern part of the operating area. Almost the entire fringe area features low rentals
and the remaining, the zones in the center and northwest, havemoderate rentals. Re-
ferring to the returns in that time slot, they are a bit more spread and the sparse fringe
area has a fewmore moderate return zones, too.

In figure 3.19 the same analysis for only Saturdays is illustrated. The results are almost
the same with one marginal difference though: taking a look at the time slot between
8 p.m. and midnight, there is only one zone on Saturdays that features high rentals
and high returns. Compared to the averaged weekend plots, this property is shown by
many more zones.
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The difference in this time slot is easy to explain: the booking behavior on Sunday
evening is more similar to an evening during the week in terms of leisure time activi-
ties, as most people have to work onMonday again and thus the weekend is over. The
same argument applies to Friday (and all days before public holidays) night, which
time slot is rather a weekend time slot.

Besides these exceptions, the rental and returnpatterns canbeconsolidated to the two
day types, namely weekdays and weekends, and the five time slots. The single outlier
evening time slots are added to the respective other day type, i.e. Friday from 8 p.m. to
midnight is defined as weekend time slot (although Friday is a weekday by definition)
and Sunday evening vice versa.

Finally, a spatial evaluation of the weather impact was carried out. For this purpose,
the trip distribution at a zone level was compared between different weather con-
ditions, namely average, fair and bad weather. As no specific pattern could be de-
tected, the weather impact on shared bicycle trips has no spatial dependency, i.e. if
trip numbers drop in case of bad weather conditions, this happens uniformly dis-
tributed within the entire operating area. Besides that, spatial rental and return pat-
terns were evaluated for each season in 2014 separately for singular weekdays. The
respective patterns in spring, summer and fall for all Wednesdays (exemplarily) are
are attached to Appendix A.

In summaryof the spatial analysis, it canbe stated that theusagebehavior changesnot
only during single days, but also depending on the day type. Whereas during a week,
the samebookingbehavior applies for each single day, thepatternsdiffer onweekends
but are again similar for this day type. Within one day type, a clear usage pattern is de-
tected for each time slot in the 40 different zones of the operating area. Comparing
previous return patterns with the following rental patterns, the needed bicyclesmight
havebeen returned inother areas thanwhere they are actually demanded. These anal-
yses only show the rental and return pattern of real bookings, i.e. it is not clear if a lack
of bicycles occurred at a certain time and place. But this is highly likely to be the case,
as the rentals do notmatch the previous returns, and therefore these dynamics lead to
a skewness of the fleet. This fact will be discussed further in chapter 5, where the real
demand is estimated, which obviously cannot be directly derived from the booking
data only.
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FIGURE 3.18: Spatial analysis for all weekends and public holidays in 2014
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FIGURE 3.19: Spatial analysis for all Saturdays in 2014
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3.3.3 Idle times

A further quantity that can be read out of the booking data are the idle times. The idle
time is defined as the time between the return of a bicycle and the subsequent rental
by the next user. Thismeasure can be taken as evidence if a zone is currently a hotspot
for instance. If a zone features short idle times, one can conclude that many bicycles
are currently requested. In case of long idle times, however, a zone does not seem
to be very attractive currently or is simply over-saturated with vehicles. This section
examines the idle times for each trip in the operating period 2014.

At first, all idle timeswere sorted by their duration and aggregated by different time in-
tervals. The results are depicted in figure 3.20. The highest cluster of idle times in 2014
is found for idle times less than one hour, which add up to almost 25%. The one-hour-
classification shows a steep decline for every added hour, so that idle times between
five and six hours are only represented by 3%. Between eight and eleven hours of idle
time, the percentage is increasing again, which seems paradoxical at first. This can be
explained by the night time effect (as labeled in figure 3.20): the system is not used to
capacity during night hours andmost of the fleet is idling. Referring to the rental pro-
files in section 3.2.1, the booking shares between 9 p.m. and 7 a.m. are less than 4%, i.e.
most part of the fleet idles during that time. This leads to the rise in idle times around
ten hours, when bicycles get rented in the morning again. Apart from that outlier, the

FIGURE 3.20: Averaged Idle Times in 2014 on different time scalings
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hourly intervals steadily decrease. For longer idle times than 24 hours, the idle times
are accumulated to 12-hours, 24-hours etc. intervals up to several day intervals. All
idle times longer than 330 hours (around 14 days) were excluded, since such long idle
times are most probably caused by technical issues.

Themore coarse classification of the idle times reveals that 45% of the idle times were
less than three hours, whereas almost 30%percentwere idlingmore than 12 hours, 13%
of thesemore than one day in fact. This distribution calls for improvement. Such long
idle times are firstly not profitable for the operator and secondly, it is a sign that the
bicycles are idling in thewrong spots and hence are lacking in the current hotspots.

Figure 3.21 divides the idle times in the previously defined time slots and day types.
For weekdays, highest idle times are detected in the time slot between 6 a.m. and 10
a.m. This covers the assumption of long idle times at night, as an idle time is counted,
when the bicycle gets rented again, which most likely happens in this time slot then.
The idle times on weekends are a bit more balanced, i.e. the idle times at night are
lower and by contrast, a bit higher during day time, as there is no typical commuter
peak in the morning on weekends.

FIGURE 3.21: Averaged Idle Times in 2014 per time slot on weekdays and weekends
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In general, the conducted analyses are all based on averaged idle times. This is rea-
sonable, as single idle times are not reliable because of following issues:

• technical issues can cause long idle times (e.g., a broken bicycle or GPS failure)

• previous return in a hidden area (e.g., a private backyard) makes it harder for a
potential following user to find it and leads to a high idle time.

Besides the temporal analysis of the idle times, a spatial examination for each of the
40 zones of the operating area was conducted. Figure 3.22 shows the spatial behavior
for weekdays and weekends in all time slots concerning the idle times.

First, the shortest idle times are detected in the city center or north of that for all time
slots without exception. This shows that the fleet that was returned over there has
a quick fluctuation at all times. In most other parts of the operating area, this be-
havior changes for each time slot. In the northwestern part for instance, there are
variations from short idle times to very long idle times. One zone there comprises
the Olympic Park, especially on weekends rental bicycles are used in this zone and
presumably cause short idle time there between 8 p.m. and midnight, when public
events like concerts etc. end and a rental bicycle offers a good option compared to an
overcrowded subway. One zone in the southwest though provides consistently long
idle times. Firstly, this hints that a presumably high amount of bicycles is idling there
(over-saturation) and secondly if a bicycle gets rented therenowand then, itwas idling
a certain amount of time there before.

In summary it canbe stated that the idle times analysis reveals certaindynamics: some
zones areperforming prettywell as there are short idle times consistently. Other zones
aremoderate and only get requested at some time slots, whereas the remaining zones
have a high amount of time slots with high idle times. This is again a sign of skewness
of the fleet, as the idling part is redundant in the current spots, although bikes might
be needed in other parts of the operating area.
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FIGURE 3.22: Spatial distribution for idle times on weekdays and weekends in 2014
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This chapter provided a detailed empirical data analysis of a free-floating BS System
inMunich. Within a temporal analysis, usage peaks were detected on weekdaymorn-
ings and evenings, and general usage patterns were found for two day types, namely
weekdays and weekends. For each day, trips were clustered and matching time slots
were defined. The resulting five time slots combined with the concurrent day type al-
lows conclusions about the usage behavior in a time-discrete grid. The weather anal-
ysis proved thatmostly precipitation impedes the usage of a BS System, but no spatial
sensitivity was found (bookings were similarly low all over the operating area). For
the spatial analysis, the operating area was divided into 40 zones and the booking be-
havior was examined on zone level. Hereby, temporary imbalances were detected, as
bicycles get returned in other areas than they will be rented again. In a last step, the
idle time analysis underpins this hypothesis as well: long idle times were detected not
only in fringe area zones but also in zones closer to the city center which indicates a
badfleet distribution (FD) at a certain time. Within this chapter, RQ 1was treated thor-
oughly as the system’s dynamics are captured. Further, RQ 2 was approached. Fleet
imbalances occur; however, for a precise quantification of these imbalances further
measures and tools are required: in order to capture the real demand that is actually
prevailing, a demandmodel is created in the next chapter. Based on that, it is possible
to judge if the FD was sufficient or if it led to some under-supplied zones.



Chapter 4

The RelocationModel

In theprevious chapter, usagepatternsof a free-floatingBSSystemwere identifiedand
analyzed. There are spots where bicycles are more likely to be booked in the morning
hours, while other areas seem to be most attractive by early evening. The empirical
analysis of the real booking data lead to the assumptions that the fleet is not always
optimally distributed and a certain skewness is prevailing. This rather unfavorable
fleet status is ought to be overcome by the Relocation Model introduced in this chap-
ter.

4.1 Overall Approach

In figure 4.1 the schematic overall approach is illustrated. The Relocation Model con-
sists of two inter-dependentmodules : the DemandModel and therefrom derived Re-
location Strategies.

These modules are outlined in subsequent sections and form the autonomous chap-
ters 5 and 6 respectively.
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FIGURE 4.1: Structure of the Relocation Model

4.2 Module I: The DemandModel

Module I comprises a prediction model, which yields different demand patterns in a
temporal and spatial dependency. Hereby, three different components are taken into
account.

The first component investigates the occupancy rate of the bicycles at a zone level.
Comparing the rentals per zone to the according available stock yields an indicator
for current utilization of the fleet in singular zones.

Within the second component, the rentals are compared to the returns in each each
zone: if a bicycle is rented, the present zone records and outflow, whereas each return
in a zone causes an inflow in equal measure. As a result, time dependent flow rates
for each zone are determined which are considered to be an important factor of the
currently prevailing demand.
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In the third component, idle times at a zone level are investigated inorder todrawcon-
clusions, where bicycles are frequently in use. Short idle times might be an indicator
for high demand, whereas long idle times point to rather low demand.

These three different components are concatenated appropriately and this fusion fi-
nally results in a spatial and temporal demand pattern. This pattern yields optimal
fleet distributions for all zones in different time intervals and can be seen as a satura-
tion matrix, i.e. it yields a time dependent stock threshold for each zone that should
not be undercut. If this is the case, however, anunfavorable fleet status is detected that
ought to be eliminated. At this stage, module II - the Relocation Strategies come into
effect.

4.3 Module II: Relocation Strategies

Within thismodule, variousRelocationStrategies (RSs) aredesignedandapplied. Most
important input parameters are provided by module I, namely recommendations on
fleet distributions (FDs) for different time intervals. Comparing these optimal FDs to
current FDs, thedeviation at a zone level forms the required relocation steps. Different
approaches deal with this issue.

First, an operator-based RS is designed by solving a Vehicle Routing Problem (VRP).
This optimization formulation yields a shortest route while accomplishingmaximum
bicycle relocations. In case of heavy imbalances, these relocation trips can take several
hours though.

For the purpose of saving time and cost for the operator but still maintaining the BS
Systemconvenient for users, an incentive-based strategy is developed: the user-based
RS. The main idea is to offer price discounts for bicycles idling in unfavorable zones
and also incentivize users to return bicycles in such zones featuring a current lack of
bicycles. The resulting RS - pricing schemes depending on the current FD - is applied
for different test cases. If the FD is poor, this user-basedRSmight notwork sufficiently,
precisely because the users’ behavior is hard to predict and influence. Therefore a
third RS is designed.
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Both previously described RSs bear their assets and drawbacks: while the operator-
based RS performs precisely it might be time-consuming, whereas the user-based
RS performs without any operator’s effort but might be hard to regulate. The hybrid
RS - a combination of both RS - provides a remedy. Within this strategy, the advan-
tages of the respectiveRS are combined andperformed concurrently. In consequence,
the operator-based RS eliminates heavy imbalances in a marked-out route, while the
user-based RS eliminates smaller imbalances, especially in fringe areas or far from the
operator-based relocation route. This prevents the operator to approve detours in or-
der to redistribute a few bicycles only for instance.



Chapter 5

The DemandModel

In the previous chapter, the Relocation Model was introduced, consisting of two in-
terdependent modules. Module I - the Demand Model - strives to predict upcoming
demand in a spatial and temporal dependency and is the subject of this chapter.
In chapter 3, fleet imbalances were already suspected. In order to qualify this hypoth-
esis, the upcoming demand is estimated based on different perspectives. Considering
that, booking data analyses are crucial, but this evaluation on its own does not nec-
essarily reflect the actual demand. As a result, the demand model ought to provide
recommendations on fleet distributions (FDs) for different times and locations. By
implication, RQ 2 will be answered, as the deviation of an optimal FD and the actual
FD reveals potential fleet imbalances.

There are two initial questions the demandmodel started out with:

1. In case of more available bicycles in specific areas: would there have been even
more bookings? Or in other words: was the actual demand completely satisfied?

2. How does the fleet move and does the demand evolve correspondingly?

In order to answer these questions, this chapter builds up a model that forecasts the
upcoming demand by three components. The combination of these leads to the ac-
tual occurring demand and thusmakes it possible to identify when and where under-
supplied areas occur.
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5.1 DemandModel Components

The overall goal of this chapter is to determine the demand in a spatial and tempo-
ral dependency. The actual demand - which is highly likely to differ from the current
bookings - needs to be derived from different perspectives. First of all, the term ac-

tual demand is defined: the actual, real demand is equal to the amount of bicycles
that would be rented if every single zone was over-saturated by far, i.e. if the fleet size
was super-sized. This implies that the demand is satisfied every time and everywhere,
hence there is no unmet demand. As a result from this reasoning, the bookings would
directly reflect the occurring demand then.

A typical BS System is not equippedwith a super-sized fleet, as this would not be in no
way economical. Thus, the booking data of a BS Systemwith realistic fleet size do not
necessarily give information about the actual demand. Nevertheless, historical book-
ing data play a crucial role - but furthermore, the relation between bookings and the
concurrent amount of available bicycles indicates whether low bookings correspond
to lowdemand, or rather the bicycle supplywas not sufficient and the actual needwas
higher.
Additionally, an Inflow/Outflowanalysis is taken into account. Zoneswhere users rent
bicycles during a certain time slot but where only few trips end evolve into possibly
under-supplied areas; at least they provide a first clue as to whether the demand/sup-
ply flow is self-regulating.
Further, idle times also have an impact on the demand model: a zone with low idle
timesmight show a higher demand than one with long idle times; although this com-
ponent itself does not necessarily correlate with demand.

Summing up, there are three main components which build up the demandmodel:

1. Demand Component Dz

2. Inflow / Outflow ComponentOz

3. Idle Time Component Iz

Every component is calculated separately for the zones z = 1, ..., 40.
Ergo for every zone z the calculations result in matrices of size w × k , where w = 1, 2
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FIGURE 5.1: Operating area with zone numbering

displays the day type (1 = weekday and 2 = weekend), tk the time and Tk the corre-
sponding time slot T = [tk, tk+1[ with k = 1, ..., 5 for each of the five time slots during
one day, as previously defined in chapter 3.
For reasons of clarity the zone indication z is omitted in the followingmodel definition
of the model components. With this in mind, all calculations were run for every zone
z = 1, ..., 40 separately. The zone number assignment can be read out in figure 5.1.

Within the analyzed booking period, there were 274 days in total, consisting of 188
weekdays fromMonday to Friday and 86 weekend days, consisting of Saturdays, Sun-
days and public holidays.

5.1.1 The Demand Component

The demand component D is based on the relation between the rentals rTk during the
time slotTk and the corresponding available stock s tk at time tk for each day n = 1, .., N

in the operating period in 2014:

dTk
n =

rTk
n

s tk
n

(5.1)
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Demandmodel variables
s tk stock at time tk tk t1 =12a.m., t2 =6a.m., t3 =10a.m.,
rTk rentals in time intervalTk t4 =4p.m., t5 =8p.m.
xTk returns in time intervalTk Tk time intervalT = [tk, tk+1[
n index for days in operating period N # of days in operating period
w day type i tk sum of all idle times at time tk

TABLE 5.1: Input variables for the demandmodel

For each time slot, each day and each zone such a ratio is calculated and therefore
this initial computation outputs 5 × 274 × 40 = 54 800 values for d . All demand model
variables are outlined in table 5.1.

The ratio d decides, in whichmeasure the rentals in one zone during one time interval
exploited its stock. The final result DTk

w is a matrix of size 40 × 5, so for every of the 40
zones,DTk provides the demand component for all time slots onweekdays (w = 1) and
weekends (w = 2). In order to obtain such a matrix, the calculated values have to be
consolidated appropriately.

A schematic overview for time (intervals), rentals, returns and stock at a zone level is
given in figure 5.2: at time tk , 12 bicycles are idling in zone z , i.e. the stock is s tk = 12.
In the subsequent time intervalTk , 8 bicycles are returned in zone z , hence the inflow
is xTk = 8. In the same time interval, 4 bicycles are rented and consequently exit zone
z . Thus the outflow is rTk = 4. The stock at time tk+1 is calculated by the previous stock
and the acoording outflow and inflow rates, namely s tk+1 = s tk + xTk − rTk .

FIGURE 5.2: Schematic illustration of returns (inflow), rentals (outflow) per time
intervalTk and stock at time tk
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FIGURE 5.3: The initial demand components for selected zones 12 Schwanthalerhöhe
and 25Universität

The initial values of the demand component for two selected zones are depicted in 5.3.
This shows only a small part of the calculations and serves as an example. For week-
days, 188 values per time slot are depicted and for weekends 86 values per time slot
respectively.

In the top figure 5.3, the single components s and r of the demand component d are
plotted for weekdays and weekends in zone 12 Schwanthalerhöhe. On weekdays, the
respective time slots build their own distinct cluster. Time interval T1, i.e. between
midnight and 6 a.m., features mostly data points with high stocks and low related
bookings. In the next time interval T2, the bookings are comparatively higher with a
similar stock distribution. The data point clusters for T3 and T4 are widely spread but
mostly showhigh bookings (if possible due to stock limitations). The last time interval
is the most centric and compact cluster, with only a few outliers. On weekends, this
clustering ismore diffuse in zone 12. This ismainly caused by the lower sample of days
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on weekends in 2014. However, a high distinction in comparison to weekdays is de-
tected forT1 andT2, as they show the opposed behavior respectively: higher bookings
inT1 are common, whereas bookings inT2 are rather low comparatively. This behavior
can be read out by the respective dashed line, which shows the line of best fit for each
time slot. The gradient of this line can be interpreted as the mean demand compo-
nent with a certain variance of respective data points. This variance is lowest forT1 on
weekdays and highest forT4 on weekends.

In zone25Universität, this clustering is evenmoredistinct, seebottomfigure 5.3. Here,
the line of best fit sorts the different time interval by gradient: T1 is the weakest time
slot, followed by T2, T5 and T3. The highest ratio can be read out for time interval T4.
Again, this pattern on weekends significantly changes: the weakest time slot then is
T2, followed byT1,T5 andT4. The sharpest ratio here is provided by time intervalT3.
Evaluating these results, there are identifiable clusters with certain variances for all
different time slots. The lines of best fits form thresholds, where the current demand/
supply relations change: underneath this line, it is likely that the zone was currently
rather over-saturated and therefore the real demand was not limited by stock restric-
tions. Above this line, a lack of bicycles is more likely and stock limitations may have
caused low rental numbers. Among that, the entire rental/stock relation analysis fea-
tures outliers as well, which influence the result. These outliers have to be interpreted
well, as a data point including a low stock can cause lowbookings, whereas high stocks
not always show high bookings respectively.

In order to sort out the meaning of the single components a case differentiation is
given in the following chapter.

5.1.1.1 Interpretation of the Demand Component

The component dTk is a ratio, i.e. both stock s tk and number of rentals rTk are included
in the particular result. There are different cases or reasons, why dTk can be low or
high respectively. This classification depends on the overall average of ratios d

Tk in
respective time slots and the corresponding deviation of the current data point dTk .
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The current, relative deviation is defined as

devTk =
dTk − d

Tk

d
Tk

(5.2)

If devTk is higher than 0.2 (upward outlier), the calculated demand component is de-
noted as high, compared to the other calculations in the same zone and time slot. If
this deviation is lower than −0.2 (downward outlier), the current demand component
is denoted as low.
An overview of the case differentiation scheme is given in figure 5.4.

In case of a high demand component, either

1. the bookings rTk are high, or

2. the stock s tk is low

or both at an extreme. In the first case, a high demand component always sets a right
signal. For the second case, it is not obvious if the stock was too low in order to serve
all the potentially requested bookings or if there is no demand anyway so that the low
stock does not cause low bookings. For a checkup, an algorithm searches for more
booking numbers related to the same low stock. If the other booking numbers are
similar, the demand component is high with justification; otherwise the demand has

FIGURE 5.4: Interpretation scheme for the demand component D
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to be adapted, i.e. revised downwards according to higher bookings with same stocks.
This scheme is outlined in the left part of figure 5.4.

The other way around needs more reflections: in case of a low demand component,
either

1. the bookings rTk are low, or

2. the stock s tk is high

or both at an extreme. The first case - if there are only a few bookings - can be caused
by a (relatively) low stock. For instance, if a zone is large in terms of the surface area,
the same stock of bicycles hasmore impact in smaller zones concerning visibility and
perception. Therefore a second checkup is needed, which relates to the surface area
of the respective zone. The demand in a big zone would be underrated otherwise and
the demand component of a zone with low bookings due to current low stock would
result in a false trail.

In the second case - if the stock is high - the demand component output works not
reliable either. Of course, the demand component signalizes that no more bicycles
are needed there. This would cause a stock-depending demand, or in other words,
this measure would imply a low demand because of a high stock. For the purpose of
estimating the real demand - the demandwithout any outer impact as the stocks in all
zones were always over-saturated - a distinction is needed: if a high stock causes a low
demand component, the algorithm searches for similar stock numbers in the present
zone at different times and compares the related bookings. If the related bookings are
higher, then the demand component is correct. Otherwise, if the other bookings are
similar, the demandwas underrated by the demand component and has to be revised
upwards. The right part of figure 5.4 sketches the interpretation scheme in this case.

Due to the case differentiations, it is ensured further that the demand component is
not stock-dependent, i.e. if a zone’s stock was increasing over the course of the oper-
ating period, the demand component would not be affected by that. This is the case
e.g., in zone 4 Steinhausen and is discussed in section 7.2.

In order to capture a universally-valid demand component for each zone and time
slot, the resultswere clustered and examined, which day types feature similar demand
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FIGURE 5.5: Box plot for zone 25Universität containing values of each weekday 2014

component results. The precedent case differentiation of outliers allows a static, gen-
erally valid and stock-independent demand patterns for all 40 zones, distinguishing
between the five different time slotsTk and respective day type.

In figure 5.5, a box plot illustrates the value distribution of d in each time interval Tk ,
exemplarily for zone 25Universität. According to theprior casedifferentiation, 188 val-
ues (one for eachweekday in 2014) were consolidated to the final demand component
per time slot. The depicted measures of median and quartiles serve as indication of
the overall value (andoutlier) distribution. Time intervalT3 features thehighest spread
of values, whereas inT1 only few outliers occur and d has a low range. The curl depicts
the final adjustment of d per time interval.

The following plots show the the final adjusted demand component for selected zones
exemplarily in order to derive information about the concurrent booking behavior in
the respective zone. Figure 5.6 depicts the demand component for seven selected
zones on both day types, weekdays and weekends. In zone 4 Steinhausen, which is
location at the eastern edge of the operating area, the demand component is very low
for all time slots. The maximal value is reached on weekdays between 10 a.m. and 4
p.m., howeverdT3 = 0.06 is quite low and reflects a high stock and respective lowbook-
ing numbers. Zone 8 Olympiapark features similar demand component patterns on
weekdays, except for time slot 1 and 5, where dT1 = 0.50 and dT5 = 0.36 respectively is
significantly higher in zone 8. That implies that between 8 p.m. and 6 a.m. consid-
erably more rentals are made in relation to the current amount of available bicycles.
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FIGURE 5.6: The demand component d for selected zones on weekdays (top) and on
weekends (bottom)

Zone 6Maxvorstadt shows a constantly high demand component - the highest for all
zones apart for one time slot - whereas it reaches its top with dT3 = 0.84 on week-
days and dT3 = 0.99 on weekends. The latter is a broad hint that this zone provides
not enough bicycles to satisfy the demand, as almost every available bicycle will be
booked in the following time slot.

The overall resultDTk
w,z is amatrix of size 40×10 and is displayed inTable 5.2. The entries

of D range between d ∈ [0.01, 0.99].

This first demand model component gives hints about the grade of demand satisfac-
tion in a spatial and temporal sense. The closer to 1 this value is, the higher is the need
for bicycles and - apart from bicycles that were returned in the upcoming time slot in
that zone - the more the bicycle stock there was emptied out. However, if this value
is close to zero, which is often the case in T1, i.e. between midnight and 6 a.m., the
relatively high stock was idling and concurrently not many rentals were made.
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Demand component output
weekdays weekends

Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 0.03 0.14 0.16 0.19 0.11 0.07 0.05 0.22 0.16 0.10
2 0.07 0.25 0.23 0.28 0.19 0.15 0.10 0.41 0.31 0.18
3 0.10 0.21 0.23 0.33 0.26 0.16 0.08 0.40 0.32 0.23
4 0.01 0.04 0.06 0.04 0.02 0.01 0.01 0.05 0.03 0.02
5 0.05 0.14 0.27 0.31 0.13 0.05 0.05 0.24 0.25 0.10
6 0.34 0.42 0.84 0.75 0.54 0.62 0.31 0.99 0.71 0.39
7 0.06 0.25 0.25 0.34 0.19 0.10 0.08 0.36 0.24 0.13
8 0.50 0.13 0.17 0.19 0.36 0.24 0.11 0.30 0.38 0.46
9 0.06 0.12 0.13 0.18 0.11 0.07 0.06 0.20 0.18 0.09
10 0.06 0.13 0.16 0.23 0.11 0.07 0.05 0.25 0.17 0.09
11 0.12 0.27 0.39 0.44 0.29 0.17 0.10 0.38 0.30 0.30
12 0.07 0.23 0.25 0.34 0.21 0.13 0.09 0.36 0.27 0.20
13 0.04 0.13 0.12 0.15 0.10 0.06 0.05 0.18 0.13 0.08
14 0.12 0.17 0.44 0.44 0.25 0.24 0.08 0.47 0.37 0.17
15 0.16 0.25 0.41 0.49 0.34 0.51 0.10 0.48 0.36 0.29
16 0.13 0.21 0.29 0.37 0.30 0.36 0.10 0.53 0.37 0.25
17 0.10 0.24 0.37 0.38 0.25 0.20 0.10 0.40 0.30 0.24
18 0.10 0.25 0.23 0.30 0.25 0.19 0.09 0.45 0.35 0.20
19 0.04 0.23 0.17 0.21 0.12 0.07 0.07 0.25 0.17 0.10
20 0.14 0.37 0.38 0.49 0.37 0.20 0.15 0.53 0.37 0.25
21 0.08 0.23 0.30 0.34 0.23 0.19 0.07 0.37 0.28 0.18
22 0.09 0.19 0.20 0.27 0.19 0.11 0.10 0.29 0.24 0.15
23 0.09 0.23 0.19 0.31 0.15 0.12 0.11 0.27 0.18 0.11
24 0.11 0.19 0.32 0.38 0.28 0.19 0.05 0.39 0.32 0.18
25 0.10 0.22 0.55 0.52 0.30 0.19 0.10 0.47 0.40 0.20
26 0.31 0.27 0.31 0.42 0.36 0.46 0.26 0.44 0.51 0.28
27 0.08 0.31 0.35 0.44 0.24 0.13 0.09 0.39 0.33 0.18
28 0.08 0.34 0.37 0.37 0.28 0.14 0.10 0.51 0.35 0.21
29 0.02 0.12 0.14 0.09 0.06 0.03 0.03 0.12 0.08 0.04
30 0.12 0.43 0.39 0.57 0.36 0.20 0.15 0.53 0.44 0.27
31 0.14 0.37 0.56 0.61 0.47 0.40 0.13 0.71 0.51 0.35
32 0.12 0.38 0.53 0.65 0.43 0.23 0.14 0.67 0.50 0.32
33 0.17 0.20 0.52 0.60 0.31 0.33 0.10 0.57 0.41 0.22
34 0.12 0.15 0.38 0.42 0.24 0.23 0.07 0.38 0.30 0.16
35 0.20 0.28 0.57 0.60 0.36 0.58 0.11 0.47 0.39 0.26
36 0.07 0.19 0.18 0.21 0.11 0.07 0.08 0.23 0.17 0.11
37 0.10 0.29 0.37 0.51 0.30 0.19 0.11 0.44 0.36 0.22
38 0.11 0.33 0.40 0.52 0.34 0.25 0.09 0.35 0.30 0.27
39 0.07 0.22 0.19 0.26 0.15 0.11 0.09 0.34 0.27 0.14
40 0.06 0.14 0.15 0.18 0.10 0.09 0.06 0.24 0.16 0.09

TABLE 5.2: The demand component D for all zones
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5.1.2 The Inflow / Outflow Component

The Inflow / Outflow componentO describes the difference between outflow, i.e. the
bicycles that were rented rTk − and inflow, i.e. the bicycles that were returned xT k in
zone z in time intervalTk . This componentOz showswhether a zone ismore attractive
to rent bicycles at a specific time interval or if it is rather a zone where people return
bicycles at that time of the day. Again for reasons of clarity, the zone index z is omitted
in the following definition.

OTk =
1

Nw

Nw∑
n=1

(
rTk

n − xTk
n

)
(5.3)

This component calculates the average difference between outflow and inflow, i.e. the
time intervals of all Nw days within the booking period have been taken into account.
Note that the setN of days in the operating periodwas divided into two subsets: N1 for
all weekdays and N2 for all weekdays and public holidays.
The result shows absolute bicycle numbers, and therefore illustrates the fleet move-
ments during entire days. Figure 5.7 captures the I/O relations for all time slots on
weekdays and weekends: the I/O patterns highly differ for both day types and the five
different time slots. The typical movements, as already described in 3.3 can be read
out here directly: on weekdays, beginning at 6 a.m., the fleet moves from the outskirts
to the city center until 4 p.m. when this behavior gets inverse until the followingmorn-
ing at 6a.m. Roughly the same fluctuation is observed on weekends, whereas the flow
seems to be less self-balanced, as there are a lot more blue respective red areas.
In general, this I/O component gives not only information about the current demand
per zone, but also if the zone gets self-regulated by the users already. For instance, in
case of a predicted high demand component D (see section 5.1.1), a high inflow (red
areas) indicates that the upcoming demand will be satisfied by the bicycles that will
be most likely be returned there in the next time interval.
Besides the spatial evaluation of the I/O outcome, table 5.3 shows the corresponding
calculated values. The values forO rangebetween [−11.4, 7.9]. Both values are detected
in the same zone 25Universität. In this zone, there is a high throughput. Especially in
T2 andT4, i.e. between 6a.m. and 10 a.m. and 4 p.m and 8 p.m., both day types show a
largemagnitude, indicatingmore inflow for the former andmore outflow for the latter
respectively.
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FIGURE 5.7: I/O component for all time slots on weekdays and weekends
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I/O component output in absolute numbers
weekdays weekends

Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 -2.03 2.50 1.52 -0.96 -1.16 -2.32 2.27 2.19 -1.99 -2.52
2 -0.54 3.75 1.51 -2.01 -2.53 -1.50 2.70 1.01 -1.19 -2.19
3 -0.39 1.62 0.34 -1.65 0.19 -0.39 1.04 0.74 -1.32 0.58
4 -1.81 1.22 1.06 0.33 -0.95 -1.97 1.09 1.88 -1.46 -1.72
5 -1.61 -3.79 0.85 4.32 0.06 -1.28 -2.27 0.05 3.61 -0.07
6 1.52 -4.17 -0.74 3.35 0.94 1.36 -2.93 -2.66 2.07 1.81
7 -1.98 2.10 1.04 -0.14 -1.22 -3.17 2.41 1.99 -1.15 -2.50
8 0.33 0.13 -0.33 -2.16 2.48 5.43 -1.00 -1.16 -0.94 2.09
9 -0.23 1.20 0.84 -0.60 -0.97 -0.57 1.14 0.68 -1.05 -1.31
10 -1.80 0.45 1.26 0.81 -1.28 -0.93 0.42 1.49 -0.19 -1.62
11 0.48 -1.98 -1.45 0.58 2.61 0.68 -1.83 -1.51 0.11 2.75
12 -1.16 1.66 0.75 -0.46 -1.00 -2.47 0.79 1.71 -1.57 -0.15
13 -1.35 1.94 1.29 -1.04 -0.94 -1.95 1.84 1.40 -0.47 -1.51
14 1.71 -3.06 -2.27 1.86 2.01 2.29 -2.65 -1.11 1.24 1.21
15 2.24 -0.08 0.28 -0.53 -1.80 2.48 0.11 0.03 -1.05 -0.82
16 1.98 0.40 -0.12 -0.57 -1.83 2.10 0.27 0.77 -1.06 -0.86
17 -0.42 -0.59 0.56 0.34 0.27 0.24 -0.46 0.51 1.06 -0.15
18 -0.46 3.35 1.08 -2.03 -1.93 -0.21 2.81 0.19 -1.48 -1.43
19 -2.19 4.57 1.66 -1.88 -2.22 -3.06 3.62 2.24 -1.73 -2.51
20 -0.44 0.95 0.67 -0.94 -0.26 -0.81 0.86 1.43 -1.56 0.14
21 0.13 0.44 -0.72 -0.76 0.43 0.77 -0.11 0.86 -0.55 -0.13
22 -0.86 2.04 0.88 -0.90 -1.14 -1.91 1.60 1.54 -0.95 -1.00
23 -0.23 -0.13 0.47 0.24 -0.54 0.11 -0.13 0.81 0.36 -0.39
24 1.42 -0.75 0.23 -1.77 0.55 1.32 0.14 0.56 -0.75 0.13
25 1.82 -11.42 0.48 7.88 2.47 1.23 -7.56 -2.11 6.21 2.56
26 1.51 -0.76 -0.45 0.36 -0.57 1.06 -0.71 -1.39 1.76 0.44
27 -0.78 -2.03 -0.06 2.93 -0.20 -1.57 -1.56 0.27 1.64 -0.64
28 -1.49 5.93 1.53 -4.07 -1.28 -1.61 4.27 2.68 -4.14 -2.51
29 -2.95 5.41 4.03 -2.12 -2.89 -2.58 2.97 4.06 -1.74 -3.26
30 -1.18 4.00 0.59 -2.23 -1.62 -1.23 2.91 1.28 -1.57 -2.07
31 1.44 4.26 -1.13 -2.15 -2.58 2.26 2.89 0.41 -2.06 -2.36
32 -2.27 2.05 0.77 0.47 -0.55 -2.25 1.55 1.93 -0.51 -1.65
33 2.40 -7.48 -1.14 4.65 1.54 3.70 -4.60 -3.00 3.39 1.62
34 2.36 -3.55 -2.15 1.11 1.77 2.68 -3.08 -1.56 0.75 1.72
35 3.38 -1.37 -2.80 -0.60 0.74 4.93 -0.58 -1.81 -1.09 1.99
36 -1.87 2.78 1.43 -0.65 -2.04 -2.18 1.55 2.28 -1.39 -1.82
37 -0.51 -3.45 1.51 2.23 0.39 -0.80 -2.08 1.86 -0.65 0.21
38 0.63 -2.92 -0.96 0.24 2.30 0.76 -1.72 -0.02 -0.14 3.46
39 -0.94 3.09 1.24 -1.44 -1.87 -0.82 1.75 1.79 -1.08 -1.90
40 -1.38 2.06 1.04 -0.39 -1.38 -1.52 1.39 1.81 -1.18 -1.42

TABLE 5.3: The I/O componentO for all zones
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5.1.3 The Idle Time Component

The third component I ranks the 40 different zones according to their idle times. For
each zone, the averaged idle timeswere calculated in all time slots and for all day types.
To make this component comparable among the zones, the idle times were scaled by
the amount of bicycles that were idling. This number corresponds to the stock s tk at
time tk . Hence, for each zone an idle time per bicycle is obtained.
Let I w be the average of all scaled idle times for all Nw days in the operating period,
calculated for each zone separately:

I w =
1

Nw

Nw∑
n=1

i tk
n

s tk
n

(5.4)

I w consists of 5 different time slots on 2 different day types, ergo yields 10 values for
each of the 40 zones. The idle time component for each zone z is calculated by

Iw,z =
I w,z∑40
l=1 I l

× 100 (5.5)

and results in the respective percentage, how much every single zone contributes to
the total idle time.
The component I describes how long each bicycle has not been used and hence indi-
cates the attractiveness of a zone at a certain time. The longer bicycles are idling the
lower is the demand in this zone, whereas if a zone has short idle time in a specific
interval, the demandmight be significant higher.
Table 5.4 shows the calculated percentage for each time slot, zone and day type. These
values range from [0.60, 11.31]. The interpretation of the values is opposed to the prior
components though: thehigher this value is, the longerwas the averaged idle timeand
therefore thedemand is supposedly lower. There are somezones that featurequite low
idle times for all time intervals. In zone 6Maxvorstadt for instance, the contribution
to the total idle time is around 1% only for all time slots. On the opposite side, zone
13Mittersendling features very long idle times in all time slots, with percentages up to
11%. There are also zones where the idle times vary during the day e.g., in zone 9 Am
Riesenfeld, similar to the demand and I/O component.
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Idle time component I output in percent
weekdays weekends

Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 2.85 2.90 3.47 3.32 3.32 3.96 3.96 3.65 4.01 3.67
2 2.75 2.44 2.78 2.74 2.36 3.03 2.44 2.25 2.33 2.84
3 1.72 1.77 1.54 1.51 1.82 2.12 1.98 1.54 1.57 1.41
4 1.81 2.26 2.95 2.48 2.23 2.14 1.08 3.80 1.94 2.63
5 2.99 3.13 2.86 3.57 2.90 2.43 2.13 2.88 3.36 2.48
6 0.92 1.13 1.10 0.80 0.78 0.89 1.17 0.72 1.00 0.98
7 2.59 2.49 2.99 2.87 2.69 2.25 4.00 2.65 3.22 2.38
8 6.20 4.43 6.58 3.02 6.59 5.95 1.69 3.04 3.39 2.02
9 5.18 3.70 2.20 4.98 4.98 4.93 1.13 5.85 5.33 6.37
10 4.27 4.41 4.83 4.32 3.66 4.19 3.97 3.81 3.54 3.60
11 1.38 1.44 1.57 1.62 1.51 2.30 1.27 1.77 1.57 1.97
12 1.43 3.16 2.18 2.28 2.44 2.59 3.02 2.14 2.08 2.96
13 6.80 7.23 5.69 7.60 6.10 7.37 11.31 9.94 6.30 6.76
14 2.28 2.01 1.89 1.90 1.63 1.52 1.91 2.01 2.35 1.84
15 1.93 1.55 1.52 1.59 1.50 0.99 1.33 1.87 1.98 1.38
16 1.68 2.25 1.76 2.19 1.46 1.54 1.92 1.63 1.69 2.00
17 4.64 2.09 2.69 2.04 1.93 1.93 1.43 1.32 1.67 1.70
18 2.36 2.05 2.61 2.63 2.22 1.94 3.97 2.29 2.15 2.53
19 4.71 6.05 4.16 4.17 4.16 4.23 6.58 4.56 5.00 3.34
20 1.47 1.41 1.84 1.69 1.65 1.54 3.22 1.65 1.69 1.99
21 1.65 1.96 1.96 2.01 2.08 2.68 1.83 1.87 2.06 2.90
22 3.91 2.73 3.54 3.04 3.49 2.70 0.69 2.81 3.13 4.17
23 1.71 2.20 2.36 3.13 2.59 2.31 4.48 2.83 2.91 1.77
24 2.98 2.21 2.14 2.23 1.90 1.91 1.28 2.02 2.17 2.53
25 1.74 1.54 1.50 1.27 1.52 1.37 2.52 1.11 1.04 1.75
26 1.36 2.40 2.04 1.35 1.38 1.09 0.60 1.61 1.06 1.34
27 2.88 2.10 1.85 1.89 2.04 2.29 1.96 1.49 2.13 1.82
28 1.61 1.94 2.29 1.94 1.74 2.22 2.08 1.98 1.89 1.72
29 1.91 2.11 2.01 2.06 2.01 2.27 1.75 2.04 2.09 2.41
30 1.92 1.19 1.45 1.60 1.62 1.63 1.83 1.35 1.75 1.68
31 0.96 1.15 1.14 1.09 1.08 1.06 0.94 0.97 1.40 1.52
32 1.08 0.75 0.88 0.96 1.14 1.18 1.24 0.84 0.98 1.22
33 1.01 1.51 1.26 1.04 0.90 0.61 1.60 1.44 1.50 1.18
34 1.62 2.06 1.77 1.73 3.58 1.96 1.23 2.13 2.52 1.88
35 0.88 1.29 1.30 1.08 0.92 0.93 1.11 1.56 1.08 1.14
36 3.06 3.92 3.89 4.80 4.73 4.96 3.57 4.67 4.49 6.20
37 1.51 1.55 1.46 1.15 1.54 1.86 2.11 1.15 1.32 1.77
38 0.96 1.84 1.89 1.23 1.24 0.98 1.13 1.38 1.54 1.56
39 1.94 3.92 2.79 3.25 3.17 2.49 5.12 2.65 2.99 2.48
40 5.36 3.73 5.25 5.87 5.39 5.68 3.44 4.75 5.79 4.11

TABLE 5.4: The Idle Time component I for all zones
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However, this component is not as reliable as D and O , because of following issues
concerning the idle time:

• due to the free-floating system it is possible (but not officially allowed) to return
bicycles in hidden areas e.g., in private backyards where potential other users
cannot enter. Some users seem to do that regularly and cannot be captured by
the system. This circumstance may cause longer idle times even if the current
demand in a zone is high.

• at some locations e.g., under bridges, bicycles cannot be GPS-located after re-
turning. In this case, users do not find these bicycles on their smart phone app
and therefore longer idle times are possible which does not necessarily corre-
sponds to low demand.

According to these reasons, the idle time component I must not be overrated if the
other two components indicate high demand. There are some cases, where these
components have to be interpreted well, for instance if components D and O result
in different demand predictions. This case differentiation is carried out in the follow-
ing section and leads to a reasonable combination of all three components.

5.2 Combination of the DemandModel Components

In previous sections, several components were defined and revealed indications of
actual demand from different points of view. In order to set up an integrated demand
model, these components have to be combined appropriately.

5.2.1 Case differentiation

The demand componentsDz ,Oz and Iz were calculated and evaluated in previous sec-
tions. Each of them indicate low,moderate or high demand, dependent on the respec-
tive value per zone and time slot. But so far, these components are independent, i.e.
in some cases the components show opposing results.
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In zone 25 Universität for instance, D indicates a high demand whereas O predicts a
low demand in time slotT3 on weekends. In this case, it is most likely thatO results in
low demand, because even more bicycles are returned in this zone, but the demand
is high nevertheless. Taking into account the according idle time component I , it ap-
proves a high demand in zone 25 as the available bicycles there have short idle times.

First of all, a case differentiation is necessary in order tomerge the three demand com-
ponents. ForDz ,Oz and Iz there are three different ranges of values. These rangeswere
classified into three categories, i.e. the respective values are either "high","medium"
or "low", as table 5.5 shows. The size of the intervals is not equally distributed, but
such that every interval has around the same amount of entries, i.e. the values for Dz ,
Oz and Iz are uniformly distributed in the "high","medium" or "low" class. Table 5.6

component low medium high
Dz [0, 0.15] ]0.15, 0.31[ [0.31, 1]
Oz [−12, −5] ] − 5, 2[ [2, 8]
Iz [0, 1.7] ]1.7, 2.6[ [2.6, 12]

TABLE 5.5: Interval classification for all components

depicts the correlation of the three single components and the actual meaning can be
interpreted: in case of a high Dz , there are almost no low idle times Iz if Oz is high-
/medium there are only 4 and 5 occurrences respectively. The other way around if Dz

is low, the occurrence of low idle times is little, but medium and high values for Iz are
prevalent. All in all, the demand component Dz inversely correlates with the idle time
component Iz , meaning that the higher Dz , the lower is Iz and the other way around.

Taking a look at the I/O component Oz , a correlation with Dz or Iz is not visible at a
glance. This is the case, because a lowOz does not necessarily imply low demand. To

Dz ↓ Oz → high medium low
high Iz low 28 26 24

Iz medium 11 14 14
Iz high 4 5 0

medium Iz low 11 12 9
Iz medium 11 27 8
Iz high 23 18 16

low Iz low 8 9 8
Iz medium 11 14 24
Iz high 17 17 31

TABLE 5.6: Frequency distribution of all different cases
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recapitulate, the I/O component describes the flow of the fleet, i.e. the difference of
rentals and returns per zone, ergo "outflow" - "inflow". Therefore a lowOz can be in-
terpreted as even more bicycles get returned in the specific zone and a self-regulation
works in this case. On the contrary, if in addition to a high Dz , Oz is high, too, the re-
spective zone has a severe lack of bicycles, because of a high amount of rentals com-
pared to a relatively low amount of returns that are made in this zone.

5.2.2 Weighting of the single components

ThedemandcomponentDz measures currentdemandwith thehelpof available stocks.
As stated in 5.1.1, the raw output of Dz needs some interpretation and therefore was
adjusted. Hence it results in a qualitative measure to estimate upcoming demand re-
gardless of current stock and weights equally as the I/O component.

The I/O component Oz provides information about the current fleet flow, which is a
self-regulation of surpluses or lacks of bicycles in some cases. This measure carries
great weight concerning user-based relocations, which are expounded in 6.2. For the
demandmodel, it is helpful to compare the values ofOz in between all zones for a spe-
cific time interval. The sum of these values should be equal to zero in theory, because
it is a close system with no loss of bicycles.

In reality, there are two reasons which cause a higher overall inflow/outflow in single
time intervals:

1. a considerablepart of thefleet is rentedor returnedoutsideof theoperating area.
This is officially not allowedandusers get fined if theydo so. In the I/O -Analysis,
additional bicycles appear (in case of prior renting outside of the operating area)
or some bicycles just vanish (in case of returning them outside of the operating
area).

2. the operator already did some relocation trips in the year 2014; some bicycles
appear within a certain time interval with different GPS coordinates - these bi-
cycles have been relocated or at least collected, maintained and redistributed
and therefore cause inconsistencies.

The latter fact will be used in 7.2.2, in order to capture the relocation trips back then.
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The value Oz compared among the zones ranks the attractiveness to rent a bicycle
there and hence is an essential component to determine the final demand prediction.

The idle time component Iz is also an important indicator for demand, even though
it is not that reliable as the other two components, because of technical issues that
cannot be captured (see also section 5.1.3). Therefore this component only weighs
half as much as Dz andOz .

The final saturation pattern then consists of the following:

S∗Tk
z = Smin +D

′Tk
z +O

′Tk
z + I

′Tk
z (5.6)

whereas Smin guarantees a minimum stock for all times and zones.
In order to establish a certain perception of the bicycles in a potential empty zone,
this value is set to 5 and in consequence the optimal stock recommendation per zone
is always greater or equal 5.

D
′Tk
z , O

′Tk
z and I

′Tk
z are functions which span the values of each component (see tables

5.2, 5.3 and 5.4) respectively and assign the number of needed bicycles to each zone
and time slot.

D
′Tk
z is a square root function that features ahigh gradient for values close to zero, as in-

dicated in green in figure 5.8. This ensures that small values for dz have an impact, too,
especially because of the cluster of values in between [0, 0.2]. Further, D

′Tk
z returns a

maximumvalueof 20, which reflects themaximumfor a stock recommendationbased
on the demand component and the minimum value 0.

FIGURE 5.8: Conversion of the demand component D
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FIGURE 5.9: Conversion of the I/O componentO (left) and the idle time component I
(right)

O
′Tk
z spans the values of table 5.3 linearly, as illustrated in the left part of figure 5.9.

O
′Tk
z returns 0 in the case of low demand and also 20 for themaximum value of the I/O

component. I
′Tk
z follows a hyperbolic function, in order to push very short idle times

(certain indicator for high demand) and not to overstate long idle times, as depicted
within the green area in the right part of figure 5.9. The maximum of I

′Tk
z is 10 (for the

minimumvalue of I Tk
z ), which is only half asmuch compared to the other components

- here the weighting comes into effect. The minimum of I
′Tk
z is set to zero.

In consequence, a zone can have a maximum demand for 50 bicycles, only if all three
components indicate maximum demand. In case of "zero demand indication" by all
three components, the minimum stock remains and therefore a zone stock recom-
mendation never undercuts the amount of five bicycles.

For each time slice per weekday and weekend, the demand model provides the up-
coming demand for each of the 40 zones. For every zone and time slot, this model
output represents a threshold, which should not be undercut, else the demand for
rental bicycles is most likely not satisfied. Comparing the current FD with the cal-
culated optimal distribution, we obtain the relocation steps, which are necessary to
satisfy the occurring demand. The overall result of the demand model is the satura-
tion matrix S∗ and resumed in table 5.7. This matrix is of size 40x10 and contains the
stock threshold for all 40 zones in respective 5 different time slots perweekday and per
weekend. Hence it illustrates the optimal FD so that the demand can always - spatially
and temporally - be satisfied.
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 8 21 18 24 14 10 8 22 20 14
2 8 25 20 26 16 11 9 26 25 16
3 9 25 22 30 18 12 8 27 28 21
4 8 19 17 22 14 10 9 18 20 13
5 8 18 20 28 15 10 8 22 25 16
6 12 27 29 43 24 16 10 35 37 24
7 8 24 20 27 16 11 8 25 23 16
8 10 19 16 23 17 12 9 22 25 22
9 8 19 19 22 13 10 9 19 20 13
10 8 19 17 24 14 10 8 21 22 14
11 10 25 23 33 20 12 9 25 28 21
12 9 22 21 29 16 11 8 26 25 17
13 7 18 16 19 13 9 7 18 18 13
14 9 21 22 33 19 14 8 26 27 19
15 10 25 24 33 19 16 9 27 27 21
16 10 23 22 29 19 14 8 28 28 19
17 8 23 21 30 18 12 9 28 28 20
18 9 25 20 26 17 12 8 26 26 17
19 7 21 18 22 13 9 8 21 19 15
20 10 28 23 32 20 13 8 29 28 19
21 9 24 21 29 18 12 8 26 26 17
22 8 22 18 26 15 11 10 23 23 15
23 9 23 20 27 16 11 8 23 23 18
24 9 22 22 29 18 13 9 26 26 18
25 10 19 26 40 20 13 7 28 35 20
26 11 23 21 34 20 15 10 26 34 21
27 8 23 22 33 18 11 8 27 28 19
28 9 28 22 28 18 11 9 28 26 18
29 8 24 21 23 14 10 8 23 21 14
30 9 31 24 33 19 13 9 30 28 19
31 11 30 26 36 21 15 10 33 30 21
32 10 32 28 39 21 13 9 34 33 21
33 11 21 25 40 22 16 8 28 32 22
34 10 20 22 32 17 13 8 24 26 19
35 11 26 25 37 22 17 9 27 31 22
36 8 21 18 22 13 9 8 21 20 13
37 9 24 24 37 19 12 8 30 30 20
38 10 24 23 35 21 14 9 27 28 22
39 9 22 19 25 15 11 8 24 24 16
40 7 20 17 21 13 9 8 21 19 14
sum 362 927 855 1183 695 484 338 1017 1040 722

TABLE 5.7: Saturation pattern for each zone and time slot onweekdays andweekends
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Remark: the final result of the demand model refers to the entire operating period,
i.e. from mid March to mid December 2014. Nevertheless, this model is also applica-
ble for shorter time periods (e.g., if booking data are only available for a period of a few
weeks). Mainly for testing reasons, the demand model was applied to monthly book-
ing data. The differences of calculated demand patterns were not significant as only
marginal differences in an inter-zone comparison occurred. Higher differences (but
still moderate) concerned the overall fleet size (hence the overall demand), whichwas
lower in themonths April andMay and also in October and November. This is consis-
tent, as overall booking numbers in summermonths are highest and ergo the demand
is higher. For further calculations, the saturation pattern depicted in 5.7 is used. The
results for each Month in 2014 (April to November) are attached to Appendix B.

In conclusion, a model to estimate the demand in a free-floating BS System was cre-
ated in this chapter. Themodel output results in different time- and space-dependent
thresholds that guarantee to satisfy the respective upcoming demand.

In the following chapters, different relocation strategies arepresented inorder to reach
the state of an optimal FD, i.e. any previously unmet demand vanishes, as all under-
supplied areas get eliminated. Further, the needed time and general impact of regu-
larly conducted relocation trips is estimated.





Chapter 6

Relocation Strategies

In previous chapters, a detailed empirical data analysis led to a demandmodel, which
estimates the occurring demand for rental bicycles on a spatial and temporal level.
This demand forecast tool builds module I of the Relocation Model outlined in chap-
ter 4. It predicts the needed amount of bicycles at several locations in the operating
area within the next few hours. Depending on the current flee distribution (FD), the
relocation process may vary from a few bicycles that need to be shifted to a severe re-
location intervention by the operator. In order to realize this process most efficiently,
module II is required and subject of this chapter: adequate Relocation Strategies.
This chapter is the core part of the thesis, as it addresses RQs 3a and 3b and forms the
basis in order to answer the remainingRQs. It dealswith finding the optimal execution
to reach the state of a most balanced fleet, i.e. the demand model recommendations
are optimally satisfied, in order to distribute the rental bicycleswhere users need them
and hence increase the utility level of the entire BS System.
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6.1 Operator-based Strategy

A conventional method to rebalance the fleet of a BS System is to use an operator-
based strategy. The approaches vary widely (see also section 2.3.1) from relocating by
instinct or experience, shifting parts of the fleet from cold to hot spots or performing
a time-efficient strategy in order to keep the system running at minimized cost.

In the present case, the optimal FD for the current time interval is known, and - in
cooperationwith the operator - the actual current FD in the operating area is knownas
well. Consequently, the required fleet movements are evident already. The challenge
is rather to obtain this fleet state in aminimumamount of time and atminimum cost.
The resulting optimization problem is defined and solved in the following sections.

6.1.1 Optimization problem of the relocation process

This section deals with the question of how relocation trips can be carried out in a
most efficient way. Main factors in the present case are time for the relocation, the
operator’s expense and most importantly the grade of accomplished relocations and
resulting fleet status. In a best case, this statuswill satisfy the demand forecast in every
zone.
In general, a vehicle routing problem (VRP) - a combinatorial optimization and inte-
ger programming problem - has to be solved. A VRP is characterized by a given set of
customers that have to be delivered by a fleet of vehicles and a set of possible routes
that have to be optimized. While the customers correspond to the zones (where the
delivery should be accomplished), the fleet of vehicles corresponds to one relocation
truck. The objective is to minimize the total route cost.
In the present case, instead of a central storehouse, there are spotswith a surplus of bi-
cycles that need to be picked up, and other spotswhere bicycles are needed andhence
have to be delivered there – a case of classical pick up and delivery problems (PDPs).
PDPs build up an important class of the vehicle routing problem, where commodities
need to be transported between origins and destinations. In this case, the problem re-
duces to a so-called one-commodity pickup and delivery traveling salesman problem
(1-PDTSP) as there is only one commodity, namely the bicycles.
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Hernández-Pérez and Salazar-González elaborated this specific case of a VRP in [57,
58]. A problem definition and framework is given in the following.

6.1.1.1 Problem formulation

Let G = (V, A) be a complete and directed graph with vertex setVz = {1, .., M } with M

denoting the amount of customers/locations that have to be visited and z denoting
the according location index.
The arc set is defined as A = (i, j ) : i, j ∈ V, i , j . Each arc length is non-negative, fol-
lows the triangle inequality and corresponds to the travel time/cost ci j . It is assumed
that the travel time between two zones is equal in both directions, i.e. ci j = c j i .
All optimization problem variables and defined quantities are listed in table 6.1.
The need for bicycles in the zones is either positive - if there is a lack of bicycles - or
negative - if there is a surplus - or equal to zero in case of an already balanced zone z

at time tcur and is denoted by bz . This quantity results from following equation:

bz = s ∗Tk
z − sz,cur (6.1)

whereas s ∗Tk
z arises from the the saturation matrix S∗ of demand model, as described

in chapter 5 and sz,cur denotes the current FD. In this respect, the target time slotTt ar is
the subsequent time frameTk after the current time tcur , such that tcur ∈ Tk−1, assuming
that the relocation process can be accomplished until time tk and tcur ∈ Tk−2 elsewise.
Without loss of generality the depot, i.e. the initial amount of bicycles to drop in the
first zone, is defined as

b1 B −
M∑

z=2
bz (6.2)

Optimization problem variables
V set of zones tcur current time
A set of paths between zones Tt ar target time interval
M number of zones C Capacity of relocation vehicle
z zone index bz # of bicycles to shift per zone
V ′ any subset ofV δ small neighborhood of current zone
A ′ any subset of A x decision variable

TABLE 6.1: Input variables for the optimization problem
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and the capacity of the relocation vehicle is denoted byC , which is certainly positive.
For each subsetV ′ ⊂ V a δ-neighborhood is defined such as:

δ(V ′) B {(i, j ) ∈ A : i ∈ V ′, j < V ′} (6.3)

and for each subset A ′ ⊂ A one has

x(A ′) B
∑
(i, j )∈A′

xi j (6.4)

The goal is to minimize the total trip length, meaning the total duration of the entire
relocation trip. Then the optimization problem is formulated based on the following
edge-decision variables:

xi j =


1 , path goes from i to j

0 , otherwise
(6.5)

min
∑
(i, j )∈A

ci j xi j (6.6)

Subject to
x(δ({z })) = 2 ∀ z ∈ V (6.7)

x (δ (V ′)) ≥ 2 ∀ V ′ ⊂ V (6.8)

x(δ(V ′)) ≥ 2
C

�����∑
z ∈V ′

bz

����� ∀ V ′ ⊂ V. (6.9)

Equation (6.7) ensures that the routing is Hamiltonian, i.e. every zone is visited ex-
actly once. Constraint (6.8) guarantees the 2-connectivity between each zone. And
equation (6.9) is a capacity constraint so that the relocation truck can always carry the
required amount of bicycles. This constraint is similar to a typical capacity constraint
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in capacitated VRPs (e.g., see [86]), with the additional property that the amount of
bicycles that need to be relocated bz is allowed to be negative in case of a surplus.

The resulting optimization problem is an Integer Linear Program (ILP) and can be
solved with the help of the following method: a branch-and-cut algorithm finds ex-
act solutions e.g., [11, 57], which is basically a combination of two different solving ap-
proaches: a branch-and-bound algorithm and a cutting plane method. This scheme
calculates an optimal routing by relatively low computational cost. The next section
presents the implementation of this solver.

6.1.2 Software implementation

Theoptimizationproblem is classifiedas an Integer Linear Problem (ILP) and is solved
by implementing it in MATLAB [74]. The provided solver intlinprog (see also [75]) is
able to solve even Mixed Integer Linear Problems (MILPs) in polynomial time. The
solver passes through following steps.

1. Reduction of the problem size using Linear Program Preprocessing.

2. Solving an initial relaxed (noninteger) problem using Linear Programming.

3. Performing (Mixed-)Integer Program Preprocessing to tighten the LP relaxation
of the (mixed-)integer problem.

4. Try Cut Generation to further tighten the LP relaxation of the (mixed-)integer
problem.

5. Finding integer-feasible solutions using heuristics.

6. Using a Branch-and-Bound algorithm to search systematically for the optimal
solution.

As the MILP is reduced to an ILP, steps 2 to 4 are adapted and reduced accordingly.
Based on the previously defined problem formulation, the implementation requires
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following input:

min
x

f t x subject to



x are integers

A ∗ x ≤ b

Aeq ∗ x = beq

lb ≤ x ≤ ub

(6.10)

where A and Aeq arematrices and b and beq the corresponding vectors that comprise
the linear (in-)equalities and thus represent the needed constraints. These linear con-
straints restrict the solution x by lb and ub - lower and upper bound. The respective
quantities are set as follows.

As input variables there are:

1. number of locations, i.e. zones are set to M = 40

2. the corresponding centers of the zones, defined by lat. and long. of the GPS-
coordinates

3. the capacity of the relocation vehicle is set toC = 35

4. current FD and the absolute number of required relocations

5. all imbalanced zones and their amount of surplus and lack of bicycles respec-
tively comprised in bz

with subject tominimize the total trip length of the relocation trip. Further constraints
in order to avoid detours exclude routes that cause an extra travel time of 10 minutes
per bicycle (accumulated). Additionally, the time for loading and unloading a bicycle
is taken into account with 5 minutes on top per visited zone.

Let Scur =
∑

z sz,cur denote the current fleet size and B =
∑ |bz | the amount of required

relocations in total. Then the fleet imbalances before the relocation intervention can
be written as

Ibe f or e =
B

Scur
· 100% (6.11)
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Further, Racc denote all accomplished bicycle relocations. The remaining imbalances
are consequently

Ia f t er =
B − Racc

Scur
· 100% (6.12)

LetR denote the relocation route. The travel time is composed of two components, an
inter-zone distance, adding the path length between zones and a covered intra-zone
distance, which depends on the amount of bicycles that need relocation per zone:

dt ot al =
∑
(i, j )∈R

ci j xi j +
∑
z ∈R

d(bz ) (6.13)

In case of a relocation tour during rush hours, a higher traffic density is most likely
and the travel time is scaled. According to the Tomtom Traffic Index (see [122]), travel
times for motorized traffic in Munich increase by 50% during 8 a.m. and 9 a.m and 5
p.m. and 6 p.m. on weekdays (besides Fridays when it is shifted to 4 p.m. to 5 p.m.).
The entire morning and evening rush hours extend to the time intervals 7 a.m. to 10
a.m. and 4 p.m. and 8 p.m., as stated in [47]. Within these time periods, travel times
are still increased but only around 30%. In case of a requested relocation trip within
rush hour times, the total travel time t tt ot al is accordingly adjusted.

The final output of the optimization problem then yields

1. the initial fleet imbalance in percent Ibe f or e and the remaining imbalance Ia f t er ,

2. visited zones Zvis and amount of relocated bicycles Racc

3. covered distance by relocation truck dt ot al

4. total travel time of relocation route t tt ot al

and is illustrated for selected dates in table 6.2. The runtime is not listed as the cal-
culation in MATLAB is fast for any case (less than 5 seconds) and thus does not play a
decisive role.
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6.1.3 Performance in real time and link to reality

Table 6.2 reveals the results of the operator-based relocation strategy (RS).

It depicts the efficiency of themethod for several test cases. In order to keep the results
comparable, seven consecutive days (Monday to Friday) have been chosen in May,
June andSeptember respectively and the relocation trips started at 1 a.m. onweekdays
(in June, the relocation method is applied for 4 a.m as well) and 10 a.m. on weekdays;
this time is denoted as tcur .

The second column, the target time tt ar is the time, when all relocation steps should
be accomplished. That means, the recommended FD (calculated in chapter 5) refers
to the target time.

Date / tcur tt ar Ibe f or e Racc Ia f t er Zvis dt ot al t tt ot al

May 12, 1 a.m. 6 a.m. 37.07% 296 10.31% 26 33.11 km 6.04 h
May 13, 1 a.m. 6 a.m. 37.63% 321 9.28% 23 30.95 km 6.38 h
May 14, 1 a.m. 6 a.m. 38.88% 304 12.38% 24 33.46 km 6.18 h
May 15, 1 a.m. 6 a.m. 37.69% 309 11.10% 23 31.51 km 6.20 h
May 16, 1 a.m. 6 a.m. 41.33% 349 11.95% 28 34.16 km 6.96 h
May 17, 10 a.m. 4 p.m. 42.01% 421 6.99% 30 34.41 km 8.16 h
May 18, 10 a.m. 4 p.m. 41.49% 437 5.37% 28 35.20 km 8.46 h
June 16, 1 a.m. 6 a.m. 34.64% 258 14.38% 21 31.57 km 5.35 h
June 17, 1 a.m. 6 a.m. 35.95% 305 12.27% 24 33.11 km 6.19 h
June 18, 1 a.m. 6 a.m. 37.83% 329 12.48% 24 33.17 km 6.59 h
June 19, 1 a.m. 6 a.m. 34.81% 287 12.56% 22 30.79 km 5.81 h
June 20, 1 a.m. 6 a.m. 32.03% 268 11.15% 23 31.60 km 5.52 h
June 21, 10 a.m. 4 p.m. 33.41% 345 6.73% 26 32.66 km 6.84 h
June 22, 10 a.m. 4 p.m. 31.49% 365 3.04% 27 31.30 km 7.13 h
June 16, 4 a.m. 10 a.m. 33.62% 199 17.99% 16 30.08 km 4.62 h
June 17, 4 a.m. 10 a.m. 35.98% 242 17.17% 22 34.93 km 5.55 h
June 18, 4 a.m. 10 a.m. 37.39% 251 18.04% 20 33.20 km 5.62 h
June 19, 4 a.m. 10 a.m. 32.22% 187 17.74% 15 28.55 km 4.35 h
June 20, 4 a.m. 10 a.m. 29.44% 162 16.82% 14 29.57 km 3.98 h
Sep 15, 1 a.m. 6 a.m. 33.93% 332 10.94% 26 32.80 km 6.63 h
Sep 16, 1 a.m. 6 a.m. 32.41% 308 11.08% 25 32.68 km 6.22 h
Sep 17, 1 a.m. 6 a.m. 35.94% 371 10.49% 26 33.91 km 7.31 h
Sep 18, 1 a.m. 6 a.m. 34.40% 340 10.82% 23 31.82 km 6.73 h
Sep 19, 1 a.m. 6 a.m. 33.43% 318 11.33% 25 34.76 km 6.46 h
Sep 20, 10 a.m. 4 a.m. 33.96% 436 3.74% 29 32.36 km 8.35 h
Sep 21, 10 a.m. 4 a.m. 37.22% 459 5.35% 32 35.73 km 8.84 h

TABLE 6.2: Results of operator-based Relocation Strategy
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The following columns contain the final amount of accomplished relocations Racc (ei-
ther picked up or dropped off), the percentage of imbalances before Ibe f or e and after
Ia f t er the relocation trip, i.e. the amount of required bicycle relocations and the re-
maining imbalanced bicycles respectively compared to the current fleet size.
Further, the number of zones that were approached Zvis , the total travel distance dt ot al

and the corresponding travel time t tt ot al are displayed.

In a comparison by week, the imbalances on weekdays are highest on Wednesdays
but similar for all weeks. This is different on weekends, as the imbalances vary from
30% to 40%on the chosen dates. Comparing the test cases for different target times (in
the week of June for 6 a.m. and 10 a.m.), the efficiency for the target time 10 a.m. (i.e.
start of relocation tour on 4 a.m.) is lower. First, this is caused bymore traffic between
6 a.m. and 9 a.m. and thus the travel time is higher (in relation to visited zones and
accomplished relocations). Second, the BS System is already in heavy use during the
relocation trip and hence, the rentals can affect the currently running relocation.

The fleet imbalances afterwards range between 3% and 18%. In the latter case, the re-
location trip seems quite ineffective, as a severe amount of bicycles still idles in wrong
spots. Nevertheless, the fleet imbalances before were really high e.g., on June 18 with
around 37%. If the relocation trip already starts at 1 a.m. though, only 12% of imbal-
ances remain which is also indicative of relocating earlier.

In general, Ia f t er is always lower on weekends, when the demand pattern differs and
additionally, the traffic density is not as high as on weekdays. The insistence of fleet
imbalances after a relocation trip has several reasons: on the one hand, small imbal-
ances in zones are ignored due to detours causing higher travel times. On the other
hand, the capacity of the relocation vehicle forces that very high imbalances cannot
entirely eliminated, ergo some visited zones may still feature a lack or a surplus of bi-
cycles.

In summary, it can be stated that a single relocation trip can take up to 8 hours in
total, depending on time of day and initial state of the fleet. This is confirmed by real-
word relocation trip durations: the dispatchers of the BS System Captial Bikeshare

accomplish 25 bicycle relocations in around 45 minutes (see [25]). Compared to this,
the calculated trip durations might be slightly optimistic.
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In any case, relocation trips call for various costs, namely for labor, a vehicle and its
maintenance, fuel etc. and do not seem to be a very efficient or quick way to bring the
BS fleet in a fully balanced state so that the system can satisfy upcoming demand.

In order to enhance and accelerate the depicted relocation performance, the next sec-
tion presents an incentive-based strategy that substitutes and/or supplements reloca-
tion trips by users.

6.2 User-based Strategy

This section deals with substituting operator-based relocations with relocation trips
made by the users themselves. In a best case scenario, the fleet would be relocated
constantly without any interference, hence no extra trips would either cause environ-
mental drawbacks or labor cost, vehicles, fuel etc. At the same time, the current FD
would satisfy the demand at all times and locations.

In reality, there are some constraints though:

1. the relocation process might take longer than operator relocations

2. a change of travel plans is not an option for many users and their trips

3. current user’s willingness to change their travel plans is hard to predict

The process of relocating the fleet by an incentive-based approach only is not as pre-
dictable as a prior planned relocation route. In most cases, the fleet adjustment takes
longer and it is hard to forecast when the needed bicycles will have been relocated by
the users. If a user has an appointment (which ismost likely at a set time and location)
for instance, there is only a small chance to incentivize and convince them to adapt
their destination. But there might be a user group that will check trip mode options
before actually taking a trip - and if there is an appropriate discount (if there is any for
the current location and the destination), they might take a rental bicycle.
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6.2.1 Estimation of user’s willingness

There are different user groups and of course different trip purposes for using a BS
System. In general, for all trips (all modes) that are made by registered users, there is
a potential for an incentivized relocation trip. The following decision tree illustrates
the user behavior and the possibility for trip changes or the potential for decisions to
realize trips by rental bicycles because of an interesting discount offer.

The following estimations are based on different sources of information, as listed in
table 6.3.

Niels and Bogenberger analyzed the booking behavior of CS users [90] and found out
that only 13% of all smart phone app requests resulted in a car reservation and even-
tually in a performed trip. Further, a share of 21% featuring a spontaneous booking
behavior was determined. Transferred to BS, it is assumed that BS trips occur even
more spontaneously, namely 67% and accordingly 33% are planned BS trips.

In 2014 a survey was carried out among BS System users in Germany [101]. A part of
this survey investigated the price sensitivity and walking distance, users are willing
to walk. 40% of the respondents stated to use a BS Systems only if a rental bicycle is
available around the corner and convenient for the trip purpose. It is assumed that

Study /Source Results Adjusted Decision Factor
booking behavior
of CS users [90],
applies to
decision level 1

13%make a car reservation after
app consultation /
21% bookings directly
(spontaneously) at the car

33% ride definitely
by rental bicycle /
67% decide
spontaneously

survey of BS users
[101], applies to
decision level 3

40% of users claimed to use a
rental bicycle only if
"conveniently situated"

20% chose another
trip mode

price sensitivities
in PT usage [138],
applies to
decision level 3

10%more PT trips
in case of a
flexible pricing scheme

10% share of a
definite relocation
trip

price sensitivities
in CS usage
[28, 110], applies to
decision level 3

sharp price consciousness due
to low indifference-percentage
of 15% of CS users, i.e. the re-
maining users care for pricing

between 20% and 30% (in
resp. decision branch) are
potential, price-dep.
relocation trips

TABLE 6.3: Sources of information concerning single decision levels
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half of these possible trips are made by rental bicycle, whereas the remaining part is
accomplished by other trip modes.

In [138], Wirtz modeled the mobility behavior of PT users and their choice for traffic
modes and also approves a certain price sensitivity of users. The author determined
a plus of 10% in PT trips (accomplished by users without subscription) if a flexible
pricing scheme applies. This percentage is transferred directly to BS Systems: 10% of
trips are additionally induced in case of a price incentive.

In [110], Seign investigated the user’s willingness to pay certain prices for a CS vehicle.
Different scenarios investigated a price consciousness. As a result, only 15% of users
are indifferent to pricing schemes. This amount is assumed to be higher concerning
BS, e.g. only up to 30% of trips are supposed to be incentivizable. Further, the CS
System Operator Drive Now (see [39]) established the pricing model Driv’n Save [28]
in 2015, inorder to increase theoccupancy rateofCSvehicles. However, aperformance
quantification e.g., the gain in booking numbers is not known.

Figure 6.1 unravels the three different decision levels and their respective likelihood.
There is a trip from A to B the user wants to realize. A* and B* denote any deviation
from the original start and end location respectively. There is one main time depen-
dent difference: onweekdaymornings,most of registeredusersmight have their com-
muting routine without using the BS System (see also the empirical data results in
chapter 3). Hence user-based relocations are presumed to bemost effective on week-
days between 10 a.m. and 8 p.m. (after 8 p.m. the usage rate is rather low) as well as
on weekends during day time with no further time constraint. Therefore these time
frames, especially (late) afternoon and weekends support the following approach.

On decision level 1, there are two options: either the user has already decided to go by
rental bicycle or they checkavailable alternatives suchaspublic transport, taxi, private
car etc. This probability relation is 1:2, i.e. a third of all trips are previously decided to
be realized by rental bicycle (see also table 6.3). For both cases, the user gets discount
rates for the initial trip A to B - if available - or the adapted route A* to B*, but for the
latter case (no trip mode yet), the discount offer leads to a higher likelihood to opt for
the rental bicycle and hence generates extra (relocation) trips by bicycle.
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FIGURE 6.1: Decision tree of users’s behaviour to trip changes

The likelihood indecision level 2, if the trip A to B is offeredwith discount, yields from
following approach: a trip supports the needed relocation steps either if

1. A lies in a surplus zone and B lies in an under-supplied or balanced zone, or

2. A lies in a balanced zone and B lies in an under-supplied zone.

otherwise there is only a discount offer for an adjusted trip from A* to B*. Then the
likelihood Pz (x) of a discount offer for a trip from A to B dependent on the number of
balanced zones can be written as

Pz (x) =
( z − x

2z

)2
+

x ∗ (z − x)
z2

(6.14)
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where the variable x denotes the number of balanced zones with the constraint that
theamountof over- andunder-supplied zones is equal and z parametrizes theamount
of zones, which is equal to 40 in the present case. This probability measure yields the
following results: in case of low imbalances e.g., 30 zones feature a balanced distri-
bution, P40(30) = 0.20 and thus the likelihood for a discount trip from A to B is 20%.
Analogously, P40(20) = 0.31 in case of medium imbalances and P40(10) = 0.33 in case of
high imbalances. Ergo: the higher the imbalances, the more likely trip A to B will be
discounted. Overall, the likelihood for discount of the initial trip ranges between 0.20
and 0.33, hence the likelihood for no discount, i.e. only for an adjusted trip A* to B*,
ranges between 0.67 and 0.80, depending on the current FD state.

Decision level 3 is the most complex one: the first case involves ’trip by BS System’
and ’offereddiscount for A toB’. The resulting tripwill be realized butwould have been
realized without the relocation incentive. Therefore these kind of trips are not real re-
location trips and hence the symbol in figure 6.1 is in parentheses. The branch ’trip by
BS System’ and ’offered discount for A* to B*’ results in three different scenarios. In
70% of the cases, the user realizes their trip from A to B regardless of the discount or
route adjustment. The remainder splits in 10% that realizes the adjusted trip from A*
to B* and 20% that weighs up the offer and decides dependent on that.
The branch ’no mode yet’ and ’offered discount for A to B’ also splits in three scenar-
ios: either there is an alternate, bettermode to realize the trip (20%) or the user weighs
up (30%) or they accomplish the trip from A to B (50%) which then is a needed relo-
cation trip. In case of only a discount offer for A* to B*, this share shrinks to only 10%,
while 30% contemplate, find a better mode to travel or take the initial trip from A to B
respectively.

To sumup, thedecision tree scenario aims for timeperiodsout offmorningpeakhours
and is dependent on the current state of the fleet (decision level 2). Assumingmedium
imbalances, i.e. P40(20) = 0.31 , the decision tree leads to following output:
10.41% are unintended relocation trips and go incidentally from A to B. In 47.71% the
user will not conduct a relocation trip (either because of no trip adjustment or other
mode). 17.29% of the trips turn assuredly into relocation trips and is denoted as Pas .
Additional 24.59%have the potential to become relocation trips depending on the dis-
count offer, which is denoted as Pde p . Besides the positive effect of relocating the fleet,
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this user-based strategy might generate extra trips by rental bicycle up to almost 25%
accordingly.

6.2.2 Urgency index

Previous sections show possibilities to counter imbalances from the operator view by
a relocation route along the imbalanced zones.
The current grade of imbalances is taken into account, i.e. the amount of bicycles that
have to be relocated. If those imbalances are high, these zones are prioritized as the
optimal relocation route is determined.

For the incentive-based RS which is ideally self-regulating without any direct opera-
tor’s relocations, a holistic view of the fleet dynamics is needed. Therefore the urgency
to relocate in certain zones is not only dependent on the current imbalances, but also
on the upcoming predicted fleet dynamics in these zones.

A reasonable urgency index most importantly points out under-supplied areas, as a
persistence of unmet demand causes a deficit for the entire BS System.

The following components are included to set up the urgency index:

• current deficit/surplus of bicycles per zone

• forecasted inflow/outflow in the next time frame

• forecasted demand/needed stock in the next time frame.

In a worst-case scenario, there is a high fleet deficit in zone z , only a few bicycles will
presumably be returned there in the next time frame (low inflow) and the demand
model predicts an upcoming high demand there. In this case, there is an urgent need
for action in zone z . Looking at it the other way around, the case of a surplus zone
combined with a forecasted high inflow rate but only low demand in the next time
frame does impair the BS System as well. In this zone, concerning bicycles will cluster
and idle there redundantly while this part of the fleet might be lacking in other zones
with temporarily high demand. However, the latter case is not that incisive for the BS
System like the first named worst-case scenario, as bicycles there are actually needed
to meet the demand and not only idling abundantly.



110 Chapter 6. Relocation Strategies

In order to create an urgency index, a function is set up by taking into account all three
different components and mapping it to a natural number from 1 (low urgency) to 10
(ultimate urgency).

Assuming tcur ∈ Tk and denote sTk B scur , the current deviation can be written as

dev (Tk ) =
s ∗Tk − sTk

s ∗Tk
(6.15)

where sTK is the current stock and s ∗Tk the current demand model recommendation
calculated for each zone z separately. Analogously, this deviation is calculated for the
following time periodTk+1, however, the real stock (in future) sTk+1 is not known yet and
therefore estimated by

sTk+1,e st = sTk + oTk (6.16)

with the flow component of the demandmodel oTk (see section 5.3).

The next step compares the deviations for the current and following time step: is the
deviation getting higher (both cases surplus zone with high inflow and deficit zone
with high outflow) the urgency for relocation is highest.

U (|dev (Tk )|) =


7 − 10 |dev (Tk+1)| > |dev (Tk )| and |dev (Tk )| ≥ 0.2

4 − 6 |dev (Tk+1)| ≤ |dev (Tk )| and 0, 1 < |dev (Tk )| < 0.2

0 − 3 |dev (Tk+1)| < |dev (Tk )| and |dev (Tk )| ≤ 0.1

(6.17)

where the refinement of the three urgency cases is dependent on the deviation in time
periodTk+1. In case of dev (Tk ) < 0, i.e. the zone is currently over-saturated,U (dev (Tk ))

is denoted with a minus sign consequently.

This urgency index gives not only information about fleet imbalances at time Tk but
also includes potential worsening of the fleet state. For a set time in Tk+1, every zone
features a corresponding urgency index and hencemeasures the importance of immi-
nent relocations. To match this urgency to the user behavior, the incentive per user-
based relocation trip is controlled by a pricing scheme.
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6.2.3 Pricing

For a user-based relocation scenario - that should be accomplished in the fastest way
possible - one could suggest to allow the users a free ride if their origin anddestination
match. Nevertheless, this scheme has a certain drawback - besides the fact that the
operatorwould rent out thebicycles for free. There is no control over theuser behavior
and it is most likely that the fleet imbalances just shift after a short period of time,
because currently ’attractive for returning’ zones would get over-saturated and vice
versa.

The scenario is very time-sensitive, as presumably many users take the offer, but the
actual result is delayed in time: the accomplishment of a user-based relocation only
gets detectable after the trip if the user really returned the bicycle at the stated desti-
nation. If not, the normal price is due.

A predictive approach is given by known regular trips and the estimation of potential
user-based relocations in the precedent section. This is crucial to regulate the trip
incentives in order to avoid a relocation overflow, which could possibly cause further
relocations afterwards.

Ergo: the main questions for building up the incentive pricing are

1. how attractive is a zone for renting a bicycle?

2. how attractive is a zone for returning a bicycle?

3. how urgent is a relocation process in a zone?

The attractiveness for renting a shared bicycle is mapped by the stock recommenda-
tion s∗Tk of the demandmodel, created in chapter 5. The higher the demand forecast,
the higher the stock recommendation, hence the attractiveness for renting. To capture
the attractiveness for returning, it is sufficient to use the inflow (returned bicycles) per
zone and time slot xTk that was calculated to determine the I/O component ibidem.
The return of bicycles happens without any influence of external factors, there is no
limitation like bicycle stations for instance. Returning a bicycle has no constraints
and therefore the attractiveness for returning simply results in the current inflow. The
urgency for relocation that prevails in the single zones is described by U (dev (Tk )) as
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defined in the section 6.2.2 above.
To recapitulate: let A be the user’s origin and B their requested destination. Then the
trip from A to B gets incentivized if

1. A lies in a surplus or balanced zone and B lies in an under-supplied zone, or

2. A lies in a surplus zone and B lies in a balanced zone

whereas the cases in 1. weighmore because of the occurrence of under-supply. Hence,
a trip fromA to B requested in time intervalTk will getmost discount if A is in a surplus
zone and currently not attractive for renting according to the stock recommendation
s ∗Tk (40% off) and B lies in an under-supplied zone with a very low attractiveness for
returning, based on the averaged inflow data per time interval (additionally 40% off).
The user ergo gets an offer with 80% discount at the extreme. The remaining cases are
scaled as listed in table 6.4. The discount cases for the start zone (whether balanced
or surplus and its respective attractiveness) are added as well as the discount cases
for the destination (whether balanced or deficit and its respective attractiveness) and
result in a maximum discount of 80% as described above and 0% in case of both start
and destination zone are balanced and hence excluded from the discount offer. In
between the relocation incentives range between 10% and 70%.
Referring to the previous section 6.2.1, Pde p = 25% of potential shared bicycle trips are
influencable by offering an appropriate price. Hence in case of a high discount offer,
more bicycle trips and hence relocation trips are generated.

Table 6.5 depicts the user-based relocation scenarios on different days in the operat-
ing period 2014. For each exemplary day, all five possible time slots are evaluated. The

zone state constraint discount
A in surplus zone U (dev (Tk )) ∈ [−10, −5] 20%

U (dev (Tk )) ∈] − 5, 0] 10%
A in balanced zone U (dev (Tk )) ∈] − 5, 5[ 0%
A in zone currently not s ∗Tk < 10 20%
attractive for renting s ∗Tk < 15 10%
B in deficit zone U (dev (Tk )) ∈ [5, 10] 20%

U (dev (Tk )) ∈ [0, 5[ 10%
B in balanced zone U (dev (Tk )) ∈] − 5, 5[ 0%
B in zone currently not xTk < 10 20%
attractive for returning xTk < 15 10%

TABLE 6.4: Pricing scheme for user-based relocation strategy
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Date / tcur tt ar Mus,cur Rinc Mus,t ar 4Mus

Thu, May 15, 12 a.m. 6 a.m. 8 35 8 0→ 	
Thu, May 15, 6 a.m. 10 a.m. 4 106 2 2→ ⊕
Thu, May 15, 10 a.m. 4 p.m. 15 72 7 8→ ⊕⊕
Thu, May 15, 4 p.m. 8 p.m. 3 244 0 3→ ⊕
Thu, May 15, 8 p.m. 12 a.m. 0 0 0 0→ 	
Mon, June 16, 12 a.m. 6 a.m. 7 48 7 0→ 	
Mon, June 16, 6 a.m. 10 a.m. 4 106 0 4→ ⊕
Mon, June 16, 10 a.m. 4 p.m. 14 106 7 7→ ⊕⊕
Mon, June 16, 4 p.m. 8 p.m. 1 257 0 1→ ⊕
Mon, June 16, 8 p.m. 12 a.m. 0 0 0 0→ 	
Thu, June 19, 12 a.m. 6 a.m. 6 46 6 0→ 	
Thu, June 19, 6 a.m. 10 a.m. 2 97 1 1→ ⊕
Thu, June 19, 10 a.m. 4 p.m. 14 85 4 10→ ⊕⊕
Thu, June 19, 4 p.m. 8 p.m. 1 224 0 1→ ⊕
Thu, June 19, 8 p.m. 12 a.m. 0 0 0 0→ 	
Sat, June 21, 12 a.m. 6 a.m. 0 0 0 0→ 	
Sat, June 21, 6 a.m. 10 a.m. 6 58 5 1→ ⊕
Sat, June 21, 10 a.m. 4 p.m. 6 117 2 4→ ⊕
Sat, June 21, 4 p.m. 8 p.m. 1 182 0 1→ ⊕
Sat, June 21, 8 p.m. 12 a.m. 0 0 0 0→ 	
Mon, Sep 15, 12 a.m. 6 a.m. 7 45 6 1→ ⊕
Mon, Sep 15, 6 a.m. 10 a.m. 7 98 1 6→ ⊕
Mon, Sep 15, 10 a.m. 4 p.m. 16 102 4 12→ ⊕⊕
Mon, Sep 15, 4 p.m. 8 p.m. 1 177 0 1→ ⊕
Mon, Sep 15, 8 p.m. 12 a.m. 0 0 0 0→ 	
Sat, Sep 20, 12 a.m. 6 a.m. 0 0 0 0→ 	
Sat, Sep 20, 6 a.m. 10 a.m. 10 66 6 4→ ⊕
Sat, Sep 20, 10 a.m. 4 p.m. 9 127 4 5→ ⊕
Sat, Sep 20, 4 p.m. 8 p.m. 4 188 1 3→ ⊕
Sat, Sep 20, 8 p.m. 12 a.m. 2 158 1 1→ ⊕

TABLE 6.5: Results of user-based Relocation Strategy

different columns show date and start time tcur and the target time tt ar , the number of
under-supplied zones Mus,cur at the start time referring to the target time, the amount
of realized user-based relocation trips Rinc and the number of under-supplied zones
afterwards Mus,t ar . The last column illustrates the effectiveness of the user-based RS:
4Mus shows the amount of eliminated under-supplied zones and the performance is
indicated by 	 (bad perfomance), ⊕ (good performance) and ⊕⊕ (outstanding perfor-
mance).

On the first day, Monday, June 16, the user-based strategy seems quite effective at first
sight: under-supplied zones remain for only two target times - namely 6 a.m. and 4
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p.m. - so this strategy rebalances the entire fleet for three time slots. At 6 a.m. though,
the 48 realized relocation trips do not reduce the number of under-supplied zones.
Comparing to other weekdays, this target time always works very poor. Themain rea-
son is simple: not many trips are taken between midnight and 6 a.m., therefore the
potential to incentivize the users (meaning the current demand) is low. During week-
days, for target time 4 p.m. the user-based strategy is never sufficient: for all three test
cases, at least 4 under-supplied zones remain.

On Saturdays, this pattern significantly differs: betweenmidnight and 6 a.m. the strat-
egy is not applicable due to low booking numbers in this time slot or in other words:
the amount of needed bicycles at 6 a.m. on Saturdays is very low according to the de-
mandmodel (see chapter 5) and therefore no under-supplied zones are detected. For
the other target times, the strategy is not quite effective again because of lacking book-
ing numbers. On June 21, 5 and 2 zones remain under-supplied and on September 20,
6 and 4 for the corresponding target times 4 p.m. and 8 p.m. respectively.

The table reveals that a user-based strategy might improve the fleet imbalances for
some target times, especially on weekdays between 6 a.m. and 10 a.m. and between
4 p.m. and 8 p.m. For other target times however, this method is not sufficient in
most cases, as the potential for incentivized trips is too low because of low booking
numbers at this point. If theRS applies regularly though, theuser-based schemecould
perform better, as the imbalances might be lower. This scenario is covered in a long-
term simulation in chapter 7.

To enhance the overall performance and the supply in a short-term sense, a combina-
tion of both presented strategies is carried out in the following section.
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6.3 Hybrid Relocation Strategy

Previous sections showed results for different RSs: one operator-based and one user-
based. In terms of efficiency both display optimal target times duringwhich theywork
most effectively.

For the operator-based relocation route that is conducted by a relocation vehicle, the
time frame between 1 a.m. and 6 a.m. (target time) works best. In case of the user-
based scheme, the best results are achieved on weekdays between 6 a.m. and 10 a.m.
and4p.m. and8p.mandonweekendsbetween6a.m. and4p.m. Ergo: if theoperator-
basedmethod ismost efficient, theuser-basedmethodperformspoorly andvice versa.

This section deals with finding an optimal combination of both strategies.

6.3.1 Decision variables for integration of both strategies

Previous sections have shown that both strategies, the operator-based and the user-
based, have advantages, but also drawbacks as summarized in table 6.6.

Further, the best target times for amost efficient application of the respective strategy
is given. With an optimal combination of both strategies, they can aid one another.

relocation
strategy

advantages disadvantages to apply

operator-
based

fleet relocation is
very predictable
and reliable

cost for labor,
relocation vehicles
and extra trips

heavily dependent
on traffic conditions

combination with
maintenance of
bicycles is possible

not environmentally
sustainable,
because of vehicle
support

at best
accomplished
weekdays before
6 a.m.

user-based low cost because
no staff
is needed

strategy ismaybenot
efficient and
reliable

weekdays in
the morning and
afternoon

no generation of
extra relocation
vehicle trips,
hence sustainable

willingness of
users is hard to
predict

weekends between
6 a.m. and 4 p.m.

TABLE 6.6: Comparison of operator-based and user-based relocation method
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Themain goal hereby is to speed up the entire relocation process, followed by shorten
the total trip length, the relocation vehicle has to cover.

The scheme works as follows and is sketched in figure 6.2:

1. search for heavy imbalances that only occur in a sub-part of the operating area

2. check formoderately imbalanced zones that cluster spatially round the detected
imbalances in 1. and run the operator-based method for the detected sub-part

3. search for all remaining under-supplied zones and check if they will be elimi-
nated by the user-based method

4. if under-supplied zones remain, rerun step 2. with remaining zones and check
the generated extra cost: up to an extra travel time of 5 minutes per bicycle (ac-
cumulated) is accepted for one zone, otherwise only the user-based strategy ap-
plies here.

In a worst case, all heavily imbalanced zones are spread in the operating area, and the
relocation routewill result in a long trip. In other circumstances though, the algorithm
finds a short route in order to approach all heavily imbalanced zones that are adjacent

FIGURE 6.2: Scheme for the hybrid relocation method
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and yields a matching incentive pattern for the remaining, moderately imbalanced
zones.

In order to maintain the ’eliminating all under-supplied zones’ constraint, the incen-
tivepattern is adjusted, by calculating theneededdiscount to incentivize enoughusers
for returning bicycles in the under-supplied zones.

As calculated in section 6.2.1, the potential for an assured user-based relocation trip is
Pas = 17.29% with additional Pde p = 24.59% depending on the offered price.
Assuming that Pde p is added in case of the maximum discount Dismax = 80%, this re-
sults in a total relocation trip share of Pt ot al = Pas + Pde p = 42%.
Accordingly, in caseof 40%price reduction, the total relocation trip share yieldsPt ot al =

Pas +
1
2 · Pde p = 30% etc. and the needed discount Dis can be formulated as a function

of Pde p :
Dis (pde p ) =

Dismax

Pde p
· pde p (6.18)

This extrapolation helps to decide where to incentivize the users by what grade of dis-
count. Or in other words: the amount of trips that will be made by the users are fore-
casted hereby and hence the contribution of the user-based RS is estimated.

In the initial step, the main imbalances are identified and their adjacent moderate
imbalances are included in the operator-based scheme. In order to find the nearest
zones with high imbalances, the algorithm searches for adjacent zones and their cor-
responding surplus or lack of bicycles (see also [19]).

The remaining part of the imbalanced fleet has to be relocated by applying the user-
based strategy. Remaining bicycles mean not only those in the zones that were not
covered by the relocation route, but also those that could not picked up or dropped
off due to the capacity constraint of the relocation vehicle.

The entire relocation process starts at tcur and is planned to be accomplished at target
time tt ar . During the relocation period (on average a few hours), the BS System is still
running and thus the fleet moves. By assuming the booking numbers follow the aver-
age patterns (according to current day and time slot), one can include this to the stock
prediction and determine, how many bicycles will be abundant or lacking in certain
zones. This amount can be enlarged in case of surplus bicycles and a high inflow rate
or in the even worse case: a lack of bicycles with a high outflow rate. In the best case,
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those twomeasures complement each other, i.e. a surplus gets more balanced due to
an high outflow and a lack gets compensated by a high inflow. These fleet evolutions,
caused by regular customer trips are also considered for the hybrid scenario.

Under-supplied areas are very harmful for the BS System, currently - as the demand
cannot be satisfied, but also in a long-term sense - because users might lose reliance
on the system and will not use the system again. Hence, eliminating all lacks of bicy-
cles in under-supplied areas has priority.

Let Lz be the amount of bicycles that are currently lacking in an under-supplied zone
z . Then the algorithm determines the discount for returning bicycles there in order
to increase the current inflow xTk

z to xTk
z, inc = xTk

z + Lz . The potential for relocation trips
and adjusted tripswere partly dependent on the discount rate. For adjusted trips, only
trips in adjacent zones were taken in account.
Assuming a user plans a trip from A to B, whereas B ∈ adj (z ) and the user adjusts the
trip from A to B*, whereas B* lies in the target zone z , i.e. B∗ ∈ z .

Resulting from the I/O-Analysis, the forecasted fleet behavior, i.e. the inflow and out-
flow tell the lacking or surplus bicycles at target time tt ar in all adjacent zones. In case
of a total of returns Ladj (z ) in all adjacent zones of z , Pas = 17.29% of Ladj (z ) get ad-
ditionally returned in target zone z instead and encounter the lack of bicycles there
with an only marginal incentivation of 10%. If this is not sufficient, i.e. zone z is still
under-supplied, the required discount rate gets calculated: let Ladj (z ),10% denote the
extra returns generated by 10% discount.
Then the remaining lack of bicycles is written as

Lz,Dis = Lz − Ladj (z ),10% (6.19)

with the required discount rate Dis . Further, the required potential pde p is calculated
by

pde p =
Lz

xTk

adj (z )
(6.20)

whereas xTk

adj (z ) is the amount of returns in adj (z ) in time period Tk . The required dis-
count then is mapped by the function given in equation (6.18).
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6.3.2 Test case for three different days

This section shows theperformanceof thehybridRS - thecombinationof theoperator-
based and theuser-basedmethod. For the sake of comparability, three days have been
chosen that were already considered for the evaluation of the both methods individ-
ually.

For reasons of practicability, the operator’s headquarters are always included in the
operator-based relocation route, as the truck starts there and obviously has its final
destination again there. In the operator-based case, themost efficient time slot for re-
location was weekdays between 1 a.m. and 6 a.m. However, the entire relocation pro-
cess takes around seven hours on average though. As the route is significantly short-
ened now, the realization time (the time between the start of the relocation process
tcur and the target time tt ar ) is shorter, too and therefore is adjusted.

For the three hybrid RS test cases, following parameters were considered:

• start of operator-based RS referring to the current FD and aiming for the optimal
FD at the target time

• fleet movements due to user-based relocations in the according time interval

• taking into account the regular fleet movements by users’ trips within the
relocation interval

• additional trips / fleetmovements due to abetter FDcausedbyprior relocations.

Following figures 6.3-6.5 show the hybrid relocation performances on different week-
days and target intervals respectively.
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FIGURE 6.3: 1st test scenario onMay 15 between 12 p.m. and 4 p.m.
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The first test case was run for Thursday, May 15 between 12 p.m. and 4 p.m. Both
strategies were evaluated singularly for this day as well in respective sections. The
performance of the operator-basedmethod ismoderate, as even in the earlymorning
(off-peak) the total trip duration is around 6 hours (listed in table 6.2).

The occurring imbalances in the course of this day get worse and hence a relocation
trip by operator only would be even less efficient. If amajor part of the needed reloca-
tions can be shifted to the users, the relocation trip travel time is significantly reduced
and thus can be conducted in the afternoon (or when it is needed most). Taking a
look at the results of the user-based strategy for May 15 (see table 6.5), the effective-
ness (measured by reduction of under-supplied zones) is highest between 10 a.m. and
4 p.m.

As a consequence, the hybrid RS onMay 15 starts at 12 p.m. noon and is accomplished
four hours later at 4 p.m., as illustrated in figure 6.3. The partition algorithm picks 12
zones of which 6 are under-supplied and 6 are surplus zones. After step I. the sub-part
of the operating area is rebalanced, besides zone 29 Elisabethstraße as depicted in the
fleet status at 2:40 p.m. Due to the capacity constraint of the relocation vehicle, the
surplus in this zone was only reduced, but not completely eliminated. Ergo, zone 29 is
considered in the user-based scheme (step II.) as well.

Step II. starts simultaneously and offers a discount pattern: for trips starting in zones
that feature a red percentage and not ending in such a zone, the users get the respec-
tive percentage off. If such a trip ends in a zone with a black percentage on top, the
discount is added. For a trip starting in a balanced zone (no indication of a percentage
sign), but ending in a zone with a black percentage, the trip fare is reduced as well. To
give an example, if a trip starts in zone 13Mittersendling and ends in zone 1 Sendlinger
Feld, no reduction rate applies. If this trip ends in zone 12 Schwanthalerhöhe though,
the user gets 40% off. If this trip ends in zone 22 Obergiesing, the discount adds up
to 80%. In the present case, four zones remain imbalanced after both strategies have
been carried out. The two under-supplied zones (22 Obergiesing and 26 Englischer

Garten) however, show only minimal lacks of bicycles, namely 5 and 6 bicycles that
are lacking compared to the available stock of 21 and 28 bicycles there respectively.
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FIGURE 6.4: 2nd test scenario on June 19 between 4 a.m. and 9 a.m.
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An extension of the operator-based route in order to include zone 26 would increase
the travel time by more than 30 minutes and hence this small lack of bicycles is ap-
proved instead. The surplus zones 4 Steinhausen and 13 Mittersendling are heavily
over-saturated, such that they could not be rebalanced by the operator-basedmethod
either.

The second test case addresses Thursday, June 19 between 4 a.m. and 9 a.m. and
is illustrated in figure 6.4. The operator-based relocation route covers 8 zones and
rebalances all of them by realizing 62 bicycle relocations in 80 minutes. This route
omits surplus zone 36Oberwiesenfeld due to capacity reasons or in other words: there
are no close under-supplied zones and therefore the (heavy) surplus is approved.

After step I. all 8 visited zones are rebalanced, and the remaining part of the operat-
ing area yields three under-supplied zones. Again, the incentive pattern applies and
eliminates all under-supplied zones within four hours. Seven zones remain surplus
zones though: some zones (especially zone 4 Steinhausen) has an increasing surplus
over the course of the operating period in 2014. In June, the available stock there is
around 100 bicycles. A regularly conducted, step-by-step relocation is therefore highly
recommended. For thepresent case though, it is not possible to diminish such surplus
zones by onetime relocations.

A more positive aspect is that huge surpluses do not affect the demand satisfaction,
as long as there are no under-supplied zones at the same time, or in other words: the
clustering of surplus bicycles does not necessarily impair the dynamics of the BS Sys-
tem and can be ignored as long as no other zones experience a shortage of bicycles.
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FIGURE 6.5: 3rd test scenario on September 15 between 6 a.m. and 10 a.m.
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The third test casewas applied to Monday, September 15 between 6 a.m. and 10 a.m.
and is illustrated in 6.5.

In step I. ten zones get rebalanced in a relocation route that takes 1.5 hours and covers
around 8 km. Almost adjacent zones that are under-supplied such as zone 38 Haupt-
bahnhof are not included in the operator-based relocation trip, as this would prolong
the travel time about 30 minutes - the lack of bicycles there however, can be easily
compensated via user-based relocation.

Theuser-based strategyhas todealwith fourunder-suppliedandeleven surplus zones.
As mentioned before, over the course of the operating period in 2014, more and more
bicycles cluster in certain zones as there was no intervention at all (further details are
examined in section 7.2). The amount of surplus zones that cannot be rebalanced
thus increases during 2014. That is the reason why seven surplus zones remain after
the four-hour-relocation scenario.
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This chapter presented different strategies for performing relocations in a BS System
in order to redistribute and rebalance the fleet.

Firstly, amathematical approach for a VRPwas given, which provided the basis for the
operator-based RS. The performance of this strategyworks fine in some cases, but has
a limited effectiveness in general. On the one hand, this is caused by the capacity con-
straint of the relocation vehicle and on the other hand, long distances per relocation
route lead to high travel times i.e. times for the entire relocation performance, which
matter gets even worse in times of peak hours of traffic.

Secondly, a user-based strategy was designed. Dependent on the urge for relocations
an incentive pattern is given in order tomake the users conduct relocation trips them-
selves and thereby eliminate existing imbalances, especially under-supplied zones.

Thirdly, a hybrid relocation strategy was designed, combining both precedent RSs.
This strategy enhances the overall relocation performance by speeding up the entire
relocation process and by eliminating more under-supplied zones than only one re-
spective strategy can manage. With the help of the user-based strategy - i.e. shifting
needed relocation trips to users via incentives - travel times for the operator-based
strategy by relocation vehicle are diminished significantly and the operator saves cost
due to lower labor cost, fuel etc.

The following chapter validates and evaluates the overall performance of the designed
strategies. A validation methodology proves the increased demand satisfaction after
relocations based on historical distributions and corresponding bookings. Further, a
simulation case study shows the impact and long-term effects of relocations and finds
optimal time periods for relocation iterations.



Chapter 7

Performance Evaluation

The previous chapters presented diverse strategies referring to fleet relocations both
user-based and operator-based. A comprehensive performance evaluation of these
strategies is required and given in this chapter. With the help of a validation method-
ology, well-balanced FDs captured from historical booking data are linked to related,
subsequent booking numbers. Thereby, a quantification of higher booking numbers
based on better FDs is derived.
Next a simulation case study is set up in order to analyze the fleet evolution in case of
applying thedifferent relocation strategies. As a result of this, answers toRQs4aand4b
are found: the effects and impacts of bicycle fleet relocations are evaluated. Further,
application time intervals are calculated in order to optimize the efficiency of these
strategies by which the permanent overall BS System’s performance is enhanced.
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7.1 Potential Effects of Fleet Relocations

From previous chapters, especially as a result of the demand model in chapter 5, the
optimal FDwas calculated. In chapter 6 optimal relocation strategies (RSs)weredeter-
mined in order to reach this FD state. This section strives to capture potential impacts
of such relocations.

7.1.1 Validationmethodology

The basic idea is to compare well-distributed fleet statuses and the subsequent book-
ingnumbers. Therefore thehistorical bookingdata is filtered and classified in clusters,
where the distribution corresponds to recommendations of themodel andwhere not.
For the latter, there is the case where the saturation threshold is undercut, i.e. there is
a lack of bicycles and where the saturation threshold is exceeded, i.e. the concerning
zone is currently over-saturated and not all bicycles are needed there. The respective
threshold is 20% and consequently results in the following classification:

• scur < s ∗ − 20%→ the current zone is under-supplied ("us")

• scur > s ∗ + 20%→ the current zone is over-saturated ("os")

• scur in between→ the current zone is well distributed ("bal")

At first, all time slots in the entire operating period 2014 were compared to the respec-
tive stock recommendation per zone. As a result, a percentage tells how often a zone
was under-supplied, balanced or over-saturated in the respective time slot on the re-
spective day type. Table 7.1 depicts the results for time slot T1 exemplarily. The entire
result tables are attached to Appendix C.

Remark: the highest percentage of each zone determines the respective zone status.
For instance, table 7.1 yields that 98.4% of all regarded stocks were over-saturated in
zone 1 Sendlinger Feld onweekends in time slotT1. Thatmeans that almost all stocks in
this specific time slot featured a bicycle surplus and this zone is therefore counted as
an over-saturated zone. In zone 6Maxvorstadt, the 84.9% indicate that this zone was
mostly under-supplied during this time slot. Following this methodology, the highest
percentage decides the stock status and is added to the overall result in figure 7.1.
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Zone status inT1
on weekdays on weekends

Zone us bal os us bal ov
1 1.1 0.5 98.4 2.3 0.0 97.7
2 1.6 1.6 96.8 1.1 9.2 89.7
3 3.2 4.3 92.5 3.4 12.6 83.9
4 0.0 0.0 100.0 0.0 0.0 100.0
5 2.7 0.5 96.8 2.3 3.4 94.3
6 84.9 11.3 3.8 97.7 2.3 0.0
7 1.1 1.1 97.8 1.1 1.1 97.7
8 47.5 20.9 31.6 53.0 26.5 20.5
9 1.1 2.2 96.8 2.3 4.6 93.1
10 1.1 1.1 97.8 0.0 3.4 96.6
11 6.5 29.0 64.5 14.9 18.4 66.7
12 1.6 1.1 97.3 1.1 1.1 97.7
13 0.5 2.7 96.8 2.3 2.3 95.4
14 1.6 5.4 93.0 6.9 18.4 74.7
15 2.7 9.7 87.6 10.3 32.2 57.5
16 2.2 9.1 88.7 10.3 19.5 70.1
17 0.5 0.5 98.9 1.1 10.3 88.5
18 1.6 3.2 95.2 2.3 10.3 87.4
19 0.5 1.1 98.4 1.1 1.1 97.7
20 12.0 44.3 43.7 32.9 38.8 28.2
21 1.1 0.5 98.4 1.1 2.3 96.6
22 1.1 7.5 91.4 6.9 29.9 63.2
23 5.4 9.7 84.9 12.6 27.6 59.8
24 1.1 0.0 98.9 1.1 1.1 97.7
25 0.5 1.1 98.4 2.3 2.3 95.4
26 78.4 18.9 2.7 89.7 10.3 0.0
27 1.6 1.1 97.3 1.1 1.1 97.7
28 0.5 0.0 99.5 0.0 2.3 97.7
29 0.0 0.0 100.0 0.0 0.0 100.0
30 4.3 5.4 90.3 12.6 36.8 50.6
31 1.6 0.5 97.8 0.0 3.4 96.6
32 2.2 10.8 87.1 3.4 11.5 85.1
33 2.7 16.1 81.2 13.8 27.6 58.6
34 0.5 5.9 93.5 0.0 5.7 94.3
35 1.6 10.8 87.6 6.9 26.4 66.7
36 0.5 2.7 96.8 0.0 2.3 97.7
37 1.1 2.2 96.8 4.6 18.4 77.0
38 4.3 14.0 81.7 10.3 21.8 67.8
39 1.1 1.1 97.8 0.0 8.0 92.0
40 3.8 1.1 95.1 3.4 4.6 92.0

TABLE 7.1: Zone statuses in time slotT1 in percent for 2014
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FIGURE 7.1: Classification of different distribution states per time slot

Figure 7.1 depicts the respective prevailing fleet statuses for all different time slots.
Each zone is either labeled with "us", "bal" or "os". Altogehter they result in the total
amount of zones M .

In time slotT1 onweekdays,most of the zoneswereover-saturated,which is apparently
caused by low demand in this slot. However, during daytime up to 20 zones get under-
supplied (in time slotT4).
On weekends, the fleet classification is different. Low demand in the first two time
slots cause the over-saturation in most zones. For time slots T3 and T4, almost half of
all zones are under-supplied though.

Building theoverall average results in 25%under-supplied zones, 16.8%balancedzones
and 58.3% over-saturated zones. Excluding the low demand time slotsT1 on weekdays
andT1 andT2 on weekends - which are the respective reason for over-saturation there
- the percentages yield 32.9% of under-supplied zones, 23.2% of balanced zones and
43.9% of over-saturated zones, which is still high, as this significant part of the fleet is
idling inwrong zones and causes the under-supply in almost a third of all zones.
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7.1.2 Potential gain for subsequent bookings

In this section, the related bookings in the subsequent time slot are analyzed to cap-
ture the effect of a well distributed fleet. Therefore the subsequent bookings within
one classification are compared for each time slot: table 7.2 shows the results of this
analysis exemplarily for time slot T2 on weekdays. The entire analysis for each time
slot on weekdays and weekends is attached to Appendix D.

Table 7.2 shows the measured data of under-supplied, balanced and over-saturated
fleet statuses for all zones in time slotT2 onweekdays in the entire operating period in
2014. Further, the corresponding averaged stocks and subsequent bookings are listed.
For instance, zone28Schwabing wasunder-suppliedon29weekdays. The subsequent
bookings there result in ørT2 = 6.4 rentals per time interval based on a stock of øs t2 =

18.7 bicycles on average. In case of a balanced and over-saturated fleet status, this
value increases to ørT2 = 10.4 and even ørT2 = 12.7 respectively.

Further, table 7.2 reveals the potential effect of a balanced fleet status in some zones.
Taking a look at zone 25 Universität for instance, a lack of bicycles leads to only 2.7
subsequent bookings on average, whereas almost 7 bookings on average can be found
for a balanced stock. Only marginal additional bookings appear in case of an over-
saturation of zone 25, namely 0.1. In the respective first columnof eachfleet status, the
number of data points is displayed. This is an important measure, as in case of only a
few data points, the average of subsequent bookings may not be significant or infor-
mative. In zone 1 Sendlinger Feld for instance, the subsequent booking average based
on a balanced fleet status is only ørT2 = 4.5, whereas in case of an over-saturation, al-
most twice as much bookings were achieved. However, there were only 2 data points
of a balancedfleet status in zone 1 in this time slot in 2014. Regarding such a small sam-
ple, randomsituations e.g., badweather conditions causing exceptional lowbookings,
can come into effect and cause outliers. Therefore the averaged bookings (based on
only two values) are not reliable here.
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under-supply balanced over-saturation
zone # occ. øs t2 ørT2 # occ. øs t2 ørT2 # occ. øs t2 ørT2

1 7 7.6 1.7 2 21.0 4.5 176 63.4 8.4
2 38 13.6 4.3 86 25.0 6.4 61 36.3 7.7
3 81 14.0 4.0 96 24.4 3.6 8 32.4 4.5
4 2 7.0 4.0 2 18.0 7.0 181 200.6 8.0
5 8 5.4 1.6 19 17.9 4.0 157 37.4 4.6
6 183 5.8 2.0 0 0.0 0.0 0 0.0 0.0
7 24 13.3 3.5 61 24.2 6.9 100 39.5 8.8
8 138 7.3 0.3 28 18.6 0.7 9 27.2 0.7
9 17 10.8 2.4 17 18.5 3.8 149 35.5 3.9
10 9 9.0 1.1 7 18.3 2.3 169 38.2 4.5
11 123 12.1 4.9 43 23.5 5.2 19 64.4 7.8
12 9 9.7 3.1 24 23.7 6.6 152 39.4 8.4
13 14 9.7 1.1 17 17.8 1.4 152 38.1 4.8
14 64 12.1 2.8 69 20.3 3.8 51 30.9 2.7
15 124 14.2 4.1 59 23.8 4.6 2 31.0 5.5
16 102 13.9 2.9 71 22.0 4.5 11 30.5 4.0
17 48 15.3 4.3 73 22.9 5.6 64 34.7 7.4
18 74 15.5 4.7 88 23.6 5.8 23 36.3 6.4
19 9 9.6 1.9 31 22.5 5.0 144 40.6 9.1
20 175 12.0 4.2 6 24.5 8.2 0 0.0 0.0
21 22 14.7 4.0 67 24.3 6.6 96 35.6 6.5
22 120 12.8 2.0 60 20.3 3.9 5 35.0 3.6
23 132 12.9 3.3 42 21.6 4.5 11 32.1 1.4
24 14 11.1 3.5 21 23.7 4.6 150 38.7 6.8
25 6 8.7 2.7 28 19.3 6.9 151 34.1 7.0
26 183 5.8 0.7 0 0.0 0.0 0 0.0 0.0
27 38 14.8 4.7 99 22.9 7.3 47 31.2 7.9
28 29 18.7 6.4 80 28.6 10.4 76 39.0 12.7
29 5 14.6 9.2 1 27.0 10.0 179 136.6 15.7
30 160 16.7 7.3 25 28.2 10.2 0 0.0 0.0
31 39 18.8 7.7 102 30.6 11.3 44 42.0 13.9
32 96 18.9 8.8 85 30.5 9.4 4 42.3 13.5
33 79 11.9 3.3 74 20.7 3.6 32 30.9 4.5
34 41 12.2 2.9 93 20.2 2.8 50 30.2 2.9
35 122 14.7 4.3 61 24.2 5.8 2 37.0 5.5
36 26 11.9 3.5 47 21.0 5.5 112 32.8 4.7
37 77 15.3 4.6 93 23.5 6.5 14 33.9 6.4
38 108 13.5 5.2 65 22.8 6.0 12 35.7 8.9
39 22 12.6 3.8 72 23.0 5.8 91 34.2 6.6
40 24 9.5 1.7 60 20.6 3.3 100 32.0 3.5

TABLE 7.2: Zone status and related bookings in time slotT2 on weekdays
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In general, this analysis is assumed to perform well only if all fleet statuses are rep-
resented by at least 10 data points per zone. In consequence, for an overall perfor-
mance evaluation some zones in some time slots might not be considered. In time
slot T2 for instance, only 22 zones are taken into account, as the remaining 18 zones
do not feature every fleet status at least 10 times and therefore the results are sup-
posed to be skewed. In order to capture the average booking gain due to a sufficient
bicycle stock per zone, the averaged bookings ørTk in all regarded zones are compared
between ’under-supplied’ and ’balanced’ statuses for each time slot separately. This
results in a percentage of gain in bookings and is listed in table 7.3 for weekdays and
weekends.

In combination with the booking share of the respective time slots, as calculated in
section 3.2, the overall impact is deduced. Onweekdays in time slotT5 for instance, the
gainof bookings is 73.1%. However, the trip share forweekends late-night is only about
18% - this downscales the overall impact for additional bookings to 28.0%. Some gains
in bookings are in parentheses, as the amount of considered zones was too low and
therefore the results are not reliable. Further, this refers to the time slots, when almost
all zones are over-saturated due to low demand (see figure 7.1). Hence, a potential
relocation could not enhance the current fleet status for target intervalT1 onweekdays
and forT1 andT2 on weekends.

For all other time slots, the impact ranges between 20%and 40%. Time slotT4 onweek-
ends yields thismaximumvalue. In this time slot, 50%more bookings can be achieved
by a well distributed fleet. As the booking share for this time slot is relatively high with
32%, the corresponding impact with 40.3% is significantly higher as in the subsequent
time slot, when the impact results in 26.2% due to a lower booking share of 20%.

weekdays weekends
time slot gain in rTk impact # zones gain in rTk impact # zones

T1 (88.6%) 5.7% 4 (−0.6%) 0.0% 5
T2 42.3% 19.2% 22 (65.7%) 9.9% 1
T3 39.3% 19.5% 27 32.3% 23.5% 11
T4 38.4% 27.6% 20 49.3% 40.3% 14
T5 73.1% 28.0% 22 48.1% 26.2% 14

TABLE 7.3: Gain in bookings due to fleet balances and relative impact
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The results of this section prove thatmore bookings can be generated if the fleet of the
BS System is well distributed. As a consequence, the presence of under-supplied and
over-saturated zones is prevented, there is no unmet demand at best and less bicycles
feature long idle times. As a consequence, the utility level of the entire BS System is
enhanced.

7.2 Real-Life Relocation Process

In order to capture the real effects and consequences of a desired relocation, a worst-
case scenario shows the indispensable need for relocations. Furthermore, the realized
relocations in the considered operating period in 2014 have to be revealed.

7.2.1 Fleet evolution without any interference

This scenario involves diverse required measures; on the one hand, an initial FD is
needed for starting the scenario and on the other hand, flow measures of the fleet
evolution are required.

For the initial state of the fleet, the distribution on May 1st on 6 a.m. is set. At that
time, the BS System has been already running for six weeks, thus the FD waswarmed

up and users got aware of the reactivated BS System. Out of the I/O Analysis in chap-
ter 3, there are inflow and outflow data, which represent the average inter-zonemove-
ments for singular time slices for both day types within the entire operating period
2014. These data are unaffected by any possible operator’s intervention as they repre-
sent the real bookings. The flows for each zone are accumulated for the time period of
one week and the stock in each zone gets adjusted by this weekly flow rate. If a zone
runs empty, these average flows are obviously changing. Each zone needs a certain
amount of bicycles, so that the outflow data is still valid. If this threshold gets under-
cut, the outflow also diminishes. Then, the outflow is less or equal to the inflow, as the
only bicycle stock is provided by current inflow. In this case, the respective zones are
labeled as empty.

For further examination all zones were classified in three groups.
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In the first group, there are zones featuring a constantly increasing stock. In these
zones, it is apparently more attractive to return bicycles there than to rent some.
The second group contains zones with opposed flow patterns. The respective stocks
there are decreasing as more users rent bicycles from there than returning them.
Some zones - pooled in the third group - show only a slightly higher inflow than out-
flow (or the otherway around) and are denoted as self-balanced zones. In these cases,
the rentals adapt to the current supply, i.e. if there are less bicycles, they are less visi-
ble and the rentals will decrease accordingly and vice versa. This approach only works
though if the inflow/outflow stays in tolerable bounds. This is the case if the average
magnitude of inflow/outflow bicycles per zone andmonth is less than 10 (i.e. roughly
less than two bicycles per week).

Table 7.4 lists all zones in the three described groups. For the first group of zones -
with high inflow - the second last column indicates the time frame, until the stock size
exceeded 50 bicycles, assumed there was no relocation/intervention by the operator.
In the second group, zone stocks are decreasing and the second last column indicates
the week from which the zone does not exhibit any bicycles anymore - again in case
of no operator’s intervention. The third, balanced group illustrates the zones with a
quite self-regulated flow and the second last column there shows the calculated stock
after 12 weeks without interference.

Table 7.4 reveals the intensity of a no-relocation scenario for the BS System: after just
two weeks, three zones are already empty, whereas evenmore zones amass abundant
bicycles. This excess is no small measure, as after four weeks, five zones are over-
saturated and therefore contain a significant part of the fleet - and indeed, this part
is missing in the previously mentioned zones.

The last column shows the real FD 12 weeks later, i.e. on July 24 on 6 a.m. For the first
group of zones (high inflow), bicycles are most likely collected in some zones within
a relocation (labeled with 	). For the remaining zones, it is is labeled with r.e. and
denotes "random effects": for some reasons, the stocks are moderate; the higher per-
ception of the bicycles could have led to a rental behavior above average. In zone 4
Steinhausen, the checkmark (X) indicates that the real stock corresponds to the cal-
culated stock.
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zones with higher inflow initial
stock

I/O rate in
one week

stock > 50
in week

real stock
after 12 weeks

1 Sendlinger Feld 71 6.5 0 92X
4 Steinhausen 76 6.1 0 195X
7 Nymphenburg 20 7.0 5 41 	
10 Dietlindenstraße 34 4.9 4 30 	
12 Schwanthalerhöhe 30 5.2 4 40 	
13 Mittersendling 33 2.2 8 50X
19 Untergiesing 39 3.8 4 45 r.e.
27 Lehel 19 5.2 6 18 	
30 Lothstraße 20 4.0 8 18 	
36 Oberwiesenfeld 16 5.6 7 24 r.e.
37 Stiglmaierplatz 19 2.7 12 21 r.e.
40 Milbertshofen 25 2.5 11 23 r.e.
zones with higher outflow initial

stock
I/O rate in
one week

runs empty
in week

real stock
after 12 weeks

3 Haidhausen 17 −2.1 8 20 r.e.
6 Maxvorstadt 5 −3.9 2 7 ⊕
8 Olympiapark 2 −13.1 1 11 ⊕
14 Marienplatz 24 −3.7 7 15 ⊕
15 Sendlinger Tor 18 −2.4 8 15 ⊕
16 Glockenbach 17 −2.2 8 16 r.e.
17 Klinikviertel 31 −3.8 9 29 r.e.
25 Universität 34 −7.2 5 44 ⊕
26 Englischer Garten 3 −3.3 1 10X
29 Elisabethstraße 73 −6.3 12 136 n.a.
31 Alter Nordfriedhof 28 −2.0 14 37 r.e.
33 Odeonsplatz 14 −2.5 6 18 r.e.
35 Stachus 17 −5.0 4 20 ⊕
38 Hauptbahnhof 8 −2.0 4 12 ⊕
balanced zones initial

stock
I/O rate in
one week

calc. stock
after 12 weeks

real stock
after 12 weeks

2 Isarvorstadt 36 1.8 58 18 r.e.
5 Kleinhesselohe 19 0.8 28 30X
9 Am Riesenfeld 18 1.5 36 26X
11 Theresienwiese 25 −1.7 4 11X
18 Mariahilfplatz 24 0.4 28 17X
20 Maximilianeum 15 0.0 15 10X
21 Isartor 18 0.5 24 34X
22 Obergiesing 16 1.6 35 20 r.e.
23 Neuperlach 14 −0.9 4 20 r.e.
24 Münchner Freiheit 34 −1.7 13 26 r.e.
28 Schwabing 39 −0.1 38 34X
32 Theresienstraße 23 −0.3 20 21X
34 Graggenauviertel 15 1.2 29 24X
39 Luitpoldpark 27 0.2 29 22X

TABLE 7.4: Evolution of stocks at a zone level without interference
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In the second part of table 7.4, most of the zones with higher outflowmost likely were
supported by dropping off additional bicycles there, as indicated with ⊕. In some
zones, there are still high stocks which are labeled with r.e., as possibly bicycles were
hidden or damaged. But still, a few bicycles might be brought there in the regarded 12
weeks. Zone 29 Elisabethstraße contains 136 bicycles, this is not applicable "n.a.", as
the BS System’s headquarters (and garage) are located in zone 29. Many bicycles can
be considered to be there for maintenance work.

Zones in the thirdpart often yield similar calculated stocks compared to the real stocks
(labeled with aX). Stocks in the remaining zones are again subject to random effects.
As the flow magnitude is very low in this third group, the fleet movements can easily
change.

The entire scenario calls for an appropriate visualization. Taking a look at the spatial
distribution of the classified zones, figure 7.2 reveals the severity of "no interference"
at all.

FIGURE 7.2: Fleet evolution for a 12-week time frame of "no interference"
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In the beginning, almost all zones have a balanced stock of bicycles (less than 50) and
are marked in green. Over-saturated zones (more or equal to 50) are marked in red.
The FD is depicted in two- to three-week intervals. If a zone runs empty over time, it
ismarkedwith a checked pattern. After twoweeks, two key zones run empty, followed
by a concentric pattern during the course of the weeks. In the end, a crucial part of
the fleet is located on the edge of the operating area, whereas 15 zones are completely
empty.

The main outcome of this linear "no interference" - scenario is:

1. severe imbalances occur after only a few weeks

2. after 9 weeks, 11 zones (including 6 of themost attractive ones) are empty and as
a consequence the system is condemned to failure

3. after 8 weeks, 10 zones are heavily over-supplied and the fleet there is redundant

This "no interference" - simulation is a worst-case scenario. As already hinted in table
in 7.4, fleet relocations were performed in the considered operating period. However,
this scenario shows the significanceof keeping aBSSystemwell distributed. Following
section captures the real relocation performance in 2014.

7.2.2 Relocation process in 2014

According to the operator, there is no special strategy to redistribute the fleet so far
(see [118]). Of course, there were redistribution trips - e.g., in case of damaged bicycles
- but therewasnomethodologybehind: bicycles at the edgeof the operating areawere
monitored and eventually collected and brought to very attractive areas (measured by
instinct), namely toUniversität and Stachus, which correspond to zone 25 and 35. This
approach can be tracked by the data set, as already hinted in 5.2.2. With the help of the
I/O component O that was determined for the demand model in chapter 5, the flow
of the fleet is described. Theoretically, the sum of all inflows and outflows in one time
slice should be equal to zero. Taking into account that some bicycles were returned
outside of the operating area (and maybe rented there again eventually some time
later), an artificial zone 0 was created in order to close this gap.
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FIGURE 7.3: Extraction of realised relocations in 2014

Out of the data set, the current stock per zone at a given time can be read out. The I/O
component O gives the average difference of rented and returned bicycles per time
interval, i.e. there is an inflow ifO is negative and and outflow ifO is positive. During
the operating period from March to December 2014, the FD, i.e. the stock in every
single zone evolved. Without any interference, the stock in April 1st in addition to the
cumulated I/O component O for 8 months, which corresponds to 166 weekdays and
78 weekend days, would result in the stock in December 1st. The results are outlined
in figure 7.3 for the most significant zones.

Zones 1, 7, 10, 12 and 36 have a higher inflow than outflow so that the stock would be
ever-expanding. As the stock in December there is significantly lower, bicycles must
have been removed from there. The absolute amount of bicycles is depicted in red.

Zones 6, 8, 14, 25, 29 and 35 show the opposed situation. There, the outflow is higher
and until December, the stock would have been negative. The magnitude of this lack
plus the real stock in December yields the amount of bicycles (green numbers) that
must have been brought there. In zone 29 Elisabethstraße, the headquarters and the
garage for maintenance is located. This explains why during the course of the year
more andmore bicycles are brought there. The table also shows a special case in zone
4 Steinhausen: during 2014, the stock there was constantly rising. This behavior is also
covered by the I/O analysis - in December this inflow results in 282 bicycles in this
zone. Apparently, bicycles from there were never collected and redistributed, so that a
substantial part of the entire fleet is idling in a zone with rather low demand (see also
table 5.7).
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Figure 7.3 shows only 12 of 40 zones. The remaining 28 zones do not show heavy clus-
tering of bicycles as in zone 4 for instance, but only small shifts of bicycles with ±10
bicycles per month (not even 3 bicycles per week), which are negligible. In summary,
the operator collected randomly single bicycles fromdifferent zones, and from 5main
zones which featured a high surplus (blue areas). According to the table there are
five target zones, where bicycles seem to be always demanded (red areas, zone 29 ex-
cluded) and were dropped off there.

The corresponding zones are illustrated in figure 7.4. In the southeastern part of the
operating area are no relocations at all, or at least only an insignificant number of bro-
ken bicycles were collected there from time to time. Taking into account that the op-
erator’s headquarters are in the northwestern part of the operating area (purple flag
in figure 7.4), the conducted strategy is more pragmatically motivated: only a quarter
of all zones are involved and most of them are adjacent and/or not far away from the
headquarters. Although theoperator’s interference is quite lowand spatially bounded,
it keeps the BS System running compared to no relocations at all. Referring to figure

FIGURE 7.4: Zones with realised relocations in 2014
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7.3, there are six zones (regarding positive relocation numbers colored in green) that
would have been empty without any interference.

Compared to thepreviouslydiscussed"no-interference" - scenario, the relocationper-
formance in 2014 showed vastly less weak points. But still, there is room for improve-
ment, e.g. expanding the relocation route to more zones, especially in southern parts
of the operating area. Further, priorly planned relocation trips conducted on a regular
basis can enhance the system while keeping the overall effort little, as the simulation
case study in the following section will show.

7.3 Simulation Case Study

In order to estimate the real impact of a regularly conducted relocation strategy (RS) a
real time simulation is required. This simulation framework applies the different RSs
and captures the respective system’s dynamics in a long-term scenario.

Basedon thehistorical bookingdata, regularfleetmovementsbyusers andgeneral de-
mand patterns are known. By this simulation, the effects of performing RSs can also
be captured on a long time scale. On the one hand there are direct effects, which lead
immediately tomore trips due to abetter FD.On theother hand, the applicationofRSs
can generatemore trips not only in the subsequent time slot, but also in ongoing time
slots, due to an enhanced overall performance of the system. This long-term evalua-
tion represents an important extension to the developed methods. In consequence,
the simulation helps to identify, avoid and/or eliminate fleet imbalances, optimize re-
location results and improve the BS System service entirely. A similar approach of a
simulation case study referring to CS Systems can be found in [136].

7.3.1 Simulation setup

In figure 7.5, the simulation framework is illustrated.

Similar to the "no interference" - scenario in section 7.2.1, the initial day d0 for start-
ing the simulation is set to May 1st, when the BS System was already operating for six
weeks. Start time is 12 a.m., ergo tcur = t1 and the corresponding stock is s tcur , which is
known from the booking data set. This is denoted as step 1.



142 Chapter 7. Performance Evaluation

FIGURE 7.5: Simulation framework

Step 2. estimates the subsequent FDs. Therefore the I/O componentOTk listed in table
5.3 is utilized to calculate the FD in the next time slice:

s tk+1
z,e st = s tcur − oTk

z (7.1)

Note that oTk
z represents "rentals - returns", i.e. an inflow per zone z results in a nega-

tive oTk . Hence the minus sign is required in this equation.

Step 3. comprises a test if an application of a RS is required in the current time interval.
As a result of the demandmodel in chapter 5, the saturationmatrixS∗wasdetermined,
providing a stock recommendation for each zone z andevery time tk . A tolerance value
t ol is set to a deviation of 20%, similar to section 7.1.1.

If the test reveals a higher deviation than t ol , a RS is applied for the current time slice,
see step4.a. In this step, several options canbe selected. Atfirst, eachRS is tested solely
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for different application intervals. Per simulation test case, an application interval is
set e.g., k = 1 applies a RS each day in time interval T1, or k = {1, 3} performs the
selected RS in time sliceT1 andT3. In further simulation runs, combinations of the RS
are tested e.g., the operator-based and the user-based RS are combined, resulting in
the hybrid strategy presented in section 6.3.

If the deviation of the recommended fleet status s ∗tk+1
z and the estimated fleet status

s tk+1
z,e st is less than t ol , no RS is required in this time step and the subsequent FD receives
another adjustment, see step 4.b:

s tk+1
z = s tk

z − oTk
z + aTk−1

z (7.2)

The value aTk−1
z represents additional fleet movements by users caused by a better FD

in the previous time intervalTk−1, in case of an applied RS in time step tk−1. In this case
of applying no RS, the algorithm proceeds directly to step 6.

After the application of the selected RS (step 4.a), the resulting stock in each zone is
calculated in step 5. and results in

s tk+1
z = s tk

z − oTk
z + bTk

z − aTk−1
z (7.3)

Here bTk
z represents the additional bookings caused by a better FD due to relocations

in the current time slotTk .

In summary, each simulation iteration comprises FD changes due to

1. current fleet movements because of usual bookings oTk
z in time intervalTk

2. current additional bookings bTk
z based on an improved FD due to relocations in

Tk

3. current additional bookings aTk−1
z based on an improved FD due to relocations in

Tk−1

Once the subsequent stock s tk+1
z is calculated, the simulation algorithmproceeds to the

next time step tk+1 (step 6.) and starts over in step 1.

This procedure is run through for all regarded days d in the simulated time period -
for threemonths in total, i.e. 92 days, consisting of 62 weekdays and 30 weekend days.
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The simulation is carried out during May, June and July, in the main operating period
featuring most trips (see also chapter 3).

For all different RSs, the simulation results in separate test cases, as well as for every
different time interval combination.

In each iteration, output measures evaluating the quality of fleet dynamics are de-
termined. Hereby the quantification of unmet demand is crucial. Two different ap-
proaches calculate the demand satisfaction (DS): on the one hand a quantitative DS
that refers to satisfied demand per zone. On the other hand, a spatial DS is required
in order to capture the degree of DS in the entire operating area. Both measures are
calculated as follows.

Let s tk
z,av the amount of available bicycles in zone z at time tk :

s tk
z,av = min (s tk

z , s ∗tk
z ) (7.4)

Then, the ratio of s tk
z,av and the fleet recommendation s ∗tk

z - for each the sum over all
zones z is taken - yields the quantitative DS at time tk :

DStk
quant =

∑
z s tk

z,av∑
z s ∗tk

z

(7.5)

In order to obtain the daily averageDSd
quant the average ofDStk

quant for all five time slots
is calculated. For the spatial DS, this factor is calculated at a zone level at first, for each
zone z separately:

DStk
z =

s tk
z,av

s ∗tk
z

(7.6)

Then, the average of DStk
z for all zones (in the present case M = 40) is determined and

the calculation of the daily average yields the spatial DS DSd
s pat eventually.

A high quantitative DS does not imply a high spatial DS: if DSd
quant results in a high

percentage, it is still possible that a few zones in the operating area feature a poor FD
and therefore DSd

s pat is low. These distinct calculations guarantee that the DS takes
into account singular (maybe under-supplied) zones as well, and hence builds up a
holistic measure of DS.
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The general utility level is represented by the current amount of under-supplied zones
M tk

us at time tk as this fleet status harms the utility of the BS System. The daily average
of all five time slots is denoted as Mus .

The described simulation framework is carried out for different test cases, each simu-
lated in the same time period of threemonths. An overview of all simulation test cases
and scenarios is listed in table 7.5.

Regarding the operator-based RS, an additional variation is given by different time

Relocation
Strategy

scenario applied for initial
FD

results
in

operator-based real data −− real figure
7.7

economic k = 1, k = 3 real figure
7.7

ambitious k = {1, 3} real figure
7.7

best-case ∀k real figure
7.7

no interference k = {} optimal figure
7.8

economic k = 1, k = 3 optimal figure
7.8

ambitious k = {1, 3} optimal figure
7.8

best-case ∀k optimal figure
7.8

user-based worst-case low user’s willingness real figure
7.9

realistic moderate user’s
willingness

real figure
7.9

best-case high user’s
willingness

real figure
7.9

worst-case low user’s willingness optimal figure
7.10

realistic moderate user’s will-
ingness

optimal figure
7.10

best-case high user’s willingness optimal figure
7.10

hybrid economic k = 1/moderate user’s
willingness k = 3

real figure
7.11

economic + k = 1/moderate user’s
willingness ∀k

real figure
7.11

TABLE 7.5: Different test scenarios run separately within the simulation period



146 Chapter 7. Performance Evaluation

intervals, the respective RS is applied in. The "no interference" - scenario is obviously
represented by k = {}, i.e. the RS is not applied in any time slot Tk . An economic
scenario concerning the operator-based RS is carried out for a single value for k , i.e.
onceperday. Hereby, effects are testedandcompared if theRS is applied atnight/early
morning, i.e. inT1 (for the target intervalT2) or rather during the day, i.e. inT3 (for the
target intervalT4). Within the ambitious scenario, the effects of applying aRS twice per
day, i.e. in T1 and T3 is tested. Further, a best-case-scenario is simulated by applying
the RS in every time interval Tk , ergo five times a day, disregarding the high amount
of labor cost etc. caused by such frequently performed RSs. As a consequence, the
maximal impact and benefits of relocations are determined.

Applying the user-based RS, three different scenarios are simulated. Similar to the
operator-based RS, there is also a best-case-scenario, which assumes a high users’
willingness to adapt their route choice. Based on the results of section 6.2, the entire
potential of user-based relocations is exhausted. In this case, the depending reloca-
tion potential is maximal, Pde p = 24.6%.
In a second scenario, the user-based RS is assumed to performmoderately, caused by
an according user’s willingness for route adaption. Consequently, the depending re-
location potential diminishes to Pde p = 12.3%
Theworst-case scenario for the user-based RS applies by setting the user’s willingness
to a minimum, i.e. Pde p = 0% and only the assured relocation potential Pas = 17.3%
remains.

In order to analyze the impact of an initially well distributed fleet, the described sce-
narios are tested for two different initial conditions: the real FD on May 1st, and the
optimal FD as calculated within the Demand Model in chapter 5. Consequently, the
value of good initial FDs can be read out, aswell as time thresholds until the BS system
needs relocation interventions because of a constantly worsening FD.

The final part of the simulation test case captures the performance of the hybrid RS.
The resultsbuild a fusionofprecedent test cases. The economic scenario tests operator-
and user-based interventions both for one time interval concurrently. The economic+

case applies the operator-based RS again for one time interval. Additionally, the user-
based RS is applied for each time interval, i.e. ∀k .
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Regarding computation time, the simulation case study requires around one hour per
test case. The relatively high computational cost is negligible though, as this test case
is a static potential analysis and validation of the designed RSs, i.e. an execution is
required only once and not recurrently.

7.3.2 Simulation results

The initial simulation run regarded the two different measures for demand satisfac-
tion. In figure 7.6, DSquant and DSs pat are plotted for three different scenarios.

Firstly, the fleet movements are simulated for the "no interference" - scenario, i.e.
k = {}, depicted in red in figure 7.6. Both demand measures decrease from about
0.85 at day d0 to only 0.6 at the end of the simulation period of three months. The
spatial demand satisfaction DSs pat (dashed) only slightly differs from the quantitative
demand satisfaction DSquant .
Secondly, the demand satisfaction for the real relocation performed in 2014 is dis-
played in black. These values are calculated by the historical FD per day (based on
the existing booking data) within the simulation period. DSquant andDSs pat are signif-
icantly higher compared to the "no-interference" - scenario. This is the first indicator
that fleet redistributions are crucial to the overall system’s performance: back in 2014,

FIGURE 7.6: Quantitative and spatial DS during the simulation period
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no RS real RS k = 1
DSquant 0.66 0.81 0.88
DS s pat 0.66 0.82 0.89

DSø 0.66 0.82 0.88
DSconv 0.59 0.81 0.92

TABLE 7.6: Comparison of different DSmeasures for different RS

the demand satisfaction ranged between 0.8 and 0.94 with only marginal differences
between DSquant and DSs pat (dashed black line).
The third test case evaluated theDS for the operator-basedRS, applied once perweek-
day for the target interval T1 ("economic" scenario) depicted in green. Compared to
the real RS, the respective values of the demand satisfaction aremostly higher, as they
range between 0.85 and 0.96. As a consequence, the economic operator-based RS,
applied once per weekday yields better results than the conventional RS back in 2014
regarding the spatial and quantitative DS, especially in the last third of the simulation
period. This effect is quantified by the calculation of a converged demand satisfaction
DSconv , i.e. the mean value of DS regarding only the last two weeks of the simulation
period d = {79, ..., 92}. Like that, the long-term dynamics are captured. The respec-
tive values for the different scenarios, among the averaged values DSquant and DS s pat

and their average are listed in table 7.6. As a result, applying no RS leads to a poor
DSconv = 0.59, whereas the economic scenario leads to a slightly enhanced DS at the
end of the simulation period DSconv = 0.92.
In general, both DS measures do not feature high varieties. Therefore the average of
both is displayed in the following simulation results and simply denoted as DS .

The next simulation test case treats the operator-based RS, applied for every weekday
at different target intervals. The results regardingDS andMus are depicted in figure 7.7
top and bottom respectively.
The value of DS for the real RS (black line) serves as reference for comparison to the
different relocation scenarios. The green line displays a daily application in time slot
T1, i.e. the target time is beginning of T2 ergo 6 a.m. The line in magenta depicts the
same scenario in time slotT3, providing an optimal FD for 4 p.m. Both demand distri-
butions show a similar trend, although the application inT1 yields a slightly higherDS .
The cyan line shows the DS if the operator-based RS is applied twice per weekday, i.e.
for both time slots T1 and T3. Apparently, the values of DSk={1,3} are higher than DSk=1
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FIGURE 7.7: Results of the operator-based RS for different time interval applications:
DS (top) and Mus (bottom), real initial FD

or DSk=3 at all times, as now the RS is applied in both time intervals. The best-case-
scenario is simulated by performing the operator-based RS in all time slots, i.e. five
times per weekday. The blue line depicts the according values for DS∀k . This DS even
exceedsDSk={1,3}, as aRS isnonstopapplied. A furthermeasure inorder to evaluate the
performance of the applied RS is defined by the number of currently under-supplied
zones M tk

us . The operator-based RS is applied for different relocation intervals and M tk
us

is accordingly displayed as the average value Mus of all five time slots per day. In figure
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k = 1 k = 3 k = {1, 3} ∀k real RS
DS 0.88 0.87 0.91 0.95 0.82

DSconv 0.92 0.91 0.94 0.97 0.81
M us 6.60 7.25 4.63 2.32 9.62

M us,conv 3.78 4.97 2.10 0.35 10.47

TABLE 7.7: ComparisonofDS andMus for different RS application intervals, real initial
FD

7.7 (bottom), Mus of the real relocation performance is plotted in black: on a daily av-
erage basis, between 6 and 15 zones have been under-supplied during the simulation
period. For the economic RS applied in T1 (plotted in green), the performance mea-
sured in Mus is slightly better in the beginning and significantly better at the end of
the simulation period. Applied for two time slots, Mus is further enhanced (plotted in
cyan). In case of applying the RS in every time slot (plotted in blue), the number of
Mus is lower than 4 for the entire simulation period.
Altogether, both outputmeasuresDS andMus yield similar results. Themean values of
DS andMus for all simulation days and the respective converged values are listed in ta-
ble 7.7. As a result, performing an operator-based RS inT1 has a marginal better effect
(DS = 0.88) on the DS than relocating in time slotT3 (DS = 0.87). The effect of relocat-
ing twice is more significant, and relocating in all five time slots results in the highest
mean value DS . In any case the RS performs better than the real RS. Regarding the
converged values DSconv , each value is increased at the end of the simulation period,
whereas DS over the course of the simulation period is slightly worsened for the real
RS. In a long term sense, the economic scenarios - conducting an optimized RS regu-
larly every day once - pay off, asM us,conv = 3.78 andM us,conv = 4.97 respectively are sig-
nificantly enhanced compared to the real RS performance featuring M us,conv = 10.47.
By implication, two and five applications per day lead to a clearly improved perfor-
mance, resulting in M us,conv = 2.10 and M us,conv = 0.35 respectively. Again, the con-
verged values show that a regularly application enhances also the long-term perfor-
mance, whereas M us = 9.62 in case of the real RS increases to M us,conv = 10.47.

The next test case investigates the importance of initial FDs. For this purpose, a sim-
ulation test case with an optimal FD at the initial day d0 was run. That means, in the
first iteration of the simulation period, DS is set to 1 and no under-supplied zones oc-
cur. This scenario examines if a FDwith optimal initial conditions requires relocation
interventions and estimates the time, from which an interference is inevitable.
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FIGURE 7.8: Results of the operator-based RS for different time interval applications:
DS (top) and Mus (bottom), optimal initial FD

In figure 7.8, this scenario is illustrated for DS (top) and Mus (bottom). The test case
comprises three different application intervals and the "no interference" - scenario as
in thefirst test case. Regarding the "no interference" - scenario (red line),DS decreases
constantly from 1 in the beginning to only 0.6 at the end of the simulation period. The
test case for application interval k = 1 (green) result in a significantly higher DS , fol-
lowed by the test cases for k = {1, 3} (cyan) and ∀k (blue).
Similar results referring to the according number of under-supplied zones are ob-
tained. Figure 7.8 (bottom) shows the respective values for Mus . In time slot T1 (green
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k = 1 k = {1, 3} ∀k no RS
DS 0.91 0.93 0.96 0.69

DSconv 0.93 0.94 0.98 0.59
M us 3.51 1.78 0.21 13.61

M us,conv 3.73 2.05 0.34 19.37

TABLE 7.8: Comparison of DS and Mus for different RS application intervals, optimal
initial FD

line), thefirst under-supplied zone appears after four days.This value is increasing and
eventually settles down to around four under-supplied zones. If the RS is run twice per
day, the first under-supplied zone occurs only after twelve days and M d

us,k={1,3} ranges
around two under-supplied zones on average. The longest period without any under-
supplied zones is apparently establishedbyfive relocation intervals perweekday (blue
line). In this case, it takesmore than fourweeks until the first under-supplied zone ap-
pears - further, within this dense relocation performance, not more than one under-
supplied zone on average occurs during the entire simulation period. This pattern
changes completely in case of no relocation at all (red line). After only one simulation
day, there are already under-supplied zones, and the number is continuously rising.
After the entire simulation period of three months, 20 zones, i.e. 50% of the zones in
the operating area are under-supplied and the utility level hence is very low.
This scenario proves that it is crucial to perform a RS even if the FD is optimal in the
beginning. Otherwise, the system collapses within a few weeks. Further it shows that
applyinganoperator-basedRSona regularbasis, the amountofunder-supplied zones
behaves asymptotically, i.e. for k = 1, k = {1, 3} and ∀k the value of Mus,conv settles
down at around 4, 2 and less than 1 respectively, as listed in table 7.8.

In the following, the simulation results of the user-based RS are described. Three dif-
ferent scenarios are simulated:

• a worst-case scenario, assuming a low willingness of the users to conduct relo-
cation trips by adapting the desired route

• amodest scenario, taking into account a moderate users’ willingness for a route
adaption

• a best-case scenario, assuming the maximum potential of user-based reloca-
tions is exhausted by assuming a high users’ willingness.
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FIGURE 7.9: Results of the user-based RS for different user’s willingness scenarios: DS
(top) and Mus (bottom), real initial FD

Figure 7.9 shows the results for DS (top) and Mus (bottom) respectively for all three
scenarios within the simulation period, as well as the "no interference" - scenario (in
red) and the economic operator-based RS (in green) for reasons of comparability. In
case of a high willingness of the users (denoted in blue and "+"), DS is similar to the
case of an economic operator-based RS (depicted in green). By assuming a low user’s
willingness (denoted in blue and "∇") there are only slight enhancements compared
to the "no interference" - scenario (in red). The realistic user’s willingness (denoted in
blue and "◦") features moderate results, i.e. DS ranges between 0.8 and 0.9.
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no RS k = 1 high wn. mod. wn. low wn.
DS 0.66 0.88 0.88 0.84 0.74

DSconv 0.59 0.92 0.89 0.86 0.71
M us 16.98 6.60 9.95 12.64 15.31

M us,conv 19.88 3.78 9.36 13.61 18.07

TABLE7.9: ComparisonofDS andMus fordifferentuser-basedRS scenarios, real initial
FD

Regarding Mus in figure 7.9 (bottom), there are still more under-supplied zones by ap-
plicationof theuser-basedRS for all daysof the simulationperiodcompared toaneco-
nomic operator-based RS. Assuming a lowwillingness, the user-based RS at least per-
forms slightly better than the "no interference" - scenario. For the presumably most
realistic scenario - amoderate user’s willingness - the values for Mus range between 10
and 14 zones, which is significantly better than around 20 under-supplied zones at the
end of the simulation period.
By implication, even if the willingness of the users is high, the economic operator-
based RS in time slot T1 outperforms and hence, the user-based RS solely is not an
appropriate replacement.
The results of the mean (converged) values are listed in table 7.9.

In order to investigate the impact of the initial FD, the same simulation case was run
for an optimal initial FD.
The results concerningDS andMus respectively are illustrated in figure 7.10. A remark-
able difference canbe readout in thefirst half of the simulationperiod: the user-based
RS outperforms the economic operator-based RS in case of a high user’s willingness.
Only in the second half of the simulation period, this RS yields better results than the
high willingness scenario.
Assuming a low ormoderate user’s willingness, the user-based RS is not as effective as
the economic operator-based RS (in green). This circumstance shows that the better

no RS k = 1 high wn. mod. wn. low wn.
DS 0.69 0.91 0.90 0.87 0.82

DSconv 0.59 0.93 0.89 0.86 0.72
M us 13.14 3.51 3.88 7.00 11.22

M us,conv 18.73 3.73 7.03 11.81 17.34

TABLE 7.10: Comparison ofDS and Mus for different user-based RS scenarios, optimal
initial FD
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FIGURE 7.10: Results of the user-based RS for different user’s willingness scenarios:
DS (top) and Mus (bottom), optimal initial FD

the initial FD, the better the user-based RS performance.
In the second half of the simulation period, the number of under-supplied zones ap-
proximate to the respective level in figure 7.9, i.e. without optimal initial conditions.
Themean values and the according converged values are listed in table 7.10. As a con-
sequence, the user-based RS can perform solely in case of a good initial FD. In a long-
term sense, this strategy is not sufficient (at least not for the present BS System) and
needs support of an operator-based RS.
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This is establishedby applying thehybridRS. Therefore twodifferent simulationswere
carried out.
First, a hybrid eco RS was simulated. That means, the operator-based RS was applied
in one time interval, namely k = 1. Additionally, the user-based RS was applied for
k = 3, when the user-based RS is most efficient (see also section 6.2).
Second, the implementation of a permanent user-based RS was simulated, i.e. the in-
centives are offered in every time interval Tk . This scenario is denoted as hybrid eco+

FIGURE 7.11: Results of the hybrid RS, compared to ambitious operator-based
scenario: DS (top) and Mus (bottom), real initial FD
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k = {1, 3} hybrid eco hybrid eco+
DS 0.91 0.89 0.93

DSconv 0.94 0.93 0.95
M us 4.63 5.71 3.88

M us,conv 2.10 2.87 1.46

TABLE 7.11: Comparison of DS and Mus for different hybrid RS scenarios, real initial
FD

in the following. The results are illustrated in figure 7.11 for DS and Mus respectively.
The performance of hybrid eco is depicted in green, hybrid eco+ in green and +. As
reference for comparison, the ambitious operator-based RS is plotted in cyan addi-
tionally.
Confirmed by both output measures DS and Mus , the hybrid eco test case performs
slightly worse, compared to an operator-based RS applied twice per day. The hybrid
eco+ modification, however, outperforms this ambitious RS, although the operator
relocates only in one time interval. Regarding the long-term results, the trend for the
outputmeasures can be read out in table 7.11 and confirms this observation: by apply-
ing the hybrid eco+ RS, less than 1.5 zones on average are under-supplied at the end
of the simulation period and DS yields a very good result with 0.95.
Based on these results, a clear guidance for fleet relocation is recommended: instead
of performing an operator-based RS twice per day, it is more profitable to implement
the hybrid eco+ RS, i.e. relocating once by relocation vehicle and applying the user-
based RS permanently. Like that, the fleet does not reach a certain skewness and the
operator has only moderate relocation effort while keeping the utility level (in terms
of DS and Mus ) constantly high.

The final analysis of the simulation case study concerns daily relocation numbers and
additionally generated trips due to these relocations. It captures the overall perfor-
mance of applying different RSs at different time intervals. The summary is depicted
in figure 7.12.

For all different RSs, namely user-based concerning a moderate users’ willingness (in
blue), operator-based (in magenta), hybrid (in green) and hybrid+ for all k (in dashed
green), the averagenumberof daily relocations and the respective additional bookings
are calculated . This pair of values is obtained for each relocation interval separately.
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FIGURE 7.12: Average number of daily relocations and according additional
bookings per applied relocation interval

Applying the user-based strategy in T4, i.e. for the target interval T5 from midnight to
6 a.m., no effect can be determined, as almost no bookings take place in this time in-
terval. InT5, around 50 relocation trips are performed on average, resulting in around
10%more bookings. T1 andT2 feature the same results regarding the user-based strat-
egy: around 150 relocation trips generate 15% additional bookings. Time slot T3 has
the highest impact for user-based relocations, as around 200 relocations lead to 30%
more bookings. Putting all time intervals together, the user-based RS results in 450 re-
locations andmore than 50% additional bookings on a daily average. Note that actual
user-based relocation trips are already counted as additionally generated trips, as the
trip most likely would not have been realized without pricing incentives. Addition-
ally, as these bicycles are parked in better zones afterwards, even more bookings are
generated.

In case of an application of the operator-based RS,T4 is the weakest time interval, fol-
lowed by T2 and T5. Applying the RS in these time slots, it results in only around 5%
more bookings respectively. Relocating the fleet inT3 andT1 leads to additional book-
ings of 10% and 15% respectively. By combining different time slots and applying the
RS more than once per weekday, up to 1 000 relocations cause up to 50% more book-
ings.
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Taking into account the hybrid RS, it yields themost effective results. InT4 it performs
poorly, caused by low effectiveness for both, the user-based and the operator-based
RS in this time slot. Combining T1 and T3 within the hybrid RS, 800 daily relocations
on average generate up to 60% more bookings. The scenario depicted in green refers
to performing the hybrid RSs (user-based and operator-based) in the same respec-
tive time interval. If the user-based method is additionally applied for each time slot,
the hybrid+ RS yields the results illustrated in the dashed green line: conducting an
operator-based RS in T1 and T3 and offering the incentive-regulated user-based RS in
all time slots, leads to almost 1 000daily relocations onaverage and increases thebook-
ing numbers about additional 80%.

In summary it can be stated that both different RSs, the user-based and the operator-
based, performwith limitations if appliedon their own. ThehybridRSperformsbetter
than the operator-based RS in every time interval. Comparing the operator-based RS
for both time slots T1 and T3, even more relocations per day are accomplished by the
hybrid RS in only one time slot, namelyT1. Further, the additional bookings are more
than 10%higher as well. If the user-based strategy is applied permanently, i.e. for each
time slot per weekday, the overall hybrid + RS leads to 800 daily relocations and more
than 70% extra bookings inT1.

The results further show that regularly conducted relocations keep the overall effort
to a minimum. If the fleet is fully balanced at one point, the user-based method can
rebalance the fleet for a short time period sufficiently, on weekends for instance.
During theweek, operator-based relocations are necessary, but by applying thehybrid
RS, the economic operator-based RS in time slot T1 is sufficient. Regarding the best-
case operator-based RS, i.e. applying the RS in each time interval, it only creates little
further value compared to the significant rise in cost.





Chapter 8

Conclusions and Future Research

8.1 Summary and Conclusions

This section draws conclusions and provides final answers to the research questions
(RQ) defined in chapter 1. The summary is outlined in table 8.1, as well as potential
future research discussed in the following sections.

The initial RQ 1: What particular dynamics can be found in free-floating BS Systems?

ought to capture the dynamics and specific characteristics of a free-floating BS Sys-
tem. Within a detailed booking data analysis in chapter 3, the system was examined
carefully. Typical usage patterns were identified for different day types and day times:
on weekdays, a significant part of the fleet moves from fringe areas into the city cen-
ter - in the evening, opposed booking patterns were detected as the majority of trips
are accomplished from the city center to the outskirts again. This behavior gives the
impression of self-regulation at a first glance - the second RQ strove to reassess that.

Groundwork treating RQ 2: Do fleet imbalances occur in free-floating BS Systems? was
also given in chapter 3. As a result of the empirical booking data analysis, fleet imbal-
anceswerepresumedandeventually provenby chapter 5. In that chapter, thedemand
model provided FDs and stock recommendations at a zone level based on the actual
demand. For certain zones and time slots, shortages and surpluses of bicycles were
identified and the fleet’s skewness was quantified.
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In RQ 3a: How can the utility-level of a BS System be increased at best? the aim tomax-
imize the system’s usage was formulated. Therefore diverse strategies were presented
in chapter 6 in order to rebalance the fleet. Thesemethods primarily focused on elim-
inating under-supplied zones, as these zones cannot satisfy users’ demand and con-
sequently harm the entire system’s utility.

In quest of appropriate relocation strategies (RSs), RQ 3b:Which strategies are suitable

and qualified to reach the desired fleet status? deals with the application of different
RSs. The operator-based RS is capable of rebalancing the fleet, but this strategy can
be extremely time-consuming, for instance in case of heavy imbalances at peak hours
of traffic. The user-based RS shows its strength exactly in these time slots - when trip
numbers and consequently the potential for user-based relocations is highest. This
strategy applied on its own does not work effectively though, especially if the fleet
currently features high imbalances. Combining both strategies creates the hybrid Re-

location Strategy, which deploys the respective strengths of both RSs. The best per-
formance results are obtained by running the operator-based RS in the early morning
andadding theuser-basedpricing scheme in the subsequent timeperiod, or evenper-
manently. This combination allows a maximum of bicycle movements at a minimum
amount of time and cost and thereby provides a high demand satisfaction and a high
utility level of the BS System.

Further, the effects of potential RSs were supposed to be captured, which built up RQ
4a: Which effects and impacts on the system’s performance can be achieved by reloca-

tion strategies? In chapter 7, up to 70% additional bookings were calculated in conse-
quenceof awell-distributedfleet compared toapoorFD.Further, a "no-interference"-
scenario, i.e. no relocations at all, shows that the system would collapse within a few
weeks. A simulation case study proved the long-term effects of applying RSs. Minor
imbalances are easier to smooth as a severe skewness of the entire fleet. Therefore
it is highly recommended to apply the RS at regular time intervals to maintain a cer-
tain fleet balance. By applying the hybrid+ strategy, i.e. one operator-based RS per
day and a permanent implemented user-based scheme, the simulation case study re-
vealed that more than 80% extra bookings can be generated.
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Research Question Answer Future Research
RQ 1: What particular dynamics can be
found in free-floating BS Systems?

Referring to chapter 3: onweekdays, a significant part of the fleetmoves
from fringe areas into the city center /
in the evening, opposed booking patterns were detected as major trips
are accomplished from the city center to the outskirts.
In the long-term: bicycles cluster in fringe areas.

-

RQ 2: Do fleet imbalances occur in free-
floating BS Systems?

As a result of the empirical booking data analysis, fleet imbalances were
presumed and eventually proven by the demandmodel in chapter 5, i.e.
without any RSs, the FD features a constantly worsening skewness.

application to
station-based
BS Systems

RQ 3a: How can the utility-level of a BS
System be increased at best?

One operator-based and one user-based RS were presented
in chapter 6 in order to rebalance the fleet focusing on eliminating
under-supplied zones.

a real-word field
test is
recommended

RQ 3b: Which strategies are suitable and
qualified to reach the desired fleet status?

By combination of both strategies the hybrid Relocation Strategy
was designed, which deploys the respective strengths of both RSs.

refining the
inter-zone
relocation process

RQ 4a: Which effects and impacts on the
system’s performance can be achieved by
relocation strategies?

In chapter 7 up to 70% additional bookings were calculated in
consequence of a well-distributed fleet compared to a poor FD /
applying the hybrid RS, around 80% extra bookings can be achieved.

labor cost analyses
and staff operation
planning

RQ 4b: How often does the BS System need
support from such strategies in order to
maintain the desired fleet status?

User-based strategies are sufficient on weekends, provided that the
initial fleet status does not feature a heavy skewness
the best results are achieved by the hybrid+ RS, i.e. one operator-based
RS per day and the permanent implementation of the user-based RS.

application to
other VS systems /
adjustment of
algorithms for the
station-based case

TABLE 8.1: Answers to the Research Questions
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This leads to the final RQ 4b: How often does the BS System need support from such

strategies in order tomaintain the desiredfleet status? The simulation case study shows
thatmoderate relocation interventions are sufficient, as long as the current fleet status
is quite balanced. Further, user-based strategies are sufficient on weekends, provided
that the initial fleet status does not feature a heavy skewness. In order to compensate
poor FDs, one intense relocation performance is necessary, followed by regular, mod-
erate interventions, ideally regulated by the user-based RS. The hybrid RS produces
the best performance. Here the operator needs to accomplish a RS once per weekday,
which is optimally conducted before 6 a.m. Additionally, the user-based RS offers the
incentivizing pricing scheme in each time slot and smooths the occurring fleet imbal-
ances over the course of the day and on weekends.

As a final conclusion, this thesis has proven the essential necessity of fleet redistri-
butions in BS Systems. By applying the given strategies, upcoming demand can be
satisfied and every bicycle of the fleet can be optimally exploited. Strategies following
a gut feeling, even if supported by experience, are outperformed by the designed RSs.

8.2 Transferability to other Cities and Systems

The models and algorithms in this thesis have been designed based on booking data
of an existing free-floatingBS System inMunich. The resultingRSswere applied to this
system - nevertheless it is not only tailored or limited to this specific case. Following
steps need consideration in order to apply these strategies to another free-floating BS
System:

1. booking data are required for a period of at least four weeks

2. the operating area has to be divided into an appropriate amount of zones, de-
pending on size and booking levels (see section 3.3.1)

3. application of the demandmodel yields the saturationmatrix S∗, containing the
required amount of bicycles per zone and time slot

4. an efficient RS is recommended, based on the severity of fleet imbalances and
the operator’s willingness to interfere
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The application of the given strategies is not limited to the free-floating case. Taking
into account a station-based BS System, however, somemodifications are necessary.

Applying the strategies to a station-based system, the procedure mainly remains the
same, except that step 2 of the list above is skipped. Instead, the stations of the BS Sys-
tem are considered as zones in the subsequent procedure. In step 4, the main differ-
ence will manifest: the full-station-problem, which does not occur in the free-floating
case. The designed algorithms indicate over-saturated zones (the equivalent to full
stations), but these do not directly cause harm to the system’s performance, as users
still can return bicycles there. In a station-based BS System, users face issues by re-
turning a bicycle to a full station. Several approaches can solve this problem:

1. allow the users to return the bicycle next to a full docking station - provided that
the bicycles are lockable individually

2. use the RS output of over-saturated zones to enlarge the respective stations - like
that, the RS can be used as a System Design tool as well (see section 2.2)

3. modify the RS algorithms in such way that over-saturated zones (corr. full sta-
tions) harm the BS System as much as under-supplied zones (corr. empty sta-
tions)

The last option requires severe changesof thepresent algorithmandmaycausechange
for the worse in terms of relocation runtime. Referring to the present case of a free-
floating BS System, the RS did not always eliminate all over-saturated areas, because
of capacity limitations and too high cost - provided that no under-supplied areas oc-
curred at the same time. This circumstance changes for station-based systems, as full
stations restrain the current demand and need to be resolved.
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8.3 Future Research

In this thesis,most research gaps could be closed. Free-floatingBS Systems and the re-
spective dynamics were examined in detail as they represent a new component in ex-
isting literature. Especially for emerging free-floating BS Systems, for instanceMobike

in China [81], this research builds a crucial foundation for planning and maintaining
such systems in future.

Referring to the previous section, the application to station-based systems depicts an
extension to the present research. Depending on the respective system,modifications
of the algorithms and tools in this thesis will be necessary.

Further, a field test is recommended to examine the real-world performance of the de-
signed RS. Therefore additional tasks and research questions may arise. For instance,
detailed staff planningmight be valuable, as well as the coordination of multiple con-
current relocation tours, especially for large-scale BS Systems.

Thoroughplanning regarding the intra-zone-routing receivednoconsiderationwithin
this research. For a more detailed intra-zone analysis, the division of the operating
area could be refined and tested, a comparisonmay give some indication of preferred
drop-off areas within a zone. Nevertheless the computing time as well as the reloca-
tion performance timemight be higher.

BS Systems provide an important module of today’s mobility services in urban areas.
Such systems need to perform well in order to satisfy upcoming demand and keep
the users’ confidence. Beyond question, free-floating BS Systems represent the most
convenient BS System type for users - provided that bicycles are available for every
requesting user. This implies thorough planning of the system’s design and system’s
fleet management.

This thesis makes a contribution to both, better planning and operating of urban BS
Systems - andmost importantly, to a persisting maintenance of such systems.
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FIGURE A.1: Spatial analysis for all Wednesdays in spring 2014
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FIGURE A.2: Spatial analysis for all Wednesdays in summer 2014
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FIGURE A.3: Spatial analysis for all Wednesdays in fall 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 7 15 14 22 12 7 6 9 15 12
2 7 25 12 24 13 5 8 28 16 9
3 7 24 15 21 13 12 7 26 13 15
4 8 13 13 15 10 5 7 15 16 9
5 6 12 19 21 15 7 7 15 15 11
6 10 19 18 38 17 13 5 23 25 17
7 6 17 15 18 15 10 8 12 19 8
8 9 13 14 18 14 9 8 17 21 18
9 6 15 18 13 9 5 6 18 15 14
10 6 18 11 15 12 6 5 18 16 9
11 8 21 21 29 12 6 6 18 20 17
12 8 15 13 27 10 11 5 30 16 8
13 7 17 11 18 13 6 5 12 10 11
14 8 21 16 32 18 13 9 30 14 15
15 8 16 23 28 18 13 5 11 11 14
16 8 22 19 19 18 10 5 21 28 21
17 5 16 17 19 16 8 7 27 23 14
18 6 19 18 24 15 6 5 25 25 13
19 6 15 12 20 11 6 6 17 19 9
20 10 22 22 27 14 9 5 26 17 19
21 8 18 17 26 14 9 8 26 14 11
22 8 14 11 18 14 11 7 24 10 12
23 6 20 13 25 10 10 7 15 17 15
24 8 14 16 29 15 14 8 22 25 20
25 7 13 16 31 15 11 6 30 41 23
26 7 18 18 24 12 16 10 23 29 9
27 7 16 13 26 14 8 5 22 12 22
28 7 21 18 24 17 7 5 30 23 16
29 5 20 17 22 12 9 7 22 13 6
30 9 19 17 32 17 11 6 15 23 11
31 8 29 22 23 20 12 11 26 23 14
32 8 30 20 34 15 9 6 14 16 16
33 8 13 24 25 20 12 8 21 23 22
34 9 13 13 21 16 7 5 27 26 22
35 8 16 21 24 17 11 6 12 35 20
36 6 18 13 18 11 5 7 24 19 15
37 7 21 18 29 16 14 9 16 35 20
38 7 22 14 27 17 12 6 19 14 18
39 6 15 17 23 10 12 9 14 22 17
40 6 20 14 17 9 7 8 10 13 15
sum 291 725 653 946 566 374 269 810 787 587

TABLE B.1: Saturation pattern based on booking data in April 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 6 18 17 21 13 8 7 17 16 10
2 8 24 17 24 14 10 6 28 19 16
3 9 22 18 30 16 12 8 27 21 20
4 7 18 16 22 13 8 9 19 22 14
5 7 18 19 24 14 9 7 21 22 17
6 10 24 29 36 20 17 9 27 37 19
7 8 22 20 24 13 11 7 20 19 17
8 9 19 15 21 16 9 9 16 18 17
9 8 17 19 18 12 10 8 14 19 10
10 7 18 15 23 13 8 8 17 19 10
11 10 22 22 32 18 12 8 19 27 17
12 9 21 17 26 14 9 8 25 26 14
13 6 15 13 16 11 8 7 19 13 12
14 7 18 21 31 17 11 6 22 25 16
15 9 25 21 31 18 17 8 20 25 16
16 8 21 19 26 19 12 9 28 25 16
17 8 19 19 25 15 9 8 25 25 15
18 9 20 16 25 16 9 7 25 28 18
19 7 18 16 22 11 9 8 20 15 11
20 8 24 19 27 16 14 8 25 26 18
21 8 24 20 29 16 10 8 25 25 17
22 8 21 16 21 14 11 9 22 16 11
23 9 21 16 24 14 9 8 21 22 14
24 8 21 19 23 15 10 9 20 27 13
25 10 17 23 34 19 12 6 25 30 20
26 11 22 20 32 17 13 10 26 30 15
27 7 21 19 31 16 12 7 23 21 18
28 7 27 18 24 17 9 10 28 24 16
29 7 21 19 20 13 9 8 22 22 14
30 8 30 23 27 17 12 7 32 22 16
31 10 24 24 29 20 14 8 27 22 15
32 10 32 27 37 20 12 7 28 26 17
33 9 18 21 35 19 13 7 24 31 22
34 9 16 19 29 16 10 6 17 26 17
35 9 22 21 37 21 17 8 26 30 23
36 7 19 17 21 12 6 9 19 18 13
37 9 23 23 33 15 12 8 25 25 15
38 9 21 22 33 20 12 9 23 27 24
39 8 21 18 23 12 11 7 21 22 16
40 6 17 16 18 13 10 7 17 18 10
sum 329 841 769 1064 625 436 313 905 931 629

TABLE B.2: Saturation pattern based on booking data in May 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 8 21 18 24 14 10 8 22 21 14
2 8 25 20 27 16 11 9 27 26 17
3 9 26 22 31 18 12 8 27 30 22
4 8 19 17 23 14 10 9 19 20 14
5 8 18 20 29 15 10 8 23 26 16
6 12 28 30 45 25 17 10 36 37 24
7 8 25 20 28 16 11 8 26 24 16
8 10 19 16 23 17 13 9 22 26 22
9 8 20 19 22 13 10 9 20 20 13
10 8 19 17 25 14 10 8 21 22 14
11 10 26 23 33 20 12 9 26 29 22
12 9 23 22 29 17 11 8 27 25 18
13 7 18 16 19 13 9 7 18 18 13
14 9 21 23 34 20 14 8 26 28 19
15 10 26 24 33 20 16 9 28 28 22
16 10 24 22 30 20 14 8 28 28 20
17 8 23 21 31 19 12 9 28 28 20
18 9 26 21 27 18 13 8 27 27 18
19 7 22 19 22 14 9 8 21 19 15
20 10 29 24 32 20 14 8 29 28 20
21 9 24 22 30 18 12 8 26 27 17
22 8 22 19 26 15 11 10 24 24 15
23 9 23 21 27 16 11 8 24 23 19
24 9 23 23 29 18 14 9 27 26 18
25 10 20 27 41 21 13 7 28 35 20
26 11 23 21 35 21 16 11 27 35 21
27 8 24 22 34 18 11 8 27 28 20
28 9 28 23 29 18 11 9 29 27 19
29 8 25 22 23 14 10 8 24 21 15
30 9 31 24 33 19 14 9 30 29 20
31 11 31 27 37 21 15 10 34 31 22
32 10 33 28 40 21 13 9 35 34 22
33 11 22 25 40 22 17 8 29 32 22
34 10 20 22 33 18 13 8 24 27 20
35 11 26 25 38 23 17 9 26 31 23
36 8 22 18 23 13 9 8 22 21 13
37 9 24 24 38 19 13 8 30 32 20
38 10 24 24 35 22 14 9 27 29 23
39 9 22 19 25 15 11 8 25 25 16
40 7 21 18 22 13 9 8 21 20 15
sum 362 946 868 1205 708 492 340 1040 1067 739

TABLE B.3: Saturation pattern based on booking data in June 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 9 23 18 27 15 11 7 25 22 17
2 9 30 21 27 19 13 10 26 31 19
3 10 25 26 30 19 11 10 29 31 21
4 8 23 19 25 14 12 9 17 18 13
5 8 18 23 28 17 11 8 23 27 17
6 13 29 32 51 27 17 10 43 45 30
7 9 28 21 30 17 11 8 31 27 19
8 12 21 19 25 19 13 9 28 28 25
9 8 21 22 25 15 10 10 21 18 12
10 9 20 18 29 16 10 8 26 26 13
11 11 26 27 36 21 12 10 30 30 26
12 9 23 22 33 17 13 10 24 29 18
13 8 19 17 21 13 10 7 17 22 14
14 11 22 25 38 21 18 10 26 33 21
15 10 26 24 37 20 20 10 27 25 23
16 10 27 26 31 20 15 9 27 34 19
17 8 27 21 35 21 12 11 28 32 20
18 10 26 21 27 18 15 8 26 24 21
19 7 24 18 26 14 9 9 27 19 19
20 11 28 25 38 22 15 8 30 27 22
21 11 27 24 31 18 15 7 26 29 18
22 9 25 21 30 16 10 11 24 26 17
23 9 23 22 31 18 11 10 23 21 21
24 10 22 26 31 20 14 10 31 34 23
25 10 20 29 44 21 15 9 29 35 19
26 12 27 24 40 23 19 10 25 35 23
27 9 24 22 39 20 11 9 31 29 20
28 11 31 24 32 20 14 9 29 24 21
29 9 27 22 25 15 11 8 24 23 16
30 10 35 25 33 20 16 8 28 28 19
31 12 32 31 40 21 17 12 41 32 20
32 11 35 29 43 23 13 12 37 42 19
33 12 23 28 43 22 17 10 26 41 20
34 11 24 23 38 18 15 10 30 25 20
35 12 26 28 42 24 22 10 27 35 27
36 8 23 22 25 15 11 8 24 21 13
37 10 28 25 39 19 11 8 35 36 23
38 10 27 27 36 24 13 9 26 31 29
39 10 23 19 26 16 14 10 31 24 19
40 8 24 18 22 15 10 8 24 21 16
sum 394 1012 934 1309 753 537 369 1102 1140 792

TABLE B.4: Saturation pattern based on booking data in July 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 8 21 19 24 14 10 8 23 20 14
2 8 25 21 27 16 11 9 27 26 16
3 9 26 23 31 18 12 8 28 28 22
4 8 20 18 22 15 10 9 19 21 14
5 8 18 20 29 15 11 8 22 26 16
6 12 28 29 44 24 16 11 37 38 25
7 8 24 21 28 16 11 8 26 23 17
8 10 19 16 23 17 13 9 22 26 23
9 8 19 19 23 14 10 9 20 20 14
10 8 19 17 24 14 10 8 21 22 14
11 10 25 24 33 20 12 9 25 29 21
12 9 23 21 29 17 11 8 26 26 17
13 7 18 16 19 13 9 7 19 18 14
14 9 21 23 33 19 15 8 27 28 19
15 10 25 25 33 20 16 9 28 27 22
16 10 23 22 29 20 14 8 28 30 20
17 8 24 21 30 19 12 9 28 28 20
18 9 25 20 26 17 13 8 26 26 17
19 7 21 18 23 13 9 8 21 19 15
20 10 29 24 33 21 13 8 30 29 19
21 9 25 22 29 18 12 8 26 27 18
22 8 22 19 27 15 11 10 23 24 15
23 9 23 21 28 16 11 8 24 24 18
24 9 22 22 30 18 13 9 26 27 18
25 10 20 27 40 20 13 7 28 36 20
26 11 23 21 34 20 15 10 27 35 22
27 8 24 23 34 18 11 8 28 28 20
28 9 28 23 29 19 12 9 29 27 18
29 8 24 21 23 14 10 8 24 21 15
30 9 32 24 33 19 14 9 31 30 20
31 11 31 26 37 22 15 10 34 31 22
32 10 32 29 40 22 13 10 34 33 22
33 11 21 25 41 22 17 8 28 33 22
34 10 21 22 32 18 13 8 25 26 19
35 11 26 25 38 23 17 9 29 31 23
36 8 21 18 23 13 9 8 22 21 13
37 9 25 24 38 20 12 8 31 31 21
38 10 25 24 35 21 14 9 27 29 23
39 9 23 19 25 16 11 8 24 24 17
40 7 21 17 22 13 9 8 21 19 14
sum 362 942 869 1201 709 490 341 1044 1067 739

TABLE B.5: Saturation pattern based on booking data in August 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 8 22 18 24 14 10 8 22 20 14
2 8 26 20 26 16 11 9 26 25 17
3 9 26 22 31 18 12 8 26 29 22
4 8 19 17 23 14 10 9 18 20 14
5 8 19 20 28 15 10 8 23 25 17
6 12 27 30 43 24 17 10 37 37 25
7 8 24 20 27 16 11 8 25 24 16
8 10 19 16 24 18 12 9 23 26 23
9 8 20 19 22 14 10 9 19 20 14
10 8 19 17 24 14 10 8 21 23 15
11 10 25 24 34 21 12 9 26 28 22
12 9 23 21 29 16 11 8 26 25 17
13 7 18 16 19 13 9 7 18 19 13
14 9 21 23 34 19 15 8 27 27 19
15 10 26 24 33 19 16 9 27 26 22
16 10 24 23 29 19 15 8 28 28 20
17 8 24 22 31 18 13 9 28 29 20
18 9 26 20 26 17 12 8 26 26 18
19 7 22 19 23 13 9 8 22 20 15
20 10 29 23 33 20 13 8 29 28 19
21 9 24 21 29 18 12 8 27 26 18
22 8 22 18 27 15 11 10 23 24 16
23 9 24 20 28 16 11 8 24 23 18
24 9 22 22 29 18 14 9 26 27 18
25 10 19 26 40 21 13 7 28 36 21
26 11 23 22 34 20 15 10 26 36 22
27 8 24 22 34 19 12 8 27 29 19
28 9 29 23 29 18 11 9 28 26 19
29 8 25 22 23 14 10 8 23 21 14
30 9 32 24 33 19 13 9 30 28 20
31 11 31 26 37 22 15 10 33 31 22
32 10 33 28 40 21 13 9 35 33 21
33 11 21 26 40 23 17 8 28 33 22
34 10 21 22 33 17 13 8 24 26 20
35 11 26 26 37 23 18 9 27 31 22
36 8 21 18 23 13 9 8 21 20 13
37 9 24 24 38 19 12 8 31 31 20
38 10 25 23 36 22 15 9 27 29 22
39 9 23 20 25 15 11 8 25 24 16
40 7 20 17 22 13 9 8 22 19 14
sum 362 948 864 1200 704 492 339 1032 1058 739

TABLE B.6: Saturation pattern based on booking data in September 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 7 20 16 22 13 10 7 21 18 12
2 8 24 20 24 16 11 9 27 22 14
3 9 23 20 29 17 12 8 26 27 22
4 8 18 16 20 14 9 8 16 18 12
5 8 17 18 26 14 10 7 21 23 14
6 11 25 29 40 22 15 10 31 38 25
7 8 22 20 26 15 10 8 23 21 14
8 9 18 16 23 17 11 9 21 22 19
9 7 17 19 21 12 10 8 19 18 12
10 7 18 17 23 14 9 7 21 20 14
11 9 23 23 30 19 13 8 25 29 22
12 8 22 20 29 15 11 7 23 24 15
13 7 18 16 17 12 8 7 17 16 13
14 9 19 21 31 19 13 8 27 25 19
15 9 25 22 32 18 17 8 24 28 22
16 9 21 21 28 18 14 8 27 29 19
17 8 21 21 28 17 12 8 24 26 19
18 8 24 18 25 16 12 8 24 23 18
19 7 21 17 22 12 9 7 21 18 14
20 9 27 21 31 20 12 7 25 25 17
21 9 23 21 26 18 12 7 26 27 16
22 8 21 17 24 14 10 10 22 21 15
23 8 21 18 26 15 10 8 24 20 19
24 9 21 21 27 16 13 9 25 22 19
25 9 18 24 38 19 12 6 26 32 19
26 10 23 21 31 20 14 9 25 33 22
27 7 21 22 31 17 10 8 26 28 18
28 9 27 20 28 17 11 9 24 26 15
29 8 22 19 22 13 10 7 22 18 13
30 8 29 22 31 18 14 8 31 26 16
31 10 29 25 36 21 16 9 31 28 21
32 9 32 28 35 20 13 9 33 31 20
33 10 21 24 37 21 14 8 27 27 19
34 9 20 20 32 16 12 8 21 25 17
35 11 24 24 34 21 15 9 27 30 20
36 8 19 18 21 13 9 7 19 18 12
37 9 24 22 34 18 11 8 30 28 20
38 10 22 22 32 20 14 9 24 25 22
39 9 21 19 23 15 11 7 21 22 15
40 7 20 16 20 12 8 8 21 19 13
sum 342 881 814 1115 664 467 320 968 976 687

TABLE B.7: Saturation pattern based on booking data in October 2014
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Saturation matrix S∗

weekdays weekends
Zone T1 T2 T3 T4 T5 T1 T2 T3 T4 T5
1 7 14 17 21 13 11 9 15 21 16
2 7 19 17 24 13 10 7 19 17 13
3 7 20 17 29 15 13 9 32 30 25
4 8 19 13 20 10 12 10 10 24 9
5 6 16 17 27 12 9 9 24 20 9
6 12 27 26 35 24 14 5 29 25 24
7 6 15 18 27 13 10 5 16 10 10
8 9 16 16 23 15 5 6 25 28 11
9 6 19 12 18 10 12 8 16 19 14
10 5 13 13 23 13 11 5 16 17 13
11 10 24 14 32 14 11 6 26 33 24
12 7 21 19 28 11 7 9 18 24 12
13 6 12 15 15 8 6 5 21 17 14
14 8 19 18 30 17 6 5 22 22 20
15 9 17 15 32 18 13 11 27 30 14
16 10 15 13 27 17 12 7 26 13 21
17 7 17 21 29 16 12 5 16 22 13
18 8 18 14 20 11 5 6 28 17 9
19 7 16 17 21 11 5 8 23 11 11
20 9 20 17 32 19 10 7 13 15 11
21 6 17 16 22 17 8 6 23 29 7
22 6 20 12 17 11 13 9 14 11 13
23 6 22 18 25 11 13 5 23 27 17
24 8 14 17 24 12 15 9 21 25 17
25 10 14 19 39 18 7 7 29 14 19
26 10 19 16 27 16 8 8 21 14 23
27 7 21 17 23 11 9 8 24 30 8
28 6 26 17 24 14 10 7 16 20 17
29 6 20 18 22 11 10 8 16 22 12
30 7 19 21 28 17 8 5 19 16 18
31 9 26 16 26 20 11 8 36 31 23
32 9 30 18 31 18 9 8 40 20 13
33 10 13 20 31 14 8 5 25 38 10
34 7 15 20 20 14 6 5 27 30 12
35 9 18 23 31 20 14 6 32 26 23
36 7 16 15 21 10 6 6 19 23 10
37 8 17 18 30 13 14 8 31 27 15
38 7 24 22 25 15 14 5 20 29 12
39 5 14 13 24 15 9 9 19 20 10
40 5 14 11 19 10 9 5 9 11 13
sum 302 736 676 1022 567 395 279 886 878 585

TABLE B.8: Saturation pattern based on booking data in November 2014
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Zone status inT1
on weekdays on weekends

Zone us bal ov us bal ov
1 1.1 0.5 98.4 2.3 0.0 97.7
2 1.6 1.6 96.8 1.1 9.2 89.7
3 3.2 4.3 92.5 3.4 12.6 83.9
4 0.0 0.0 100.0 0.0 0.0 100.0
5 2.7 0.5 96.8 2.3 3.4 94.3
6 84.9 11.3 3.8 97.7 2.3 0.0
7 1.1 1.1 97.8 1.1 1.1 97.7
8 47.5 20.9 31.6 53.0 26.5 20.5
9 1.1 2.2 96.8 2.3 4.6 93.1
10 1.1 1.1 97.8 0.0 3.4 96.6
11 6.5 29.0 64.5 14.9 18.4 66.7
12 1.6 1.1 97.3 1.1 1.1 97.7
13 0.5 2.7 96.8 2.3 2.3 95.4
14 1.6 5.4 93.0 6.9 18.4 74.7
15 2.7 9.7 87.6 10.3 32.2 57.5
16 2.2 9.1 88.7 10.3 19.5 70.1
17 0.5 0.5 98.9 1.1 10.3 88.5
18 1.6 3.2 95.2 2.3 10.3 87.4
19 0.5 1.1 98.4 1.1 1.1 97.7
20 12.0 44.3 43.7 32.9 38.8 28.2
21 1.1 0.5 98.4 1.1 2.3 96.6
22 1.1 7.5 91.4 6.9 29.9 63.2
23 5.4 9.7 84.9 12.6 27.6 59.8
24 1.1 0.0 98.9 1.1 1.1 97.7
25 0.5 1.1 98.4 2.3 2.3 95.4
26 78.4 18.9 2.7 89.7 10.3 0.0
27 1.6 1.1 97.3 1.1 1.1 97.7
28 0.5 0.0 99.5 0.0 2.3 97.7
29 0.0 0.0 100.0 0.0 0.0 100.0
30 4.3 5.4 90.3 12.6 36.8 50.6
31 1.6 0.5 97.8 0.0 3.4 96.6
32 2.2 10.8 87.1 3.4 11.5 85.1
33 2.7 16.1 81.2 13.8 27.6 58.6
34 0.5 5.9 93.5 0.0 5.7 94.3
35 1.6 10.8 87.6 6.9 26.4 66.7
36 0.5 2.7 96.8 0.0 2.3 97.7
37 1.1 2.2 96.8 4.6 18.4 77.0
38 4.3 14.0 81.7 10.3 21.8 67.8
39 1.1 1.1 97.8 0.0 8.0 92.0
40 3.8 1.1 95.1 3.4 4.6 92.0

TABLE C.1: Zone statuses in time slotT1 in percent for 2014
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Zone status inT2
on weekdays on weekends

Zone us bal ov us bal ov
1 3.8 1.1 95.1 0.0 2.3 97.7
2 20.5 46.5 33.0 1.1 2.3 96.6
3 43.8 51.9 4.3 2.3 0.0 97.7
4 1.1 1.1 97.8 0.0 0.0 100.0
5 4.3 10.3 85.3 2.3 1.1 96.6
6 100.0 0.0 0.0 83.9 13.8 2.3
7 13.0 33.0 54.1 2.3 0.0 97.7
8 78.9 16.0 5.1 45.2 17.9 36.9
9 9.3 9.3 81.4 2.3 2.3 95.5
10 4.9 3.8 91.4 1.1 0.0 98.9
11 66.5 23.2 10.3 5.7 18.2 76.1
12 4.9 13.0 82.2 0.0 2.3 97.7
13 7.7 9.3 83.1 0.0 2.3 97.7
14 34.8 37.5 27.7 0.0 1.1 98.9
15 67.0 31.9 1.1 2.3 4.5 93.2
16 55.4 38.6 6.0 3.4 4.5 92.0
17 25.9 39.5 34.6 0.0 0.0 100.0
18 40.0 47.6 12.4 1.1 0.0 98.9
19 4.9 16.8 78.3 0.0 1.1 98.9
20 96.7 3.3 0.0 5.7 21.8 72.4
21 11.9 36.2 51.9 0.0 1.1 98.9
22 64.9 32.4 2.7 0.0 23.9 76.1
23 71.4 22.7 5.9 4.5 12.5 83.0
24 7.6 11.4 81.1 0.0 1.1 98.9
25 3.2 15.1 81.6 0.0 1.1 98.9
26 100.0 0.0 0.0 64.4 32.2 3.4
27 20.7 53.8 25.5 0.0 1.1 98.9
28 15.7 43.2 41.1 0.0 0.0 100.0
29 2.7 0.5 96.8 0.0 0.0 100.0
30 86.5 13.5 0.0 4.5 6.8 88.6
31 21.1 55.1 23.8 0.0 1.1 98.9
32 51.9 45.9 2.2 1.1 2.3 96.6
33 42.7 40.0 17.3 0.0 9.1 90.9
34 22.3 50.5 27.2 0.0 4.5 95.5
35 65.9 33.0 1.1 0.0 3.4 96.6
36 14.1 25.4 60.5 0.0 3.4 96.6
37 41.8 50.5 7.6 0.0 2.3 97.7
38 58.4 35.1 6.5 2.3 5.7 92.0
39 11.9 38.9 49.2 0.0 2.3 97.7
40 13.0 32.6 54.3 3.4 2.3 94.3

TABLE C.2: Zone statuses in time slotT2 in percent for 2014
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Zone status inT3
on weekdays on weekends

Zone us bal ov us bal ov
1 3.8 0.5 95.7 2.3 1.1 96.6
2 19.9 35.5 44.6 34.5 42.5 23.0
3 43.5 43.0 13.4 54.0 41.4 4.6
4 1.1 0.5 98.4 0.0 2.3 97.7
5 6.5 6.5 87.1 8.0 14.9 77.0
6 98.4 1.6 0.0 100.0 0.0 0.0
7 11.3 26.3 62.4 17.2 35.6 47.1
8 69.1 24.2 6.7 85.9 11.8 2.4
9 10.3 11.4 78.3 16.1 10.3 73.6
10 3.2 4.3 92.5 5.7 6.9 87.4
11 53.2 31.2 15.6 54.0 34.5 11.5
12 4.3 14.5 81.2 6.9 31.0 62.1
13 6.0 8.7 85.3 10.3 8.0 81.6
14 25.8 39.2 34.9 42.5 47.1 10.3
15 67.2 29.0 3.8 72.4 27.6 0.0
16 51.1 41.4 7.5 78.2 20.7 1.1
17 10.8 41.9 47.3 43.7 40.2 16.1
18 32.3 51.6 16.1 52.9 40.2 6.9
19 4.9 11.9 83.2 5.7 14.9 79.3
20 89.6 10.4 0.0 96.5 3.5 0.0
21 5.9 26.3 67.7 12.6 49.4 37.9
22 58.6 37.1 4.3 80.5 17.2 2.3
23 48.9 41.4 9.7 70.1 25.3 4.6
24 7.5 9.1 83.3 4.6 21.8 73.6
25 2.2 8.1 89.8 10.3 42.5 47.1
26 100.0 0.0 0.0 100.0 0.0 0.0
27 9.7 44.6 45.7 32.2 58.6 9.2
28 12.4 46.8 40.9 19.5 46.0 34.5
29 1.6 1.6 96.8 0.0 2.3 97.7
30 82.2 17.3 0.5 83.9 16.1 0.0
31 22.0 53.8 24.2 36.8 52.9 10.3
32 44.6 48.9 6.5 64.4 35.6 0.0
33 16.7 53.8 29.6 74.7 21.8 3.4
34 17.7 41.4 40.9 37.9 43.7 18.4
35 53.2 41.4 5.4 50.6 42.5 6.9
36 16.7 20.4 62.9 13.8 26.4 59.8
37 23.8 44.9 31.4 71.3 28.7 0.0
38 39.2 48.4 12.4 42.5 46.0 11.5
39 12.4 30.8 56.8 16.1 40.2 43.7
40 10.3 26.5 63.2 19.5 31.0 49.4

TABLE C.3: Zone statuses in time slotT3 in percent for 2014
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Zone status inT4
on weekdays on weekends

Zone us bal ov us bal ov
1 4.3 1.1 94.6 2.3 0.0 97.7
2 41.4 46.2 12.4 33.3 43.7 23.0
3 73.1 26.9 0.0 56.3 41.4 2.3
4 1.6 1.1 97.3 0.0 2.3 97.7
5 11.8 16.7 71.5 8.0 20.7 71.3
6 100.0 0.0 0.0 100.0 0.0 0.0
7 26.5 35.1 38.4 23.0 31.0 46.0
8 90.5 7.8 1.7 85.7 11.9 2.4
9 14.0 22.0 64.0 17.2 16.1 66.7
10 8.1 11.8 80.1 6.9 6.9 86.2
11 80.6 10.8 8.6 69.0 17.2 13.8
12 14.0 36.6 49.5 10.3 28.7 60.9
13 10.3 10.3 79.3 11.5 6.9 81.6
14 54.8 39.8 5.4 28.7 49.4 21.8
15 91.9 8.1 0.0 71.3 27.6 1.1
16 87.1 12.4 0.5 73.6 25.3 1.1
17 40.9 49.5 9.7 50.6 32.2 17.2
18 71.5 22.6 5.9 56.3 37.9 5.7
19 9.7 27.6 62.7 4.6 13.8 81.6
20 100.0 0.0 0.0 97.7 2.3 0.0
21 24.2 47.3 28.5 11.5 50.6 37.9
22 93.5 5.4 1.1 82.8 14.9 2.3
23 84.9 11.8 3.2 72.4 21.8 5.7
24 10.2 29.6 60.2 3.4 23.0 73.6
25 8.1 59.7 32.3 24.1 49.4 26.4
26 100.0 0.0 0.0 100.0 0.0 0.0
27 51.1 46.8 2.2 40.2 50.6 9.2
28 38.7 48.4 12.9 19.5 52.9 27.6
29 1.6 1.6 96.8 0.0 2.3 97.7
30 98.9 1.1 0.0 88.5 11.5 0.0
31 54.3 41.4 4.3 21.8 59.8 18.4
32 89.2 10.8 0.0 72.4 27.6 0.0
33 71.5 25.8 2.7 66.7 24.1 9.2
34 43.0 50.0 7.0 27.6 51.7 20.7
35 86.0 14.0 0.0 54.0 39.1 6.9
36 27.4 33.9 38.7 16.1 27.6 56.3
37 79.0 21.0 0.0 82.8 17.2 0.0
38 82.8 15.6 1.6 44.8 46.0 9.2
39 26.9 53.2 19.9 23.0 40.2 36.8
40 19.6 41.8 38.6 19.5 25.3 55.2

TABLE C.4: Zone statuses in time slotT4 in percent for 2014
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Zone status inT5
on weekdays on weekends

Zone us bal ov us bal ov
1 2.2 1.1 96.8 2.3 0.0 97.7
2 8.6 21.0 70.4 9.2 18.4 72.4
3 19.9 35.5 44.6 31.0 37.9 31.0
4 0.5 0.5 98.9 0.0 0.0 100.0
5 4.3 7.5 88.2 4.6 8.0 87.4
6 98.4 1.6 0.0 100.0 0.0 0.0
7 6.5 8.6 84.9 3.4 21.8 74.7
8 71.7 18.3 10.0 79.8 11.9 8.3
9 4.3 5.9 89.7 5.7 10.3 83.9
10 3.2 4.3 92.5 2.3 4.6 93.1
11 47.3 33.3 19.4 44.8 33.3 21.8
12 3.2 4.8 91.9 2.3 6.9 90.8
13 5.4 5.4 89.2 4.6 5.7 89.7
14 14.5 29.6 55.9 17.2 26.4 56.3
15 31.7 41.4 26.9 32.2 52.9 14.9
16 32.3 48.4 19.4 28.7 48.3 23.0
17 8.1 28.0 64.0 14.9 42.5 42.5
18 15.6 46.2 38.2 9.2 46.0 44.8
19 3.2 2.2 94.6 2.3 6.9 90.8
20 76.0 23.5 0.5 75.3 18.8 5.9
21 3.2 10.8 86.0 3.4 8.0 88.5
22 27.4 57.5 15.1 23.0 58.6 18.4
23 31.2 45.2 23.7 49.4 36.8 13.8
24 3.2 7.0 89.8 2.3 3.4 94.3
25 1.6 9.1 89.2 4.6 18.4 77.0
26 100.0 0.0 0.0 98.9 1.1 0.0
27 6.5 30.1 63.4 9.2 35.6 55.2
28 2.2 8.1 89.8 2.3 17.2 80.5
29 0.0 1.1 98.9 0.0 0.0 100.0
30 47.6 36.2 16.2 50.6 35.6 13.8
31 4.8 25.3 69.9 0.0 31.0 69.0
32 19.9 41.4 38.7 18.4 47.1 34.5
33 26.3 39.8 33.9 29.9 40.2 29.9
34 4.3 24.7 71.0 5.7 28.7 65.5
35 22.0 46.2 31.7 14.9 44.8 40.2
36 6.5 12.9 80.6 3.4 16.1 80.5
37 11.8 41.9 46.2 26.4 49.4 24.1
38 25.3 45.2 29.6 25.3 41.4 33.3
39 4.3 12.9 82.8 5.7 14.9 79.3
40 7.0 10.2 82.8 9.2 12.6 78.2

TABLE C.5: Zone statuses in time slotT5 in percent for 2014
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under-supply balanced over-saturation
zone # occ. øs t1 ørT1 # occ. øs t1 ørT1 # occ. øs t1 ørT1

1 2 3.0 0.0 1 8.0 0.0 183 60.4 1.3
2 3 4.3 0.0 3 8.0 1.7 180 26.6 1.0
3 6 5.2 0.0 8 8.9 0.8 172 20.9 0.9
4 0 0.0 0.0 0 0.0 0.0 186 196.5 0.7
5 5 3.4 0.0 1 7.0 0.0 179 34.5 0.6
6 158 5.3 1.2 21 11.7 1.0 7 16.6 2.6
7 2 5.0 0.5 2 8.5 0.0 182 30.4 0.9
8 84 4.7 0.0 37 9.6 0.1 56 18.3 0.9
9 2 2.5 0.5 4 8.3 0.5 179 32.4 1.4
10 2 4.0 0.0 2 8.5 0.0 182 35.8 0.8
11 12 5.0 0.3 54 10.0 1.0 120 26.1 1.7
12 3 5.3 0.7 2 9.0 0.0 181 35.9 1.6
13 1 4.0 0.0 5 7.2 0.0 179 34.4 0.3
14 3 4.3 0.0 10 9.4 1.2 173 22.9 1.7
15 5 5.0 0.2 18 10.9 3.2 163 20.9 2.5
16 4 3.8 0.0 17 10.7 1.5 165 20.2 1.8
17 1 6.0 0.0 1 7.0 0.0 184 25.5 1.6
18 3 5.7 0.0 6 9.0 0.8 177 22.3 1.0
19 1 1.0 0.0 2 7.5 0.0 183 35.0 0.5
20 22 4.7 0.4 81 10.0 0.6 80 15.8 0.9
21 2 5.0 0.5 1 9.0 0.0 183 30.1 1.4
22 2 3.0 0.0 14 8.2 0.6 170 16.0 0.5
23 10 5.0 0.3 18 9.2 0.3 158 17.6 0.6
24 2 6.0 0.0 0 0.0 0.0 184 36.9 3.2
25 1 6.0 0.0 2 11.5 1.0 183 34.1 2.4
26 145 5.1 0.5 35 10.5 0.9 5 15.8 2.4
27 3 3.7 0.0 2 7.0 0.0 181 23.7 0.9
28 1 3.0 0.0 0 0.0 0.0 185 31.1 1.4
29 0 0.0 0.0 0 0.0 0.0 186 131.6 1.3
30 8 4.4 0.6 10 9.0 1.0 168 18.7 1.6
31 3 5.0 0.0 1 13.0 0.0 182 33.3 4.0
32 4 6.0 0.8 20 10.7 3.0 162 25.3 2.2
33 5 7.0 0.0 30 11.3 1.9 151 23.0 3.0
34 1 1.0 0.0 11 10.5 3.2 174 23.6 2.0
35 3 7.3 1.7 20 11.9 2.8 163 22.9 4.1
36 1 5.0 0.0 5 8.6 0.4 180 26.2 0.5
37 2 4.5 0.0 4 9.3 0.5 180 21.6 1.4
38 8 4.3 0.4 26 10.9 1.2 152 21.6 1.7
39 2 4.5 0.5 2 9.5 0.0 182 27.7 0.9
40 7 3.4 0.1 2 6.5 0.0 176 25.8 0.5

TABLE D.1: Zone status and related bookings in time slotT1 on weekdays
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under-supply balanced over-saturation
zone # occ. øs t2 ørT2 # occ. øs t2 ørT2 # occ. øs t2 ørT2

1 7 7.6 1.7 2 21.0 4.5 176 63.4 8.4
2 38 13.6 4.3 86 25.0 6.4 61 36.3 7.7
3 81 14.0 4.0 96 24.4 3.6 8 32.4 4.5
4 2 7.0 4.0 2 18.0 7.0 181 200.6 8.0
5 8 5.4 1.6 19 17.9 4.0 157 37.4 4.6
6 183 5.8 2.0 0 0.0 0.0 0 0.0 0.0
7 24 13.3 3.5 61 24.2 6.9 100 39.5 8.8
8 138 7.3 0.3 28 18.6 0.7 9 27.2 0.7
9 17 10.8 2.4 17 18.5 3.8 149 35.5 3.9
10 9 9.0 1.1 7 18.3 2.3 169 38.2 4.5
11 123 12.1 4.9 43 23.5 5.2 19 64.4 7.8
12 9 9.7 3.1 24 23.7 6.6 152 39.4 8.4
13 14 9.7 1.1 17 17.8 1.4 152 38.1 4.8
14 64 12.1 2.8 69 20.3 3.8 51 30.9 2.7
15 124 14.2 4.1 59 23.8 4.6 2 31.0 5.5
16 102 13.9 2.9 71 22.0 4.5 11 30.5 4.0
17 48 15.3 4.3 73 22.9 5.6 64 34.7 7.4
18 74 15.5 4.7 88 23.6 5.8 23 36.3 6.4
19 9 9.6 1.9 31 22.5 5.0 144 40.6 9.1
20 175 12.0 4.2 6 24.5 8.2 0 0.0 0.0
21 22 14.7 4.0 67 24.3 6.6 96 35.6 6.5
22 120 12.8 2.0 60 20.3 3.9 5 35.0 3.6
23 132 12.9 3.3 42 21.6 4.5 11 32.1 1.4
24 14 11.1 3.5 21 23.7 4.6 150 38.7 6.8
25 6 8.7 2.7 28 19.3 6.9 151 34.1 7.0
26 183 5.8 0.7 0 0.0 0.0 0 0.0 0.0
27 38 14.8 4.7 99 22.9 7.3 47 31.2 7.9
28 29 18.7 6.4 80 28.6 10.4 76 39.0 12.7
29 5 14.6 9.2 1 27.0 10.0 179 136.6 15.7
30 160 16.7 7.3 25 28.2 10.2 0 0.0 0.0
31 39 18.8 7.7 102 30.6 11.3 44 42.0 13.9
32 96 18.9 8.8 85 30.5 9.4 4 42.3 13.5
33 79 11.9 3.3 74 20.7 3.6 32 30.9 4.5
34 41 12.2 2.9 93 20.2 2.8 50 30.2 2.9
35 122 14.7 4.3 61 24.2 5.8 2 37.0 5.5
36 26 11.9 3.5 47 21.0 5.5 112 32.8 4.7
37 77 15.3 4.6 93 23.5 6.5 14 33.9 6.4
38 108 13.5 5.2 65 22.8 6.0 12 35.7 8.9
39 22 12.6 3.8 72 23.0 5.8 91 34.2 6.6
40 24 9.5 1.7 60 20.6 3.3 100 32.0 3.5

TABLE D.2: Zone status and related bookings in time slotT2 on weekdays
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under-supply balanced over-saturation
zone # occ. øs t3 ørT3 # occ. øs t3 ørT3 # occ. øs t3 ørT3

1 7 7.6 2.4 1 17.0 6.0 178 60.7 9.4
2 37 10.8 3.6 66 20.3 4.8 83 30.6 6.0
3 81 12.3 3.9 80 22.2 4.4 25 28.4 4.0
4 2 9.0 12.5 1 15.0 5.0 183 198.7 11.0
5 12 7.8 4.0 12 19.0 8.8 162 41.7 10.7
6 183 9.7 8.2 3 26.0 11.3 0 0.0 0.0
7 21 10.9 2.8 49 20.7 5.8 116 36.2 8.4
8 123 6.2 0.4 43 16.0 1.0 12 24.4 0.8
9 19 10.6 2.2 21 19.3 2.9 144 34.8 3.8
10 6 7.5 1.5 8 16.3 4.1 172 37.6 5.8
11 99 12.8 7.4 58 21.8 7.6 29 52.8 13.9
12 8 7.9 4.1 27 22.8 9.1 151 38.0 8.7
13 11 7.7 0.7 16 16.0 0.8 157 35.8 4.1
14 48 13.6 8.4 73 21.8 11.3 65 33.0 10.6
15 125 14.7 6.7 54 23.8 8.3 7 30.3 7.9
16 95 13.4 4.0 77 20.8 5.7 14 29.5 7.4
17 20 13.7 7.7 78 20.9 8.1 88 33.2 11.4
18 60 11.6 3.7 96 19.2 4.1 30 31.0 5.1
19 9 8.9 3.1 22 19.6 4.1 154 34.8 5.6
20 164 10.8 4.3 19 20.6 6.3 0 0.0 0.0
21 11 10.7 4.0 49 21.4 8.7 126 33.7 9.1
22 109 11.1 1.9 69 17.3 2.8 8 28.8 2.8
23 91 11.1 2.5 77 18.8 3.2 18 29.9 1.6
24 14 12.0 6.3 17 23.7 7.8 155 39.0 12.1
25 4 11.3 13.8 15 27.0 20.9 167 46.5 24.9
26 185 6.3 1.5 0 0.0 0.0 0 0.0 0.0
27 18 12.4 5.5 83 22.2 8.1 85 32.2 10.3
28 23 13.3 7.5 87 22.4 8.2 76 32.3 10.7
29 3 12.7 11.3 3 20.0 20.3 180 131.2 18.0
30 152 12.6 5.0 32 22.2 6.9 1 29.0 3.0
31 41 16.2 12.2 100 26.0 14.7 45 37.2 17.4
32 83 16.9 11.6 91 27.4 13.0 12 35.6 14.0
33 31 14.9 9.8 100 25.0 13.2 55 37.4 17.9
34 33 14.2 8.1 77 22.3 9.3 76 32.4 10.1
35 99 15.0 9.7 77 23.4 12.4 10 34.3 16.7
36 31 10.7 2.6 38 17.8 4.3 117 30.3 4.7
37 44 16.0 7.0 83 24.4 9.2 58 33.4 11.1
38 73 14.1 7.0 90 22.8 8.7 23 34.1 9.3
39 23 11.7 4.4 57 19.7 3.6 105 30.4 5.0
40 19 7.4 1.5 49 17.6 2.5 117 29.0 3.6

TABLE D.3: Zone status and related bookings in time slotT3 on weekdays
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under-supply balanced over-saturation
zone # occ. øs t4 ørT4 # occ. øs t4 ørT4 # occ. øs t4 ørT4

1 8 9.1 3.3 2 25.0 10.0 176 60.2 11.3
2 77 14.2 4.6 86 25.3 6.9 23 35.6 6.5
3 136 15.7 6.0 50 26.7 5.7 0 0.0 0.0
4 3 12.0 2.3 2 24.0 2.0 181 201.4 8.2
5 22 13.5 7.2 31 29.2 10.4 133 44.2 12.8
6 186 11.0 8.2 0 0.0 0.0 0 0.0 0.0
7 49 16.0 7.1 65 27.3 8.9 71 40.3 12.0
8 162 8.3 1.0 14 21.6 1.1 3 29.7 4.3
9 26 10.3 4.5 41 22.7 5.8 119 36.5 5.0
10 15 12.5 4.7 22 25.0 6.2 149 38.6 8.2
11 150 16.2 8.9 20 29.6 8.6 16 78.4 23.1
12 26 17.0 9.3 68 29.8 10.7 92 42.4 12.7
13 19 10.6 1.1 19 19.4 2.9 146 36.0 4.9
14 102 18.9 10.9 74 31.6 11.5 10 43.6 10.5
15 171 17.0 8.5 15 28.7 10.9 0 0.0 0.0
16 162 16.1 6.2 23 27.3 7.2 1 37.0 15.0
17 76 18.4 7.9 92 29.3 10.9 18 43.1 13.3
18 133 14.4 4.7 42 24.5 5.7 11 35.8 7.1
19 18 12.6 2.6 51 21.7 3.8 116 36.7 7.3
20 183 11.3 5.3 0 0.0 0.0 0 0.0 0.0
21 45 18.5 8.8 88 29.1 10.8 53 40.5 10.2
22 174 12.9 3.2 10 23.6 5.0 2 32.5 5.0
23 158 14.0 4.8 22 25.4 5.6 6 34.3 1.7
24 19 14.8 6.9 55 29.3 11.6 112 42.7 15.7
25 15 22.5 16.3 111 41.5 22.9 60 57.6 26.0
26 184 6.6 2.2 0 0.0 0.0 0 0.0 0.0
27 95 20.3 9.0 87 32.0 14.0 4 41.3 17.3
28 72 17.9 8.1 90 27.1 9.5 24 37.2 9.9
29 3 12.7 3.0 3 22.0 2.0 180 130.9 11.6
30 183 14.1 7.9 2 28.5 13.5 0 0.0 0.0
31 101 22.4 15.5 77 34.8 19.4 8 47.4 26.0
32 166 21.8 14.8 20 35.3 16.3 0 0.0 0.0
33 133 23.6 15.2 48 36.8 20.6 5 61.8 23.2
34 80 19.6 9.8 93 30.7 11.9 13 43.4 13.1
35 160 20.0 12.4 26 34.2 17.0 0 0.0 0.0
36 51 11.5 3.6 63 22.2 5.2 72 32.2 4.6
37 147 21.8 11.2 39 34.2 16.0 0 0.0 0.0
38 154 19.2 10.9 29 31.8 11.8 3 46.3 12.0
39 50 14.2 5.3 99 24.4 6.0 37 35.1 7.2
40 36 11.4 2.8 77 20.9 4.6 71 32.2 3.9

TABLE D.4: Zone status and related bookings in time slotT4 on weekdays
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under-supply balanced over-saturation
zone # occ. øs t5 ørT5 # occ. øs t5 ørT5 # occ. øs t5 ørT5

1 4 6.5 1.0 2 12.5 0.5 180 60.6 6.5
2 16 7.9 1.1 39 16.0 3.2 131 28.0 4.7
3 37 11.0 3.8 66 18.4 6.3 83 25.9 4.8
4 1 10.0 1.0 1 15.0 1.0 184 198.1 4.2
5 8 4.5 1.3 14 15.4 1.8 164 36.8 4.0
6 182 7.4 3.7 3 21.7 3.7 0 0.0 0.0
7 12 9.5 1.7 16 16.6 4.1 158 32.2 5.4
8 129 6.8 1.0 33 17.3 2.6 18 28.4 11.8
9 8 6.3 0.4 11 12.9 1.8 166 33.3 2.8
10 6 7.8 1.2 8 13.9 1.8 172 36.4 3.6
11 88 10.2 2.9 62 19.2 3.7 36 55.9 17.1
12 6 7.3 1.3 9 16.4 4.0 171 36.5 7.3
13 10 7.7 0.6 10 13.9 0.9 165 35.3 2.8
14 27 12.1 3.5 55 19.3 5.8 104 30.2 6.5
15 59 11.7 5.0 77 18.9 6.2 50 25.9 6.6
16 60 11.9 3.9 90 18.9 5.6 36 26.6 6.2
17 15 12.1 2.5 52 18.4 3.9 119 30.3 7.5
18 29 10.2 3.4 86 17.3 3.6 71 27.5 6.1
19 6 7.5 0.7 4 13.8 2.0 176 33.7 3.7
20 139 10.1 2.8 43 18.6 7.3 1 25.0 10.0
21 6 10.3 2.8 20 19.3 6.3 160 32.8 7.0
22 51 9.2 1.5 107 15.0 2.0 28 22.5 3.0
23 58 9.7 1.6 84 15.7 2.1 44 24.7 2.4
24 6 9.8 2.8 13 17.7 6.6 167 40.1 10.5
25 3 9.3 2.7 17 20.7 9.3 166 39.2 11.4
26 185 6.2 1.5 0 0.0 0.0 0 0.0 0.0
27 12 9.5 2.0 56 18.0 4.8 118 27.5 5.8
28 4 7.8 5.8 15 19.1 6.0 167 31.1 8.5
29 0 0.0 0.0 2 12.5 0.5 184 130.5 7.1
30 88 11.6 5.0 67 18.6 7.1 30 25.3 5.3
31 9 12.4 9.9 47 22.1 11.2 130 35.2 15.7
32 37 11.9 8.0 77 21.2 11.0 72 30.9 10.1
33 49 13.0 4.7 74 22.3 7.1 63 32.6 9.0
34 8 11.1 5.0 46 17.3 5.2 132 29.0 6.2
35 41 14.3 5.2 86 21.7 8.2 59 31.2 9.9
36 12 7.7 1.1 24 13.1 2.2 150 27.1 2.2
37 22 12.1 4.0 78 18.9 5.8 86 27.5 7.9
38 47 11.9 4.4 84 21.0 7.7 55 31.9 9.3
39 8 8.6 1.4 24 15.8 3.1 154 28.1 3.9
40 13 5.1 0.8 19 14.1 2.1 154 26.5 2.0

TABLE D.5: Zone status and related bookings in time slotT5 on weekdays
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under-supply balanced over-saturation
zone # occ. øs t1 ørT1 # occ. øs t1 ørT1 # occ. øs t1 ørT1

1 2 7.0 1.0 0 0.0 0.0 85 60.4 3.9
2 1 7.0 4.0 8 11.9 2.5 78 27.9 3.6
3 3 7.0 0.7 11 12.5 2.0 73 22.7 3.1
4 0 0.0 0.0 0 0.0 0.0 87 189.0 1.4
5 2 3.0 0.0 3 10.3 0.3 82 34.6 0.8
6 85 6.0 3.3 2 14.0 4.0 0 0.0 0.0
7 1 6.0 1.0 1 9.0 0.0 85 29.2 2.1
8 44 5.6 0.0 22 11.9 0.4 17 24.6 1.4
9 2 5.0 0.5 4 10.8 1.3 81 32.0 1.9
10 0 0.0 0.0 3 9.0 0.3 84 36.6 1.7
11 13 6.9 2.2 16 11.8 2.3 58 30.0 3.8
12 1 8.0 1.0 1 9.0 1.0 85 35.3 4.3
13 2 5.5 0.0 2 10.0 1.0 83 33.6 1.2
14 6 9.0 4.3 16 14.4 5.4 65 26.1 5.1
15 9 8.6 8.4 28 16.7 9.6 50 24.2 10.7
16 9 8.1 4.7 17 14.8 6.2 61 23.9 7.5
17 1 9.0 3.0 9 12.2 1.7 77 26.1 4.7
18 2 5.5 1.0 9 13.3 2.9 76 22.8 3.7
19 1 7.0 1.0 1 10.0 1.0 85 33.7 1.9
20 28 8.4 1.7 33 12.8 2.0 24 19.4 2.1
21 1 7.0 0.0 2 12.0 3.0 84 30.2 5.4
22 6 7.0 0.5 26 11.2 0.9 55 17.5 1.1
23 11 6.9 1.5 24 11.3 0.8 52 19.9 1.2
24 1 9.0 1.0 1 11.0 5.0 85 39.7 7.4
25 2 10.0 8.0 2 12.0 2.5 83 32.3 5.8
26 78 6.4 2.1 9 13.6 3.9 0 0.0 0.0
27 1 8.0 0.0 1 9.0 0.0 85 23.7 2.3
28 0 0.0 0.0 2 11.0 1.5 85 29.4 3.9
29 0 0.0 0.0 0 0.0 0.0 87 126.0 3.0
30 11 8.2 3.2 32 12.9 2.8 44 21.3 3.0
31 0 0.0 0.0 3 17.0 9.3 84 32.4 12.6
32 3 8.0 0.3 10 12.5 3.8 74 25.4 5.3
33 12 10.3 4.2 24 15.9 5.5 51 27.9 8.5
34 0 0.0 0.0 5 13.6 5.8 82 25.9 5.7
35 6 10.8 9.0 23 17.3 12.3 58 28.4 14.8
36 0 0.0 0.0 2 8.0 1.5 85 26.1 1.2
37 4 7.5 2.0 16 12.9 3.5 67 21.6 3.4
38 9 9.0 3.2 19 13.9 4.2 59 24.6 5.4
39 0 0.0 0.0 7 11.7 1.7 80 27.7 2.6
40 3 4.3 0.0 4 8.8 0.3 80 25.4 1.2

TABLE D.6: Zone status and related bookings in time slotT1 on weekends



212 Appendix D.

under-supply balanced over-saturation
zone # occ. øs t2 ørT2 # occ. øs t2 ørT2 # occ. øs t2 ørT2

1 0 0.0 0.0 2 7.5 0.5 86 61.4 2.4
2 1 7.0 0.0 2 9.0 0.5 85 26.7 2.2
3 2 5.5 0.0 0 0.0 0.0 86 20.6 0.9
4 0 0.0 0.0 0 0.0 0.0 88 188.5 1.5
5 2 2.5 0.0 1 9.0 1.0 85 35.4 1.1
6 73 4.0 0.3 12 9.2 0.4 2 14.0 0.5
7 2 5.5 1.5 0 0.0 0.0 86 31.5 2.1
8 38 4.9 0.0 15 8.7 0.2 31 16.5 0.3
9 2 3.0 0.0 2 10.0 0.0 84 31.8 1.2
10 1 5.0 1.0 0 0.0 0.0 87 36.8 1.2
11 5 5.2 0.6 16 8.9 0.6 67 25.1 1.2
12 0 0.0 0.0 2 7.5 0.0 86 35.7 2.2
13 0 0.0 0.0 2 7.0 0.5 86 34.5 1.3
14 0 0.0 0.0 1 9.0 0.0 87 21.8 0.8
15 2 5.5 2.0 4 8.5 1.0 82 19.6 1.4
16 3 4.7 0.0 4 7.3 0.3 81 18.7 0.9
17 0 0.0 0.0 0 0.0 0.0 88 24.7 1.7
18 1 5.0 0.0 0 0.0 0.0 87 21.3 1.3
19 0 0.0 0.0 1 9.0 1.0 87 35.5 1.8
20 5 4.2 0.6 19 8.2 0.8 63 14.4 1.0
21 0 0.0 0.0 1 9.0 0.0 87 29.6 1.4
22 0 0.0 0.0 21 10.0 0.5 67 17.1 0.7
23 4 4.5 0.0 11 8.6 0.8 73 17.5 1.0
24 0 0.0 0.0 1 10.0 0.0 87 38.7 1.5
25 0 0.0 0.0 1 8.0 1.0 87 31.9 2.0
26 56 5.1 0.2 28 9.4 0.2 3 14.0 0.0
27 0 0.0 0.0 1 9.0 0.0 87 24.5 1.3
28 0 0.0 0.0 0 0.0 0.0 88 30.9 2.3
29 0 0.0 0.0 0 0.0 0.0 88 127.5 3.3
30 4 5.3 1.0 6 9.3 1.2 78 18.8 2.3
31 0 0.0 0.0 1 10.0 2.0 87 30.4 3.4
32 1 6.0 4.0 2 9.5 2.0 85 25.7 3.2
33 0 0.0 0.0 8 8.1 0.4 80 20.0 1.1
34 0 0.0 0.0 4 8.5 0.5 84 22.9 0.8
35 0 0.0 0.0 3 8.7 2.0 85 21.8 1.7
36 0 0.0 0.0 3 7.7 0.7 85 27.4 1.3
37 0 0.0 0.0 2 9.0 0.5 86 20.8 1.5
38 2 7.0 0.0 5 9.6 0.6 81 21.7 1.2
39 0 0.0 0.0 2 7.5 0.0 86 28.1 1.7
40 3 3.7 0.0 2 8.0 0.0 83 26.2 0.8

TABLE D.7: Zone status and related bookings in time slotT2 on weekends
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under-supply balanced over-saturation
zone # occ. øs t3 ørT3 # occ. øs t3 ørT3 # occ. øs t3 ørT3

1 2 7.5 2.5 1 22.0 10.0 84 62.1 13.3
2 30 15.9 9.1 37 25.6 10.1 20 39.0 12.4
3 47 16.2 9.2 36 24.3 6.7 4 34.3 7.3
4 0 0.0 0.0 2 20.0 4.0 85 193.3 8.9
5 7 10.9 5.4 13 22.8 6.3 67 39.2 8.2
6 87 5.6 5.4 0 0.0 0.0 0 0.0 0.0
7 15 14.3 4.5 31 25.1 10.9 41 39.2 12.4
8 73 7.8 1.7 10 20.4 4.9 2 28.0 3.5
9 14 11.3 3.0 9 17.9 5.2 64 36.4 6.4
10 5 10.4 6.2 6 22.7 7.7 76 39.4 9.0
11 47 12.3 6.2 30 23.0 7.3 10 69.1 20.8
12 6 13.7 9.0 27 26.0 11.2 54 41.4 13.0
13 9 11.2 3.3 7 19.1 4.0 71 37.9 6.4
14 37 14.9 10.1 41 24.7 9.6 9 37.7 11.4
15 63 15.9 8.0 24 24.9 9.8 0 0.0 0.0
16 68 14.9 8.1 18 25.4 9.9 1 36.0 19.0
17 38 17.8 7.9 35 26.7 9.5 14 39.2 14.8
18 46 15.7 8.0 35 24.1 9.3 6 39.2 11.5
19 5 13.2 5.4 13 22.2 7.2 69 38.7 8.8
20 83 12.1 6.2 3 24.0 6.0 0 0.0 0.0
21 11 17.5 8.6 43 25.9 9.8 33 37.4 12.7
22 70 13.7 4.1 15 21.3 4.9 2 31.0 8.5
23 61 13.0 4.1 22 21.7 4.5 4 35.3 1.3
24 4 16.3 9.5 19 26.6 12.8 64 43.4 15.9
25 9 16.3 9.6 37 28.1 14.7 41 40.5 16.6
26 87 6.8 2.4 0 0.0 0.0 0 0.0 0.0
27 28 17.2 8.7 51 25.9 8.5 8 35.9 14.9
28 17 19.5 9.8 40 28.0 14.8 30 38.9 18.7
29 0 0.0 0.0 2 19.0 5.5 85 130.3 15.3
30 73 15.1 8.0 14 26.6 12.6 0 0.0 0.0
31 32 21.7 15.1 46 31.7 23.5 9 43.8 25.8
32 56 20.6 15.3 31 31.4 18.5 0 0.0 0.0
33 65 15.2 9.9 19 27.3 10.6 3 40.7 12.0
34 33 15.3 7.9 38 23.5 8.0 16 33.6 7.3
35 44 16.9 8.5 37 24.8 11.0 6 37.5 11.8
36 12 12.3 4.1 23 20.1 5.7 52 33.2 6.4
37 62 17.2 7.5 25 27.6 10.6 0 0.0 0.0
38 37 16.2 7.8 40 25.7 7.1 10 35.9 10.2
39 14 14.9 6.4 35 23.8 8.0 38 35.2 10.6
40 17 11.5 3.6 27 21.5 5.2 43 31.8 6.0

TABLE D.8: Zone status and related bookings in time slotT3 on weekends
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under-supply balanced over-saturation
zone # occ. øs t4 ørT4 # occ. øs t4 ørT4 # occ. øs t4 ørT4

1 2 7.5 1.5 0 0.0 0.0 85 59.2 9.0
2 29 14.6 6.3 38 24.5 6.7 20 37.9 8.4
3 49 15.8 5.9 36 26.0 6.4 2 35.0 8.0
4 0 0.0 0.0 2 20.0 0.5 85 191.7 5.1
5 7 12.0 4.1 18 25.1 9.4 62 41.1 8.2
6 87 8.1 4.9 0 0.0 0.0 0 0.0 0.0
7 20 14.5 3.3 27 23.3 6.7 40 35.9 7.1
8 72 8.8 1.6 10 23.3 9.5 2 32.0 9.5
9 15 11.4 2.9 14 19.6 4.4 58 37.1 5.1
10 6 13.5 5.3 6 22.3 6.5 75 38.7 6.0
11 60 13.7 4.1 15 25.1 4.0 12 82.3 26.8
12 9 14.3 6.3 25 25.5 5.8 53 41.7 9.9
13 10 11.5 1.4 6 18.2 1.3 71 36.7 4.0
14 25 15.1 4.7 43 27.3 9.2 19 38.5 14.0
15 62 15.8 5.9 24 25.3 7.3 1 35.0 20.0
16 64 15.3 5.6 22 25.3 7.1 1 34.0 5.0
17 44 17.3 4.9 28 26.6 7.5 15 43.3 12.8
18 49 15.8 5.1 33 25.0 9.2 5 40.0 11.0
19 4 11.0 1.3 12 20.8 3.2 71 36.7 6.0
20 84 11.9 3.9 2 24.0 5.0 0 0.0 0.0
21 10 16.2 5.3 44 26.5 8.8 33 37.6 8.1
22 72 13.1 2.6 13 21.0 4.1 2 30.5 6.5
23 63 12.6 2.3 19 21.6 3.1 5 33.2 0.4
24 3 14.7 5.3 20 26.4 10.2 64 44.2 13.1
25 21 22.3 10.3 43 35.4 13.3 23 48.9 18.2
26 87 8.1 3.1 0 0.0 0.0 0 0.0 0.0
27 35 18.7 7.5 44 26.6 6.5 8 38.0 14.4
28 17 17.5 7.0 46 25.5 8.2 24 35.6 12.6
29 0 0.0 0.0 2 18.0 1.5 85 126.9 9.8
30 77 13.4 6.1 10 25.7 7.3 0 0.0 0.0
31 19 20.4 9.6 52 29.6 15.2 16 40.8 20.6
32 63 19.3 10.9 24 30.6 11.1 0 0.0 0.0
33 58 18.6 7.5 21 31.1 12.9 8 46.8 19.6
34 24 16.6 3.9 45 26.3 7.1 18 36.8 9.7
35 47 19.2 7.4 34 29.4 10.6 6 43.2 12.7
36 14 12.2 3.3 24 19.9 3.5 49 31.6 3.8
37 72 16.2 5.5 15 26.9 6.6 0 0.0 0.0
38 39 17.1 6.3 40 27.6 7.2 8 37.3 9.9
39 20 15.5 4.5 35 24.5 6.0 32 35.2 8.7
40 17 10.5 1.7 22 19.2 3.3 48 29.9 3.6

TABLE D.9: Zone status and related bookings in time slotT4 on weekends
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under-supply balanced over-saturation
zone # occ. øs t5 ørT5 # occ. øs t5 ørT5 # occ. øs t5 ørT5

1 2 7.5 0.0 0 0.0 0.0 85 59.7 5.6
2 8 10.0 1.9 16 16.6 3.1 63 29.4 4.4
3 27 13.3 3.6 33 21.6 4.5 27 28.9 5.5
4 0 0.0 0.0 0 0.0 0.0 87 188.6 2.5
5 4 6.0 0.5 7 16.3 0.4 76 36.8 2.5
6 87 6.9 2.1 0 0.0 0.0 0 0.0 0.0
7 3 8.3 0.7 19 16.3 2.3 65 32.0 3.5
8 67 8.1 0.9 10 19.3 2.2 7 39.3 15.6
9 5 7.4 0.6 9 13.2 0.8 73 33.6 2.2
10 2 8.0 1.5 4 14.5 1.3 81 36.9 2.8
11 39 10.9 2.1 29 20.9 2.9 19 63.8 20.4
12 2 7.5 0.5 6 18.8 4.7 79 37.4 6.6
13 4 7.8 0.0 5 12.6 0.6 78 34.7 1.9
14 15 12.3 2.5 23 19.3 3.4 49 29.5 3.7
15 28 12.3 3.3 46 20.3 5.1 13 27.8 5.8
16 25 11.6 3.3 42 18.8 4.1 20 28.0 5.9
17 13 13.2 1.9 37 19.7 4.0 37 34.4 8.1
18 8 9.9 3.0 40 16.9 2.8 39 26.7 4.0
19 2 8.0 0.0 6 16.0 1.3 79 34.5 2.8
20 64 10.9 2.2 16 18.8 4.6 5 23.4 3.8
21 3 10.0 1.3 7 18.0 4.6 77 31.7 4.8
22 20 8.7 1.0 51 14.9 1.6 16 21.5 2.4
23 43 10.7 1.1 32 17.7 1.5 12 28.7 1.1
24 2 11.0 1.0 3 20.7 5.0 82 41.1 6.9
25 4 12.8 2.3 16 21.1 4.4 67 36.3 6.5
26 86 7.2 0.9 1 19.0 8.0 0 0.0 0.0
27 8 13.1 1.8 31 19.9 3.5 48 27.5 3.8
28 2 11.0 3.0 15 18.5 2.0 70 31.1 6.6
29 0 0.0 0.0 0 0.0 0.0 87 124.8 5.1
30 44 11.2 3.5 31 18.3 4.0 12 26.4 4.9
31 0 0.0 0.0 27 22.0 6.9 60 34.1 11.8
32 16 12.8 6.8 41 21.3 7.2 30 29.6 7.1
33 26 13.0 2.0 35 21.7 4.5 26 33.9 7.0
34 5 12.2 3.8 25 20.1 3.0 57 29.8 4.0
35 13 14.0 3.5 39 22.5 6.2 35 32.6 6.9
36 3 9.3 2.0 14 13.3 1.4 70 28.2 2.1
37 23 12.5 2.6 43 18.9 3.8 21 27.8 4.7
38 22 13.6 4.0 36 21.4 4.7 29 31.3 7.6
39 5 10.4 1.4 13 17.6 2.1 69 28.8 3.4
40 8 7.1 0.5 11 14.6 1.4 68 27.0 1.7

TABLE D.10: Zone status and related bookings in time slotT5 on weekends
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